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Abstract
The Yeşilırmak River Basin in northern Türkiye is crucial for the region’s water supply, agriculture, hydroelectric power genera-
tion, and clean drinking water. The primary goal of this study is to determine which modeling approach is most appropriate for 
various locations within the basin and how well meteorological data can predict river flow rates. Hydrological and meteorological 
forecasting both depend on the prediction of river flow rates. An artificial neural network (ANN), Univariate and Multivariate Long 
Short-Term Memory (LSTM) models have been utilized for streamflow forecasting. This research aims to determine the best model 
for several provinces in the basin area and give decision-makers a tool for reliable river flow rate estimates by combining LSTM and 
ANN models. According to research findings, the supervised multivariate LSTM model performed better than the unsupervised 
model in accuracy and precision. The sliding window methodology is suitable for estimating river flow based on meteorological 
datasets because it offers a primary method for reinterpreting time-series data in a supervised learning style. Compared to LSTM 
models, the ANN model that has been statistically optimized through experiments (DoE) design performs better in forecasting the 
river flow rate in the Yeşilırmak River basin (R2 = 0.98, RMSE = 0.18). The study’s findings provided prospective cognitive models 
for the strategic management of water resources by forecasting future data from flow monitoring stations.

Keywords  Artificial neural network · Design of experiments · Long short-term memory · River flow rate · Sliding window 
methodology

Introduction

Many studies have been conducted on the Yeşilırmak river 
basin in northern Türkiye. Türkiye ‘s Yeşilırmak River Basin 
is essential for the region’s water supply. It represents a lifeline 
for 38,730 square kilometers and several provinces (Kurunç 
et al. 2005). The basin is vital to agriculture, hydroelectric 
power generation, and providing clean drinking water to mil-
lions of people. The Yeşilırmak River’s flowing waters facili-
tate the development of clean and renewable energy, reducing 
the need for fossil fuels and reducing the impact of power gen-
eration on the environment. Several dams and power facili-
ties capture the river’s energy, supplying electricity to local 
towns and provinces. This clean and sustainable energy source 
decreases dependency on fossil fuels and adds to Türkiye ‘s 
efforts to tackle climate change (Erat et al. 2021). The basin’s 
significance goes beyond its borders since it is a critical water 
supply for neighboring regions (Darama and Seyrek 2016). 
Numerous studies have demonstrated that univariate LSTM 
forecasting of river flow rate using historical data outperforms 
conventional models (Chen et al. 2021; Liu et al. 2021b; Silva 
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et al. 2021). It has been discovered that the use of LSTM for 
forecasting is beneficial in many areas, including flood fore-
casting (Le et al. 2019; Ha et al. 2021), hydropower opera-
tions (Guo et al. 2021), and the creation of garbage from urban 
building (Huang et al. 2020).

Additionally, the relationship between climatic factors and 
river flow rate concerning worldwide river temperatures, river 
flow variations, and susceptibility to atmospheric warming 
has been studied (Vliet et al. 2011). Conversely, supervised 
extended short-term memory models have also shown to be 
successful in many applications. For example, structurally 
supervised models outperformed the LSTM model in few-
shot learning and syntactic generalization in neural language 
models (Wilcox et al. 2020). Moreover, supervised LSTM 
models were applied to anomaly detection (Ergen and Kozat 
2020). Conclusively, unsupervised long short-term mem-
ory (LSTM) models have demonstrated potential in several 
domains, including time series forecasting, driving maneuver 
recognition, video summarization, and voice segmentation. 
Nevertheless, supervised LSTM models have succeeded in 
language modeling, anomaly detection, and syntactic gen-
eralization. Both strategies offer advantages over the other 
and can be used in various situations depending on the task’s 
needs and the availability of labeled data.

According to research by Sagheer and Kotb (2019), unsu-
pervised pre-training improves the model’s performance 
more than supervised training of a deep LSTM-based stack-
ing autoencoder. Comparably, Maillard et al. (2019) discov-
ered that distinct parameters are used by the fixed-branching, 
supervised, and unsupervised Tree-LSTM models, reflecting 
variations in the training strategies and model topologies. 
Moreover, Li and colleagues (2021) showed that semi-super-
vised LSTM might get outcomes identical to the supervised 
technique with far fewer labeled data, underscoring the pos-
sibility of unsupervised or semi-supervised methods attain-
ing comparable performance to supervised methods.

Long Short-Term Memory (LSTM) models, both uni-
variate and multivariate, have been extensively utilized and 
demonstrated efficacy in several domains, such as stream-
flow prediction and flood forecasting (Le et al. 2019). These 
models offer potential for practical applications in river flow 
rate forecasting since they have proven appropriate for short-
term water situation forecasts (Liu et al. 2021a). Studies have 
shown that utilizing recent discharge measurements in uni-
variate LSTM models can improve streamflow prediction 
accuracy and insights. A three-layer univariate LSTM net-
work was employed in an urban construction waste genera-
tion research for time-series forecasting, corroborating the 
versatility and efficacy of univariate LSTM models across 
many fields (Huang et al. 2020).

On the other hand, streamflow forecasting has also 
investigated multivariate LSTM river flow rate forecasting 
using meteorological data. It is noteworthy that multivariate 

LSTM models have demonstrated potential in forecasting 
water flow. As an illustration of its potential, Silva et al. 
(2021) implemented a water flow forecasting study using 
a multivariate LSTM network on river tributaries. Wojtk-
iewicz et al. (2019) also noted that LSTM performed better 
than other models in univariate and multivariate tests. This 
suggests that the decision between univariate and multivari-
ate LSTM models may rely on particular forecasting require-
ments and data features. These results validate that LSTM 
models can potentially be valuable tools for forecasting 
when using meteorological data (Nguyen et al. 2021). This 
research aims to determine the best model for six provinces 
in the basin area and give decision-makers a tool for reliable 
river flow rate estimates by comparing Long Short-Term 
Memory (LSTM) and artificial neural network (ANN) mod-
els. The research aims to answer questions about the efficacy 
of using meteorological data to estimate the river flow rate 
in the Yeşilırmak river basin and which modeling technique 
is most suited for different locations on the tributaries of 
the Yeşilırmak River. The findings of this study reveal that, 
while the ANN model has shown remarkable promise, the 
LSTM model is superior in forecasting river flow rates when 
meteorological data is also used.

Methodology

Handling this rich resource is vital to maintaining its sustain-
ability for future generations. Figure 1 shows the observa-
tion points for the meteorological and flow rate data in six 
provinces in the Yeşilırmak River basin. The streamflow 
stations are D14A014 in Samsun, D14A024 in Amasya, 
D14A062 in Tokat, D14A080 in Yozgat, E14A014 Amasya, 
and E14A022 in Gümüşhane while the meteorological ones 
are Çorum, Samsun, Amasya, Tokat and Gümüşhane. The 
details of the stations are shown in Table 1. The closest 
meteorological station to the streamflow station was used to 
estimate streamflow data with meteorological data.

This research aims to look at the ability of meteorological 
data to forecast river flow rate in the Yeşilırmak river basin 
and to find the best modeling technique for different places 
within the basin. We propose that combining meteorologi-
cal data with LSTM and ANN models would increase the 
accuracy of river flow rate estimates in the Yeşilırmak river 
basin compared to existing time series models that do not 
include meteorological data.

Time series analysis is a statistical method for examining 
and projecting a variable’s behavior across time. Time series 
data are used to look for patterns, trends, and correlations in 
the data. They are collected regularly, such as daily, monthly, 
or annually (Papacharalampous et al. 2021). Time series anal- 
ysis is frequently used to anticipate future variables of interest 
and make well-informed judgments based on previous data in 
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various fields, including engineering, economics, finance, and 
environmental research. The LSTM model was implemented 
based on its capacity to manage seasonal data.

First, correlation analysis was used to understand the rela-
tionship between the measured values better. As a result, 
the association between river flow levels and meteorologi-
cal data was discovered. Supplementary Figure S1, as the 
supporting information, shows the correlation values for 
the observed parameters for the six measurement loca-
tions: D14A014 Samsun, D14A024 Amasya, D14A062 

Tokat, D14A080 Yozgat, E14A014 Amasya, and E14A022 
Gümüşhane, respectively. Seven meteorological parameters: 
Solar Hour (h), Humidity (g/m3), Wind Speed (m/s), Aver-
age Temperature (℃), Maximum Temperature (℃), Mini-
mum Temperature (℃), and Rain (mm/d), also Flow Rate 
(m3/s) were measured daily for all six observation points. 
Because the Yeşilırmak River flows through numerous prov-
inces, flow measurements from six distinct provinces and 
climatic data from these provinces were used. Daily meas-
ured data spanning many years (01/09/1983–30/09/2020) 
were employed in the analyses. The final 20% of the data 
(02/05/2013–30/09/2020) was used to assess the success of 
the applied approaches. The correlation between meteoro-
logical indicators and river flow data is relatively low. This 
is true for all six observation stations. JMP-PRO was used to 
carry out correlation analysis and ANN implications.

In general, the process of choosing meteorological variables 
for AI models necessitates a thorough evaluation of various 
aspects, including the quality of historical data, the impact of 
subjective decisions on model uncertainty, the need to correct 
systematic biases in climate simulations (Velázquez-Zapata 
2019), and the importance of precipitation as a fundamental 
meteorological variable in hydrological modeling (Khôi and 
Suetsugi 2014). The most suitable meteorological and hydro-
logical data were selected for the developed models utilizing 
correlation analysis to identify any relationships or dependen-
cies between the data. Therefore, careful selection has been 
made of meteorological and hydrological data that may pro-
duce the best model outcomes.

Fig. 1   The observation points 
for the meteorological and flow 
rate data in six provinces in the 
Yeşilırmak River basin

Table 1   The details of hydro-meteorological stations

Streamflow stations

Latitude-Longitude Altitude (m)
Station name
  D14A014 36°11’43” E- 41°17’10” N 140
  D14A024 35°53’9” E- 40°34’7” N 502
  D14A062 36°16’26” E − 40°6’56” N 1232
  D14A080 36°2’18” E- 39°47’57” N 1193
  E14A014 36°6’56” E- 40°25’59” N 510
  E14A022 39°18’42” E- 40°6’55” N 1350

Meteorological stations
  17085-Amasya 35°83’53” E- 40°66’68” N 409
  17086-Tokat 36°55’77” E- 40°33’12” N 611
  17084-Çorum 34°93’62” E- 40°54’61” N 776
  17030-Samsun 36°25’64” E- 41°34’42” N 4
  17088-Gümüşhane 39°46’53” E- 40°45’98” N 1216
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The data was subjected to a series of preprocessing steps 
to prepare it for deep learning models. In the literature, pre-
processing steps include cleaning, sliding window, label, 
Piece-wise aggregate approximation / symbolic aggregate 
approximation, and word embedding steps (Florian et al. 
2021; Naduvil-Vadukootu et al. 2017). In this research, pre-
processing data includes data cleansing. In the data cleaning 
step, missing and contradictory data were detected. Inter-
polation methods corrected these data. Data transforma-
tion, feature selection, normalization, reduction, and other 
processes are included in data pretreatment, whereas data 
cleaning focuses on finding and fixing flaws in the data-
set. The sliding window model was also used throughout 
the preprocessing stages to prepare the sequential data. The 
status of the data was observed using Exploratory Data 
Analysis methods. The relationships between pairs of vari-
ables were examined using correlation analysis to find any 
dependencies or correlations between them. Since the LSTM 
analyses were done in Matlab, the data was scaled between 
− 1 and 1 before being entered into the input cell using the 
mapminmax function, one of Matlab’s data preprocess-
ing methods. Solar hour, humidity, wind speed, Average 
Temperature (Avg. T.), Maximum Temperature (Max. T.), 
Minimum Temperature (Min. T.), Rain, and Discharge Qt-1, 
Qt-2, Qt-3, Qt-4, and Qt-5 were input parameters to predict 
Discharge Qt.

In this study, the optimized Artificial Neural Network 
(ANN) architectures were created using the Design of 
Experiments (DoE) and consisted of two hidden layers and 
20 different number combinations of activation functions 
at various node counts, as shown in Supplementary Table 
ST-1. The LSTM model was created with one 100-unit 
LSTM layer and one dense layer. While creating the model, 
the over-fitting situation was checked, and model layers 
were determined to be the most optimum situation.Wald-
ner’s (2020) work covers many of the most common splitting 
criteria and ratios used in cross-validation. These include 
hold-out, block hold-out, class, and space-based stratifica-
tion, and split ratios such as 67:33 and 80:20. In this study, 
the training and test datasets for hold-out cross-validation 
were divided into different ratios, such as 64:16:20 for ANN 
training, validation, and testing. For all LSTM models, the 
training and test set ratios were 80:20.

Improving the performance of Artificial neural 
networks (ANN) through the design of experiments 
(DoE)

Finding the ideal Artificial Neural Network (ANN) design 
requires systematically examining the links between the 
inputs and model outputs to maximize the performance 
of an ANN utilizing the Design of Experiments (DoE) 
(Rodriguez-Granrose et al. 2021). It is essential to identify 

its optimum parameters by applying DoE approaches to 
improve the performance of the ANN model (Khoshdel 
and Akbarzadeh 2016). It has been demonstrated that using 
DoE and Taguchi approaches to train and build ANNs may 
provide robust designs and statistical analyses that guaran-
tee confidence in the best possible design (Ortiz-Rodríguez 
et al., 2006; Lin et al. 2011).

Moreover, utilizing DoE to optimize ANN parameters 
like neuron counts and activation functions might enhance 
the model’s accuracy and performance (Rodriguez-Gran-
rose et al. 2021). Furthermore, it has been demonstrated 
that the application of Genetic Algorithms (GA) signifi-
cantly enhances the performance of ANN and optimizes 
initial weights (Arabgol and Ko 2013; Chang et al. 2012). 
Furthermore, Winiczenko et al. (2016) have shown that the 
Response Surface Method with GA optimization of ANN 
topology results in a predictive model with the best mean 
squared error performance on validation samples. It is essen-
tial to remember that optimizing ANN parameters—like 
learning rate and the number of neurons in hidden layers—is 
vital to getting the best results from the ANN classifier (Raza 
et al. 2016). Supplementary Table S1, as the supporting 
information, shows the ideal ANN architecture combinations 
with the number of nodes in two layers through the twenty 
runs in the DoE. The two-layered ANN structure contains 
the hyperbolic tangent (TanH), Linear (Lin), and Gaussian 
(Gauss) activation functions. Twenty different ANN archi-
tectures were created for each of the six locations in the 
Yeşilırmak River basin.

Univariate and Multivariate Long Short‑Term 
memory (LSTM) models

Recurrent Neural Networks (RNN) are artificial neural net-
works with memory units. Time series analysis makes exten-
sive use of RNN. In applications requiring long-term learn-
ing, basic RNN topologies are inefficient. To address this 
issue, LSTM structures were derived from RNN structures 
(Hochreiter and Schmidhuber 1997). While LSTM saves 
information for later use, it also protects the old signal from 
the gradient extinction issue. This system is constructed by 
supplementing the simple RNN structure with an extra data 
stream that transmits information over time.

The fundamental RNN structure employs the values from 
the preceding stage in each loop step. The LSTM structure 
is created by including the c (transport) connection. Data is 
integrated into the system from the in (input) component and 
acquired from the out (output) part. Each block, denoted as 
s (state), reflects the knowledge that LSTM has learned thus 
far. The time value is represented by t (see Fig. 2).

In this work, we employed a single-layer 100-dimensional 
LSTM and a single-layer one-dimensional flatten structure 
in the multi-input teacherless learning RNN structure. This 
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network was created using the Mean Absolute Error (MAE) 
loss function and the Adaptive Moment Estimation (ADAM) 
optimizer. The network was trained using 500 epochs. The 
hyperparameters have been fine-tuned for the best possible 
result.

Supervised and unsupervised LSTM

Unsupervised LSTM models have been used to identify 
driving movements, using a significantly smaller amount  
of labeled data to reach results comparable to the super-
vised approach (Li et al. 2021; Sagheer and Kotb 2019). 
Additionally, unsupervised LSTM models have been used 
for video summarization, where they have shown greater 
performance than most published supervised techniques and 
have surpassed other state-of-the-art unsupervised methods 
(Zhou et al. 2018). Furthermore, being the first models to 
perform well on both symbolic and acoustic representations 
of speech, unsupervised LSTM models have demonstrated 
effectiveness in speech segmentation (Elsner and Shain 
2017). On the other hand, in some cases, supervised LSTM 
models have demonstrated better performance. Compared 
to the most advanced sequential LSTM language models, 
supervised generative models have produced the most well-
known parsing findings and reduced perplexity in language 
modeling (Dyer et al. 2016).

The sliding window approach in time series analysis

Converting time series data into a format appropriate for 
supervised learning is a commonly employed approach 
known as the sliding window method (Derot et al. 2020; 
Huang et al. 2022; Peng et al. 2021). Lv et al. (2021) and 
Vafaeipour et  al. (2014) highlight the sliding window 
approach for breaking down time series data into smaller 
pieces that can be used for statistical feature extraction or 
prediction. The time-series data must be reframed into a 
supervised learning format to anticipate river flow using 

meteorological data and the sliding window approach (Meng 
et al. 2022; Shin and Yi 2019). The sliding window approach 
has been integrated with a deep-learning runoff model-based 
meteorological forecast for a hydrological early warning sys-
tem (Fuente et al. 2019). It has also been utilized in flood 
forecasting, which is employed to power a river routing 
model that generates river flow predictions several months 
in advance (Emerton et al. 2019).

Results

In a time series, the explanatory variables are the number of 
previous values to that time period represented by the given 
lag, and the predictor variable is the observation at a certain 
time. The sliding window approach refers to the process of 
predicting the future time step by using previous time steps. 
For over 37 years, the Yeşilırmak River basin recorded daily 
flow rates and meteorological data. The predictor variable 
is the observation at a specific time, and the explanatory 
variables are the number of prior values to that time period 
represented by the specified lag. For this reason, a model 
with a high lag correlation coefficient at a 5-day lag was used 
in this investigation.

 In this study, the performance of ANN was significantly 
enhanced by methodically examining the links between 
inputs and outputs. The accuracy and robustness of the model 
improved through optimizing ANN performance via the Design 
of Experiments (DoE). Even in cases where trained neural net-
works diverge due to unpredictability in initial weights, the use 
of DoE and statistical analysis can result in effective optimiza-
tion and confidence in the ideal design of ANN (Inohira and 
Yokoi 2007). Table 2 shows the results of the ANN analysis 
through the twenty runs in the DoE. Figure 3 shows the best fit 
through the ANN predictions for six observation points.

Long Short-Term Memory (LSTM) neural networks have 
been successfully applied in several domains, including 

Fig. 2   The architecture of the 
LSTM model that was imple-
mented for this study
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Table 2   Statistical metric R2 for 
the sorted ANN analysis results 
through the twenty runs in the 
DoE

Observation Point DoE sorted R2 DoE sorted R2

Train Validation Test Train Validation Test

D14A014 Samsun 1 0.819 0.792 0.832 11 0.832 0.782 0.831
D14A024 Amasya 0.924 0.872 0.843 0.907 0.861 0.830
D14A062 Tokat 0.684 0.702 0.782 0.734 0.694 0.754
D14A080 Yozgat 0.979 0.974 0.976 0.974 0.973 0.973
E14A014 Amasya 0.922 0.928 0.940 0.918 0.925 0.936
E14A022 Gümüşhane 0.970 0.941 0.978 0.970 0.940 0.976
D14A014 Samsun 2 0.820 0.787 0.830 12 0.820 0.782 0.825
D14A024 Amasya 0.920 0.871 0.841 0.907 0.859 0.829
D14A062 Tokat 0.684 0.701 0.778 0.694 0.694 0.729
D14A080 Yozgat 0.973 0.974 0.973 0.974 0.973 0.973
E14A014 Amasya 0.919 0.927 0.938 0.923 0.924 0.938
E14A022 Gümüşhane 0.971 0.941 0.977 0.965 0.940 0.973
D14A014 Samsun 3 0.808 0.787 0.824 13 0.787 0.781 0.807
D14A024 Amasya 0.920 0.871 0.841 0.903 0.859 0.827
D14A062 Tokat 0.719 0.701 0.780 0.684 0.689 0.717
D14A080 Yozgat 0.974 0.974 0.974 0.975 0.973 0.974
E14A014 Amasya 0.922 0.927 0.939 0.920 0.924 0.937
E14A022 Gümüşhane 0.968 0.941 0.975 0.966 0.939 0.973
D14A014 Samsun 4 0.803 0.786 0.821 14 0.790 0.781 0.809
D14A024 Amasya 0.913 0.870 0.837 0.910 0.859 0.830
D14A062 Tokat 0.701 0.699 0.765 0.705 0.688 0.724
D14A080 Yozgat 0.977 0.974 0.975 0.974 0.973 0.973
E14A014 Amasya 0.923 0.926 0.939 0.919 0.924 0.936
E14A022 Gümüşhane 0.968 0.941 0.975 0.969 0.939 0.975
D14A014 Samsun 5 0.785 0.785 0.811 15 0.787 0.780 0.807
D14A024 Amasya 0.912 0.866 0.835 0.894 0.858 0.822
D14A062 Tokat 0.714 0.696 0.767 0.697 0.686 0.715
D14A080 Yozgat 0.975 0.974 0.974 0.974 0.973 0.973
E14A014 Amasya 0.916 0.926 0.936 0.931 0.923 0.939
E14A022 Gümüşhane 0.968 0.941 0.975 0.972 0.939 0.977
D14A014 Samsun 6 0.815 0.784 0.826 16 0.809 0.779 0.818
D14A024 Amasya 0.922 0.864 0.838 0.918 0.858 0.834
D14A062 Tokat 0.688 0.695 0.748 0.706 0.682 0.714
D14A080 Yozgat 0.975 0.973 0.974 0.973 0.972 0.972
E14A014 Amasya 0.926 0.926 0.941 0.924 0.923 0.935
E14A022 Gümüşhane 0.968 0.940 0.975 0.971 0.939 0.976
D14A014 Samsun 7 0.783 0.784 0.809 17 0.777 0.779 0.801
D14A024 Amasya 0.909 0.863 0.832 0.903 0.850 0.823
D14A062 Tokat 0.720 0.695 0.762 0.717 0.677 0.714
D14A080 Yozgat 0.975 0.973 0.974 0.973 0.972 0.972
E14A014 Amasya 0.918 0.926 0.937 0.924 0.923 0.935
E14A022 Gümüşhane 0.967 0.940 0.974 0.970 0.939 0.976
D14A014 Samsun 8 0.794 0.783 0.814 18 0.808 0.778 0.817
D14A024 Amasya 0.916 0.862 0.835 0.894 0.849 0.818
D14A062 Tokat 0.698 0.695 0.746 0.733 0.667 0.713
D14A080 Yozgat 0.974 0.973 0.973 0.975 0.972 0.973
E14A014 Amasya 0.921 0.925 0.938 0.913 0.923 0.930
E14A022 Gümüşhane 0.969 0.940 0.975 0.969 0.939 0.975
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streamflow modeling and flood predictions (Le et al.2019; 
Feng et al. 2020; Frank et al. 2023). The relevance of mete-
orological data in hydrological modeling is further under-
scored by the fact that proper assessment of the world’s 
water resources depends on integrating meteorological forc-
ing data into hydrological models (Hanasaki et al. 2008).

 This research has demonstrated the effectiveness of using 
meteorological data to enhance river flow rate estimates 
using LSTM-based models. It has been discovered that 
including data on exogenous meteorological factors greatly 
enhances forecasting accuracy in LSTM models, surpassing 
univariate models. Figure 4 depicts the results of the univari-
ate LSTM analysis for the flow rate prediction.

Historical data-based univariate LSTM river flow rate 
forecasts have improved performance across six situations; 
however, by including more weather factors, multivariate 
LSTM predictions of river flow rate using meteorological data 
have improved and demonstrated increased predicting accu-
racy. These results point to the potential of LSTM models to 
enhance river flow rate forecasting; the selection between uni-
variate and multivariate methods hinges on the accessibility 
and applicability of meteorological and historical data.

Supervised and unsupervised LSTM models have been 
investigated in the literature for forecasting river flow statis-
tics using meteorological data. Applications for supervised 
long short-term memory (LSTM) models include real-time 
river water level forecasting (Silva et al. 2021), streamflow 
simulation (Fu et al. 2020), and flood forecasting (Le et al. 
2019). These investigations have shown the effectiveness 
and viability of supervised LSTM models for river flow 
forecasting.

The sliding window approach has been effectively applied 
to neural network forecasting processes, where each sliding 
window measurement is addressed to a single input neuron. 
It illustrates the technique’s relevance in forecasting mete-
orological data (Stangalini et al., 2010). It should be noted 

that while using the sliding window approach, choosing the 
ideal time step is essential to guarantee the efficacy of the 
machine learning tool (Meng et al. 2022).

 The sliding window approach in LSTM for supervised 
learning is an essential way to anticipate river flow using 
meteorological data. Using the value of the previous time 
step to predict the upcoming time step is a strategy that 
entails framing time-series data into a supervised learning 
framework (Karakish et al. 2022). The sliding window meth-
odology provides a fundamental way to reinterpret time-
series data in a supervised learning style, which makes it 
appropriate for forecasting river flow based on meteorologi-
cal data. Supervised multivariate LSTM model results are 
shown in Fig. 5.

 The decision between supervised and unsupervised 
LSTM models should be based on the particular needs 
and features of forecasting river flow. This work shows the 
potential of unsupervised LSTM models in managing envi-
ronmental data, which may be relevant to meteorological 
data used in river flow forecasting, even if it is not directly 
connected to river flow forecasting. Solar hour, humidity, 
wind speed, Average Temperature (Avg. T.), Maximum 
Temperature (Max. T.), Minimum Temperature (Min. T.), 
and Rain were input parameters to predict Discharge Qt for 
the unsupervised model. The unsupervised multivariate 
LSTM model results are shown in Fig. 6.

Table 3 shows a comparison of the models used in terms 
of regression metrics: R2 and RMSE. Results underline that 
the supervised multivariate LSTM models have performed 
better than the unsupervised and univariate LSTM, consid-
ering this research. The ANN model was optimal based on 
its capacity to manage seasonal data for accurate river flow 
rate estimations.

Several statistical metrics were compared between 
the models’ training and testing phases’ outputs and the 
observed data to see if the suggested models maintained the 

Table 2   (continued) Observation Point DoE sorted R2 DoE sorted R2

Train Validation Test Train Validation Test

D14A014 Samsun 9 0.792 0.783 0.813 19 0.777 0.778 0.801
D14A024 Amasya 0.901 0.861 0.827 0.889 0.849 0.816
D14A062 Tokat 0.687 0.695 0.737 0.727 0.661 0.704
D14A080 Yozgat 0.974 0.973 0.973 0.973 0.972 0.972
E14A014 Amasya 0.923 0.925 0.939 0.913 0.923 0.930
E14A022 Gümüşhane 0.970 0.940 0.976 0.967 0.939 0.974
D14A014 Samsun 10 0.787 0.783 0.811 20 0.821 0.772 0.820
D14A024 Amasya 0.918 0.861 0.835 0.915 0.848 0.828
D14A062 Tokat 0.684 0.694 0.731 0.756 0.657 0.713
D14A080 Yozgat 0.974 0.973 0.973 0.977 0.972 0.974
E14A014 Amasya 0.922 0.925 0.938 0.921 0.922 0.933
E14A022 Gümüşhane 0.970 0.940 0.976 0.969 0.939 0.975
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Fig. 3   Best fit through ANN for 
the observation points

(b) D14A024 Amasya.

(a) D14A014 Samsun.
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(c) D14A062 Tokat. 

(d) D14A080 Yozgat.

Fig. 3   (continued)
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(e) E14A014 Amasya. 

(f) E14A022 Gümüşhane 

Fig. 3   (continued)
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Fig. 4   Univariate LSTM results 
for the observation points

(a) D14A014 Samsun.

(b) D14A024 Amasya.
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(c) D14A062 Tokat.

(d) D14A080 Yozgat.

Fig. 4   (continued)
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(e) E14A014 Amasya.

(f) E14A022 Gümüşhane

Fig. 4   (continued)
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Fig. 5   Supervised multivariate 
LSTM results for the observa-
tion points

(a) D14A014 Samsun.

 
(b) D14A024 Amasya.
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(c) D14A062 Tokat.

(d) D14A080 Yozgat.

Fig. 5   (continued)
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(e) E14A014 Amasya.

(f) E14A022 Gümüşhane

Fig. 5   (continued)
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Fig. 6   Unsupervised multi-
variate LSTM results for the 
observation points

(a) D14A014 Samsun.

(b) D14A024 Amasya.
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(c) D14A062 Tokat.

(d) D14A080 Yozgat.

Fig. 6   (continued)
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(e) E14A014 Amasya.

(f) E14A022 Gümüşhane.

Fig. 6   (continued)
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statistical characteristics of the river flow time series. It is 
evident from Table 4 that the ANN model outperforms the 
other models in capturing the statistical characteristics of the 
river flow time series.

Discussion

Analyzing the relationships between inputs and outputs has 
significantly improved the performance of ANNs. In this 
study, the implemented model’s resilience and accuracy 
increased through the Design of Experiments (DoE) to 
optimize ANN performance. This cutting-edge technique 
was used in several recent studies, including the one by 
Fontana et al. (2023), which applied to the data from indus-
trial experiments and yielded encouraging findings. Sandu 
et al. (2020) demonstrated how well the ANN model, DoE 
approach, and CAE simulation technologies work together 
to forecast the polymer flow length for injection-molded 
components. Pimentel-Mendoza et  al. (2021) demon-
strated integrating these two approaches in physics-related 
applications using DoE to build inputs for ANN training. 
Moreover, Khoshdel and Akbarzadeh (2016) reported an 
application of DoE to discover the optimal parameters of 
an ANN model for calculating force from the sEMG signal 
dataset.

Compared to LSTM models, the ANN model, which has 
been statistically optimized through the design of experi-
ments (DoE), performs better. This technique produced 
encouraging results, making ANN the best approach for 
forecasting river flow compared to other approaches. We 
noticed a substantial weak correlation between river flow 

rate and the meteorological data in the Yeşilırmak basin. 
When historical flow data is available, supervised long 
short-term memory (LSTM) models can be helpful in river 
flow forecasting. These models can be trained to produce 
precise forecasts based on established input-output con-
nections. Unsupervised LSTM models, on the other hand, 
could help examine and reveal hidden patterns in the river 
flow data, particularly in situations where the relationships 
between various variables are not well established.

The training strategy and performance results differ 
between supervised and unsupervised Long Short-Term 
Memory (LSTM) networks. Labeled data must be used 
for training for supervised LSTM networks to learn. It 
necessitates human assistance in supplying the appropriate 
input-output pairings. Unsupervised LSTM networks, on 
the other hand, use unlabeled data for training, enabling 
the model to identify patterns and structures in the input 
data without explicit supervision. A good set of findings 
was obtained when Kareem et al. (2024) applied the super-
vised methods for streamflow prediction.

The sliding window approach is a popular strategy for 
transforming time series data into a format appropriate for 
supervised learning. The sliding window approach has been 
used in meteorology to construct operational systems for sea-
sonal hydro-meteorological forecasting. For instance, Emerton 
et al. (2018) created a seasonal hydro-meteorological forecast-
ing system that combines hydrological models with seasonal 
meteorological predictions to produce probabilistic river flow 
forecasts. In conclusion, research has used supervised and 
unsupervised LSTM models to forecast river flow using mete-
orological data. While supervised LSTM models have demon-
strated effectiveness in this field, taking into account this study 

Table 3   Comparison of applied models in terms of regression metrics

Station Metric Regression Metrics for the ANN and LSTM Models

Train Test

ANN Uni-
variate 
LSTM

Supervised 
Multivariate 
LSTM

Unsupervised 
Multivariate 
LSTM

ANN Uni-
variate 
LSTM

Supervised 
Multivariate 
LSTM

Unsupervised 
Multivariate 
LSTM

D14A014 Samsun R2 0.82 0.65 0.73 0.17 0.83 0.65 0.75 0.16
RMSE 0.85 1.12 0.71 1.92 0.65 0.95 0.80 1.46

D14A024 Amasya R2 0.92 0.86 0.65 0.21 0.84 0.85 0.67 0.23
RMSE 0.32 5.42 0.57 1.16 0.26 0.26 0.37 0.57

D14A062 Tokat R2 0.68 0.67 0.69 0.08 0.78 0.83 0.77 0.04
RMSE 0.12 0.12 0.05 0.21 0.04 0.03 0.04 0.08

D14A080 Yozgat R2 0.98 0.95 0.96 0.1 0.98 0.97 0.97 0.11
RMSE 0.26 0.43 0.26 1.86 0.18 0.19 0.19 1.07

E14A014 Amasya R2 0.92 0.86 0.90 0.08 0.94 0.91 0.92 0.03
RMSE 4.29 5.42 7.39 15.20 2.99 3.57 3.55 12.03

E14A022 Gümüşhane R2 0.97 0.92 0.94 0.16 0.98 0.96 0.97 0.03
RMSE 2.04 3.66 3.15 11.59 1.23 1.68 1.49 8.13
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and the relevant meteorological and river flow rate data, ANN 
has regularly outperformed other models.

The complexity and diversity of environmental elements, 
such as wind and air humidity, that influence model predic-
tions may limit AI models’ adaptability and efficiency in 
areas with varying meteorological or hydrological condi-
tions (Liu et al. 2018). This constraint may affect the mod-
el’s performance in areas with distinct climatic features, 
implying that the same models may not work as well in 
areas with significantly different climatic or hydrological 
characteristics.

Researchers should know the restrictions and difficulties 
associated with using AI models to anticipate river flow 
based on meteorological data. Swagatika et al. (2024) state 
that data availability and quality dependence are significant 
drawbacks. High-quality meteorological data are needed 
for accurate forecasting; however, these data aren’t always 
trustworthy or readily available. The performance of AI 
models may be significantly impacted by missing or errone-
ous data, which results in fewer accurate predictions (Sahoo 
et al. 2023; Srikanth et al. 2019). Forecasting accuracy is 
further impacted by the dynamic character of river systems 
and weather circumstances, which present complications 
that the models may not always adequately reflect. Moreo-
ver, maintaining and updating models is necessary to guar-
antee the accuracy and relevance of forecasts throughout 
time. The AI models must be routinely retrained with fresh 
data when climatic patterns and river dynamics change to 
adjust to the changing environment.

River flow prediction is critical for water resource man-
agement and decision-making. Water resource managers 
and policymakers may make educated decisions about 
water distribution, flood preparation, and reservoir man-
agement using established AI models that predict river 
flow based on meteorological data. These AI models have 
succeeded in various hydrological applications, including 
real-time flood forecasting, rainfall-runoff modeling, and 
water quality prediction. Furthermore, this study under-
scores the necessity for a long-term agricultural water 
resource management strategy in light of rising water 
shortages and drought.

Conclusion

This research encompasses six provinces within the 
Yeşilırmak River basin. These provinces span a vast region 
from upstream to downstream and are considered significant 
sites that can provide us with an understanding of all tribu-
taries when evaluating the Yeşilırmak River’s flow rate. By 
utilizing long-term flow rates and climatic data, this study 
aims to forecast river flow rates for the future. An attempt 
was made to develop a model within the research parameters 

utilizing widely employed approaches. The ultimate objec-
tive was to ascertain the appropriate approach that can pro-
duce exact findings against hazardous scenarios like floods 
that may arise in the future.

First and foremost, the correlation coefficient, which indi-
cates the strength of the association between the dependent 
and independent variables, was determined. The correlation 
study revealed a weak connection between meteorological 
data and flow rate. As a result, the sliding window approach, 
a prominent method for time series analysis, was adopted.

Even though univariate LSTM models have proven effec-
tive in various forecasting applications, such as streamflow and 
flood forecasting, it is crucial to consider the particular con-
text and data properties when deciding between univariate and 
multivariate LSTM models for river flow rate forecasting. The 
findings of this study demonstrate how LSTM may be used to 
overcome the drawbacks of conventional models and increase 
predicting accuracy. Unsupervised LSTM models can reveal 
hidden patterns and structures within the data to help learn 
about intricate river flow dynamics. In contrast, supervised 
LSTM models are trained on labeled data to generate predic-
tions based on established input-output correlations.

The study’s findings show that simply relying on mete-
orological data to forecast flow rates is impractical. The 
chosen unsupervised multivariate LSTM model may be 
worse than using the dependent variable’s mean for pre-
diction since it fails to account for data variability. Given 
the current study field and data, this case clearly shows that 
unsupervised multivariate LSTM cannot estimate flow rate. 
Rigorous field observations and laboratory testing of cer-
tain factors would achieve better findings. The efficacy of 
the procedures employed in this study has been evaluated 
just for the current inquiry and may alter if more research 
fields and data are incorporated.

Although meteorological data have a low association 
with flow rate, supervised multivariate LSTM often out-
performs univariate LSTM. In conclusion, the ANN model 
optimized through DoE mainly showed the lowest root 
mean square error and highest coefficient of determination 
when comparing the actual and predicted river flow rates.
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