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Abstract
This study developed an innovative hybrid modelling approach to predict one-month-
ahead water levels (LWL (T + 1)) for two major lakes in Türkiye (Eber and Eğirdir), aim-
ing to model complex dynamics of hydrological systems and optimize sustainable water 
resources management. In the proposed methodological framework, Singular Spectrum 
Analysis (SSA) was employed to decompose hydrometeorological time series into sub-
components, while Mutual Information (MI) and Partial Autocorrelation Function (PACF) 
techniques were utilized to determine optimal input variables. The hybrid model archi-
tecture, incorporating Deep Neural Networks (DNN), Convolutional Neural Networks 
(CNN), Recurrent Neural Networks (RNN), and CatBoost algorithms, was optimized us-
ing 70% of the data for training and 30% for testing, and its performance was evaluated 
through deterministic and probabilistic metrics. The analyses revealed that SSA-based 
data preprocessing significantly improved the performance of prediction models, and de-
pending on lake characteristics, CNN-based models demonstrated superior performance 
for Lake Eber, while DNN architecture excelled for Lake Eğirdir. The developed hybrid 
approach presents an original methodology that can be integrated into decision support 
systems for water resources management, contributing to the development of sustainable 
water management strategies and adaptability to similar hydrological systems.

Keywords  Hybrid Deep Learning · Water Level Prediction · Data Decomposition · 
Hydrological Forecasting · Feature Selection · Time Series Analysis

1  Introduction

Accurate lake water level forecasting is essential for the sustainable management of water 
resources, especially in light of the increasing threats posed by climate change, extreme 
weather events, and hydrological variability (Fijani and Khosravi 2023; Hai et al. 2019). 
Various techniques, including wavelet-based models, season-neuro approaches, and hybrid 
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machine learning methods, have been employed to forecast lake water levels (Altunkaynak 
2019). However, the performance of these models can be sensitive to the specific charac-
teristics of the lake and the available data. (Yadav and Eliza 2017). Predictive models for 
lake water levels provide crucial insights that can mitigate the risks associated with flood-
ing, drought, and ecosystem disturbances (Chen et al. 2023). Traditional statistical meth-
ods such as autoregressive integrated moving average (ARIMA) and linear regression have 
been used in hydrological forecasting as well as lake water level modelling (Aksoy et al. 
2013). Still, they are often limited by the inability to capture the nonlinear, dynamic nature 
of hydrological data, particularly in large, complex water systems (Zhang et al. 2011; Vion-
net et al. 2020). This has driven a shift toward advanced machine learning (ML) and deep 
learning (DL) techniques, which offer substantial improvements in prediction accuracy by 
leveraging large datasets, diverse input features, and flexible model architectures (Ruma et 
al. 2023; Bonakdari et al. 2019; Ahmed et al. 2022).

A prominent technique in this area is Singular Spectrum Analysis (SSA), which decom-
poses time series data into trends, oscillatory components, and noise, making it ideal for 
extracting key patterns and seasonal fluctuations from complex datasets (Nguyen et al. 
2022; Ghafarian Malamiri et al. 2018). SSA has been applied successfully in water level 
forecasting models, allowing for improved performance by isolating the most relevant 
features from raw data and reducing noise, thus enhancing subsequent model predictions 
(Mohammed et al. 2023; Liao et al. 2014). By breaking down intricate hydrological data 
into managable components, SSA has demonstrated significant benefits when integrated 
with other models like artificial neural networks (ANNs) and support vector regression 
(SVR) (Polomcic et al. 2017; Jamei et al. 2022). This combination has proven effective in 
capturing seasonal variations and trends within water data, ultimately contributing to more 
robust and adaptable forecasting models (Reddy et al. 2022).

Both machine learning methods and traditional statistical forecasting techniques have 
demonstrated successful performance in the forward-looking prediction of numerous 
parameters. Although these are statistically highly effective methods, the increasing use of 
advanced deep learning techniques and hybrid models has led to more satisfactory model 
performance results in the literature, successfully capturing the attention of researchers 
(Ergüven et al. 2025).

Deep learning approaches, particularly Long Short-Term Memory (LSTM), Gated Recur-
rent Unit (GRU), and Convolutional Neural Networks (CNN), have made transformative 
contributions to water level forecasting due to their ability to capture complex temporal 
dependencies and handle nonlinearities within sequential data (Atashi et al. 2022; Lin et al. 
2022; Cho et al. 2022). For example, LSTM and GRU models, well-suited for long-term 
dependencies, and they have demonstrated remarkable accuracy in flood prediction, river 
discharge, and groundwater levels (Kogekar et al. 2021). Furthermore, hybrid models that 
combine CNN with LSTM or GRU have shown improved performance by learning both 
spatial and temporal features, making them particularly advantageous in complex water sys-
tems where data exhibit spatial dependencies (Barzegar et al. 2021). Recently, the LSTM 
algorithm has been utilized by researchers in various structures to predict future meteorologi-
cal and hydrological parameters. These include hybridizations with CNNs and other machine 
learning methods. In fact, the most critical criterion is the hybrid model structure developed 
specifically for the data being predicted and the relevant region, as the performance of these 
models can vary accordingly. In this context, the hybridization of CNN with LSTM has 
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emerged as one of the most focused and effective hybrid models in recent days (Natarajan et 
al. 2026). Irfan et al. (2026), who advocate that leaving a better future for coming generations 
is possible through the conservation of water resources, proposed several models to facilitate 
future predictions of Total Water Consumption (TWC) and Agricultural Water Use (AWU). 
In their study, they utilized popular GRU-based hybrid models, similar to LSTM. They also 
stated that they achieved highly effective performance with their models. Although the per-
formance of hybrid models depends on hyperparameters, the model input structure also sig-
nificantly affects performance. It has been noted in the literature that the performance of new 
deep learning algorithms may vary accordingly, and it is emphasized that feature selection 
can be performed using tree-based algorithms (Tandiverdi and Batmaz 2025). These models 
also benefit from SSA preprocessing, which refines data and allows deep-learning models to 
focus on significant patterns, thereby minimizing forecast errors (Ahmed et al. 2022).

Categorical boosting algorithms, particularly CatBoost, represent a significant advance-
ment in ensemble learning by efficiently handling categorical features and delivering robust 
predictions in diverse applications, including water forecasting (Qian et al. 2023; Dasi et 
al. 2023; Wei et al. 2023). CatBoost’s capability to manage high-dimensional data, cou-
pled with its inherent ability to handle multicollinearity issues, is especially advantageous 
in hydrological applications where data is often complex and subject to numerous envi-
ronmental influences (Kim et al. 2023; Sapitang et al. 2020). The integration of CatBoost 
with other machine learning models, such as XGBoost and LightGBM, has demonstrated 
enhanced predictive accuracy in various hydrological and environmental contexts, show-
ing promise in capturing the intricate relationships between different variables (Kim et al. 
2023; Fan et al. 2023). The CatBoost algorithm can be utilized as an ensemble method as 
well as directly for parameter estimation. The application of these algorithms in hydrol-
ogy, hybrid methods, not only enhances model performance but also lays the groundwork 
for the development of various hybrid methods. It is particularly known for demonstrating 
effective performance in drought prediction within semi-arid regions (Tuğrul et al. 2025). 
In this scope, studies applying CatBoost with neural networks in hybrid models have shown 
improvements in predictive reliability, especially under dynamic environmental conditions 
where traditional models fail (Louis et al. 2019; Herath et al. 2023).

Ensemble learning, a broader category of machine learning techniques, combines mul-
tiple models to achieve greater accuracy and robustness, a method increasingly applied to 
complex environmental datasets (Demir and Şahin 2023; Mahajan et al. 2023). Ensemble 
frameworks, especially those that incorporate decision trees, gradient boosting, and categor-
ical boosting, have been shown to outperform single models by capturing a diverse range of 
patterns in data (Qian et al. 2023; Ahn et al. 2023). CatBoost, as part of such an ensemble 
framework, complements deep learning and SSA, making it a highly effective approach 
for forecasting water levels in complex lake systems (Kaur and Sood 2020; Barzegar et al. 
2021; Nguyen et al. 2022).

This study was built based upon these advancements by proposing a novel forecast-
ing framework that integrates SSA, deep learning architectures (LSTM, GRU, CNN), and 
CatBoost for monthly lake water level forecasting. The proposed model leverages SSA to 
decompose time series data, enhancing the accuracy of subsequent deep learning models 
in capturing complex temporal dynamics, while CatBoost provides resilience by managing 
categorical and high-dimensional environmental data (Polomcic et al. 2017; Prokhorenkova 
et al. 2018). By integrating these techniques, this study aims to create a robust and adaptable 
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model that can be applied across varying environmental conditions, providing a powerful 
tool for water resource management and environmental monitoring in an era marked by 
rapid climate variability.

2  Material and Method

2.1  Study Area and Dateset

Türkiye is characterized by four distinct seasons and is primarily situated within a semi-arid 
climatic zone. The inland regions, in particular, face significant challenges due to high tem-
peratures and limited precipitation. Consequently, the strategic planning and management 
of water resources are of paramount importance for the country. In this context, this study 
focuses on Lake Eber and Lake Eğirdir as the primary research areas. Both regions exhibit 
a rigorous climate, characterized by an average annual temperature fluctuation of approxi-
mately 20 °C and annual precipitation levels aobut 650 mm. The combination of low precipi-
tation and highly variable temperatures reflects the harsh climatic conditions of these basins.

Egirdir Lake, located in the Isparta province, is Türkiye’s second-largest freshwater lake. 
Situated in the Lakes Region in the western Mediterranean, it is a vital freshwater source 
with a complex karstic and tectonic structure. The lake’s formation resulted from the merg-
ing of depression cavities within primary limestone, and its basin was further shaped by 
tectonic processes. Classified as a pluvial lake in the context of Anatolia’s ancient climate, 
Eğirdir is replenished by subterranean springs, nearby streams, and direct precipitation 
(Atılgan et al. 2020; Yücel et al. 2022).

Lake Eber, located in the Bolvadin district of Afyon, is a closed basin within the Akarçay 
Basin. Unlike Eğirdir, Lake Eber is primarily replenished by direct precipitation and surface 
runoff, and its surface is notably covered with dense aquatic vegetation (Sener et al. 2010).

For this study, a comprehensive dataset consisting of meteorological and hydrologi-
cal parameters from both lakes was utilized. The variables include maximum temperature 
(Tmax), minimum temperature (Tmin), average temperature (Tave), rainfall, relative humid-
ity (RH), sunshine duration (SH), wind speed (WS), and lake water levels. The statistical 
characteristics of these datasets are summarized in Table 1. In this study, monthly average 
lake water level (LWL, m) data obtained from the General Directorate of State Water Works 
(DSI) were used. The dataset covers the period between 1990 and 2022 and represents a 
33-year monthly time series, as shown in Fig. 1. The data were collected through the regular 
hydrological observation system of DSI.

The monthly LWL data were used as the main input dataset in the applied analysis and 
modeling procedures. First, the time-series data were organized and checked before the 
analysis process. Then, these data were utilized in the selected techniques to evaluate tem-
poral variations and obtain the desired prediction and performance results.

Candidate input variables for one-month-ahead lake water level forecasting [LWL(T + 1)] 
included the contemporaneous and lagged lake water level values and monthly meteoro-
logical variables. In this study, LWL(T + 1) denotes the target lake water level for the next 
month; LWL(T), LWL(T − 1), and LWL(T − 2) denote the current, one-month-lagged, and 
two-month-lagged lake water levels, respectively. The meteorological variables considered 
as candidate predictors were RH, Tmin, Tmax, Tave, WS, rainfall, and SH.
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Table 1  Details of hydrometerorological variables
Eber
Location 31°10’55” E-38°37’7” N Drainage area (km2) 5288
Variable initial end mean std min max
Tmax oC 1990 2022 24.97 8.26 4.40 39.00
Tmin oC -0.74 8.67 -23.70 14.40
Tave oC 11.64 8.15 -5.64 26.13
RH % 62.16 11.67 30.82 89.43
WS (m/s) 2.03 0.47 0.45 3.06
Rainfall (mm) 32.31 25.18 0.00 136.60
SH (hours) 192.98 88.08 20.20 409.60
Lake level (m) 965.92 0.56 964.55 967.89
Egirdir
Location 30°51’16” E-37°52’33” N Drainage area (km2) 3321
Variable initial end mean std min max
Tmax oC 1990 2022 23.99 8.31 4.00 38.60
Tmin oC 1.55 7.48 -14.90 14.80
Tave oC 12.42 7.69 -3.71 25.63
RH % 66.96 9.91 41.30 91.30
WS (m/s) 3.03 0.56 0.17 4.94
Rainfall (mm) 66.68 66.44 0.00 354.80
SH (hours) 216.88 84.16 6.90 396.20
Lake level (m) 917.10 0.58 915.82 918.48

Fig. 1  Study area
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3  Methods

The methodological framework was developed specifically for hydrological forecasting of 
lake water levels. In this context, the applied techniques, including Singular Spectrum Anal-
ysis (SSA), Mutual Information (MI), Recurrent Neural Networks (RNN), Convolutional 
Neural Networks (CNN), CatBoost, and Deep Neural Networks (DNN), were integrated 
into the prediction process of lake water level variations. Initially, SSA was employed to 
decompose the original lake water level time series into meaningful temporal components 
and reduce noise effects. Subsequently, MI analysis was used to determine the most infor-
mative lagged lake water level inputs associated with future water level changes. The pro-
cessed hydrological inputs were then utilized in RNN, CNN, CatBoost, and DNN models to 
estimate and predict future lake water level fluctuations. Thus, all techniques presented in 
Sect. 3.1–3.6 were directly implemented for hydrological analysis and forecasting purposes.

3.1  Singular Spectrum Analysis (SSA)

One of the main factors that makes forecasting difficult in time series is the variable statisti-
cal structure. Due to structure difficulties, non-parametric methods are generally preferred 
to facilitate analyzes in time series and increase the accuracy of forecasts (Pham et al. 2021). 
One of them is Singular Spectrum Analysis (SSA), which is a spectral estimation technique. 
SSA extracts the time series interpretable components. A primary characteristic of SSA is 
its ability to decompose the time series into more comprehensible components, making it 
more accurate for prediction. Each component may possess a distinct structure based on its 
features(Sun et al. 2019; Zhang et al. 2011).

The SSA technique takes place in two stages: (1) embedding and singular value decom-
position (SVD); (2) grouping and cross averaging in the reconstruction.

3.1.1  Stage decomposition

Embedding  Embedding can be called mapping that converts a one-dimensional 
time series (YT = y1, . . . , yT ) into a multi-dimensional matrix Xi, . . . , XK   
with (Xi = yi, . . . , yi+L−1), that is a vector (where K = T − L + 1). Xi  vec-
tors are also called L lag vectors. The first parameter here is the embedded window  
length L (2 ≤ L < T ). The trajectory obtained here creates the matrix. The trajectory 
matrix X = [X1, . . . , Xk] = (Xij)L,K

İ,j=1. Here, X  is the diagonal matrix and i + j are 
constant.

Singular Value Decomposition (SVD)  At this stage, SVD decomposes the trajec-
tory matrix into a singular value. Here denote the eigenvalues of XX' by λ1, ...., λL and 
U1, ...., UL are the corresponding eigen values of the eigenvectors of the orthogonal system 
XX ′ ((Ui, Uj) = 0 i ̸= j).

	 d = max (i, such that λ i > 0) = rank X

Let Vi = X ′ Ui/
√

λ i, then the SVD can be addressing as: 
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	 X = X1 + . . . + Xd � (1)

where Vi is the principal components, X1 with rank 1, Ui is factor empirical orthogo-
nal functions. Here 

√
λ i, Ui, Vi  is the matrix ith are their eigenvalues and also 

√
λ i is 

named as the spectrum of the matrix X . If 
√

λ i, Ui, Vi  here are equal to 1, the equation ∑ r
i=1λ

i
/
∑ d

i=1λ
i
 is accepted ( r and d are the rank values based on X1.

3.1.2  Stage Reconstruction

Grouping  The first step in this stage is to divide the matrix X1 into several the basic matri-
ces and summing the matrices within each group. Let I = {i1, . . . .ip} be a group of indi-
ces. Next, the matrix XI  corresponding to I  takes the form XI = Xi1 + . . . . + Xp1. The 
separation of index sets J = 1, . . . , d corresponds to the subset I1, . . . ., Im and finally 
represent as X = XI1 + . . . . + XIm. In group I , the contribution of component XI  to the 
expansion is quantified by the proportion of the relevant eigenvalues: 

∑
i∈ Iλ i/

∑ d
i=1λ

i
.

Diagonal Averaging  The Diagonal averaging process, called the diagonal averaging, is 
transferred to an I  series with the initial series YT . If zij  is an element of a Z matrix, the 
kth one term of the time series is continued by averaging the zij . The Z matrix obtained 
is the Hankel matrix which is the trajectory matrix and correspond to the times series 
obtained from the diagonal matrix. Here, we obtain the matrix HZ which is the nearest 
to Z matrix and another expansion: X =

∼
XI1 + . . . . +

∼
XIm. Here HZ =

∼
XI1. This 

corresponds to the decomposition of YT = (y1, . . . , yT ) into a summation of m series: 

yt =
∑

m
k=1

∼
yt

(k)
00 which corresponds to XIk. More information for calculation see: Sun 

et al. (2019) and Hassani (2007).

3.2  Recurrent Neural Networks (RNN)

Artificial Neural Network (ANN) work biologically by imitating human neural networks 
and is widely used in hydrological studies (Katipoğlu et al. 2023; Köyceğiz and Büyükyıldız 
2022; Tuğrul and Hinis 2024). According to many scientists, it was said that ANN and 
various modifications were pretty good for forecasting hydrologic parameters such as 
precipitation and streamflow. There are multiple modifications of ANN such as feedfor-
ward, feedback, recurrent and multilayer to be effective in many different situations and 
parameters. Recurrent Neural Network (RNN) is an ANN-based machine learning method. 
Although it has many similarities with ANN, it differs fundamentally on one point While the 
previous situation does not affect the result output in the known ANN, it affects the result 
output in the RNN, leading to a more effective outcome (Le et al. 2017). In time series pre-
dictions in hydrology, dynamic input data can be defined as a function of time. When using 
this function, there may be difficulties in solving or predicting the problem due to the need 
for many input parameters based on the function. To overcome the difficulties in such cases, 
RNN has been introduced (Elman 1993; Hopfield 1982). Compared to traditional ANN, 
RNN has a dynamic structure for solving problems, making it more suitable for estimating 
target parameters (Hammer 2000). The hidden state consists of units known as input, output, 
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and forget gates, which enable evaluation and control. Detailed formulas related to RNN’s 
structure are shown in the supplementary material. (the supplementary material: ​h​t​t​​​​p​​s​:​​/​​/​d​​​o​i​
.​o​​r​g​​/​1​​0​.​1​0​1​6​/​j​.​j​h​y​d​r​o​l​.​2​0​2​3​.​1​2​9​9​2​4​​​​​)​​

3.3  Convolutional Neural Network (CNN)

Convolutional Neural Network (CNN), one of the deep learning methods, is used in many 
studies to estimate hydrological parameters, and researchers state that it provides effective 
results (Danandeh Mehr et al. 2023). CNN yields superior outcomes both alone and when 
integrated with various machine learning or optimization techniques. The structure of CNN 
is very similar to that of traditional ANN. It may be seen as almost equivalent to Multi-Layer 
Perception (MLP), which is a variant of ANN. Just like in MLP, the network structure con-
sists of multiple layers. The main advantage of this method is that the features in the input 
data are used in these networks, making it easier to calculate and reliable (Fig. 2). A CNN 
fundamentally comprises a convolutional layer, a pooling layer, and a fully linked layer. 
The main module of the CNN is comprised of the convolutional and pooling layers, which 
are coupled to one another. The task of the convolution layer is to distinguish and process 
features. A convolution kernel does a dot product operation inside a localized region of the 
input data or the output from the preceding layer to extract sophisticated features. The pool 
layer is located after the convolution layer and divides the samples into smaller groups. This 
plays an effective role in achieving better results. The last layer, the fully connected layer, 
performs the same tasks as in an MLP. The preceding layers can be regarded as pre-process-
ing, which enhances the estimation of the resultant parameters. The completely linked layer 
consolidates all activations from preceding levels and produces the final output.

According to the Eq. 2, the CNN is computed.

	 yn (i, w) = (cn
w x d ) (i) =

∑
∞
j=−∞ cn

w x (i − j)� (2)

where c1
w (w = l,…, Ml) shows filter, first layer indicates f1 = w

(
z1)

∈ R for activa-
tion function, n represents hidden layer numbers, d and y are input and output valuable, 
respectively. More details can see: Hancock and Khoshgoftaar (2020), Danandeh Mehr et 
al. (2023).

3.4  Categorical Boosting (CatBoost)

CatBoost, designed to enhance the efficacy of decision trees, is available as open-source 
code (Prokhorenkova et al. 2018). CatBoost, characterized by several qualities, is utilized 

Fig. 2  Structure of the CNN
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by Yandex researchers and engineers and is favoured by many hydrological researchers 
(Najm et al. 2023). Numerous experts assert that one of its paramount attributes is its excel-
lent utilization of data characteristics without necessitating any pre-processing (Dorogush 
et al. 2018). Significant results may be achieved by either deleting missing data or using the 
data with CasBoost without requiring any correction (Ibragimov and Gusev 2019). The fact 
that this technique, in contrast to other ways, discourages overlearning is yet another sig-
nificant benefit that this method has over traditional methods (Hancock and Khoshgoftaar 
2020). CatBoost comprises entirely symmetrical trees that have two leaves and six levels of 
depth. Here, if the learning rate is to be determined automatically, it is recommended that 
this process be calculated according to the iteration and data properties in the data set. To 
enhance learning efficiency, one may decrease the number of iterations while simultane-
ously increasing the learning rate (Najm et al. 2023). Overall, these make it especially suit-
able and low cost for calculation in prediction parameters.

3.5  Mutual Information

Mutual information, shown as a stochastic measuring technique by several studies, is also 
used efficiently in hydrology (Steuer et al. 2002). This approach quantitatively indicates the 
relationship between two independent variables. For instance, a drought value that is desired 
to be calculated based on parameters such as precipitation, flow, and temperature is math-
ematically expressed as the value that has the greatest effect on drought. Here, a relative 
value is calculated by taking the difference between the degree of degradation of the system 
and the degree of degradation of the features. The feature with the highest entropy is the one 
most associated with the feature to be predicted. This approach is calculated as following:

	 H (X) = −
∑

Mx

i=1p (xi) logp (xi)� (3)

	 H (X, Y ) = −
∑

Mx

i=1

∑
My

j=1p (xi, yj) logp (xi, yj)� (4)

where p (xi, yj) shows the joint possibility which X is in state xi and Y is in state yj . 
Mx and My  represent the number of potential variations. The mutual information I (X, Y) 
between systems X and Y is described mathematically by Eq. 5. More details, see: Rossi et 
al. (2006).

	 I (X, Y ) = H (X) + H (Y ) − H (XY ) , ≥ 0� (5)

3.6  Deep Neural Network (DDN)

Deep Neural Network (DDN) is one of the most complex versions of artificial neural net-
works, and due to its complex structure, in fact, it is one of the successful algorithms accord-
ing to many researchers because it is applied to the architecture of deep learning in the 
process of learning (Abiodun et al. 2018). One of the biggest reasons why this algorithm is 
successful is that it has two or more hidden layers, as in Fig. 3, and this structure is associ-
ated with deep learning (Sahiner et al. 2019; Wardah et al. 2019). The vertical three-dot 
symbols shown below the hidden layers are schematic ellipsis marks indicating that addi-
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tional hidden neurons are present but omitted from the illustration for simplicity. Despite its 
architectural similarities to MLP, the primary distinction is in the number of hidden layers; 
MLP has a single hidden layer, while DNN may have two, three, or more hidden layers. 
Thanks to this feature, it provides learning in the input structure consisting of many features 
and analyzes the contribution of each feature to the result in the most efficient way and good 
results are obtained. By analyzing the input and output structure efficiently, one may get 
highly effective outcomes by elucidating their links. Compared to ANN and MLP, learning 
can be achieved with a larger network due to the larger scale of the input data (Awad and 
Khanna 2015). Regardless of the extended duration of the training procedure relative to 
other approaches, the classic backpropagation strategy yields effective results based on the 
dataset (Masood and Ahmad 2021). The disadvantage here is that due to the backpropaga-
tion policy, it can be overfitting in the learning process. The same calculation methods used 
in MLP are applied here. Due to its favourable outcomes, the linear activation function was 
used in DNN for hydrological forecasting, among several options, including linear, logistic, 
and sigmoid functions. This approach is calculated in Eq. 6 for each neuron:

	
y =

[∑ m

j=1
wj

(∑
N
i=1wji + bj

)
+ b

]
� (6)

where m is number of hidden neurons, N is number of samples, wji is weight which connects 
the ith and jth neurons in the input layer and the hidden layer, respectively; bj is bias for the 
jth hidden neuron. For more details, see Kim et al. (2018) and Zhang et al. (2020).

Fig. 3  Structure of the DNN (The vertical three-dot symbols shown below the hidden layers are schematic 
ellipsis marks indicating that additional hidden neurons are present but omitted from the illustration for 
simplicity)
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3.7  Performance Metrics

To measure the performance of the applied models several performance indicators were 
commonly used in the field of hydrology such as Root Mean Square Error (RMSE), the 
Mean Absolute Error (MAE), the Akaike information criterion (AIC), the Nash–Sutcliffe 
model efficiency (NSE), the Mean Bias Error (MBE) and the Percent Bias (Pbias).

	
RMSE =

√
1
n

∑ n

i=1
(oi − yi)2� (7)

	
MAE = 1

n

∑
n
i=1 |oi − yi|� (8)

	

NSE = 1 −




∑
n
i=1(oi − yi)2

∑
n
i=1

(
oi−

−
o
)2


� (9)

	
MBE = 1

n

∑
n
i=1(yi − oi)� (10)

	
Pbias =

[∑ n
i=1(yi − oi)∑ n

i=1oi

]
x100� (11)

where oi: observed value, yi: the predicted value, 
−
o is the mean observedc value; n: the 

number of sample.
The proposed framework was developed as a sequential integration of PACF, MI, SSA, 

and machine/deep learning algorithms for one-month-ahead lake water level forecasting in 
Fig. 4. PACF was first employed to determine the statistically significant lagged lake water 
level terms, and MI was then used to identify the most informative lagged and meteorologi-
cal predictors for LWL(T + 1). Based on these selected inputs, two modelling branches were 
established: MI-based baseline models using the raw predictors directly, and SSA-MI-based 
models using SSA-decomposed subcomponents of the same predictors. This framework 
enabled a clear assessment of the added value of SSA preprocessing in improving the pre-
dictive performance of CatBoost, CNN, DNN, and RNN models.

4  Results

In this study, a hybrid prediction model was proposed by integrating machine learning tech-
niques such as Catboost, DNN, CNN, RNN with MI and SSA techniques for the predic-
tion of the next month’s water level values (LWL (T + 1)) of 2 major lakes in Türkiye. The 
SSA approach was used for effective modeling by separating the data into sub-bands and 
the mutual information (MI) approach was used for feature selection. The importance of 
features according to the MI approach is shown in Fig. 5. Accordingly, the variables that 
have the highest MI scores on LWL (T + 1) values in Eber Lake are LWL (T), LWL (T-1), 
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Fig. 4  Flowchart of the present study
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LWL (T-2), RH, Tmin, SH and WS. In Eğirdir Lake, the effective parameters are LWL (T), 
LWL (T-1), Tave, Tmax, Rainfall, and WS. The features based on MI scores indicating the 
improtant factors in the prediction of LWL are indicated in Table 2. Accordingly, the highest 
score was obtained with LWL (T) value in two lakes.

PACF analysis was used to identify statistically meaningful lagged lake water level terms. 
For Eber Lake, the 1-, 2-, and 3-month lagged LWL values exceeded the 95% confidence 
limits, whereas for Eğirdir Lake, the 1- and 2-month lagged values exceeded these limits. 
These lagged terms were then evaluated together with meteorological variables using MI-
based feature ranking. For this reason, these values and meteorological parameters showing 
high internal dependence were subjected to the mutual information test and the most impor-
tant parameters were revealed (Fig. 6).

Figure 7 presents temperature data (Tmin) belonging to Lake Eber separated into its sub-
components by the SSA method. The raw form of the analyzed minimum temperature data 
(Tmin) is given. This series, which has a wavy structure, includes the general trends, cyclic 
structure and noise components of temperature changes. The original series is the combina-
tion of all subcomponents. The trend component represents long-term changes. Tmin_Sea-
sonal (Seasonal component) shows that temperatures have a distinct annual cycle. It is seen 

Table 2  Features based on MI scores:
Eber Lake Eğirdir Lake
Feature MI score Feature MI score
LWL (T) 1.353 LWL(T) 1.502
LWL (T-1) 0.764 LWL(T-1) 0.926
LWL (T-2) 0.481 Tave 0.0792
RH 0.104 Tmax 0.0657
Tmin 0.057 Rainfall 0.0592
SH 0.047 WS 0.0360
WS 0.042 Tmin 0.000
Tave 0.005 RH 0.000
Tmax 0.003 SH 0.000
Rainfall 0.000
Note: Bold characters were selected as input

Fig. 5  The importance of features according to mutual information approach: (a) Eber lake, (b) Eğirdir 
lake
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that minimum temperature values increase and decrease regularly every year around Lake 
Eber, therefore seasons have a strong effect on temperature. This reflects the region’s charac-
teristic seasonal climate pattern. Tmin_Cyclic (Cyclic Component) represents longer-term 
and irregular cycles, unlike trend and seasonality. Here, it is seen that there are long-term 
fluctuations in the Tmin series, and these fluctuations are not regular but tend to increase 
over time. This may be due to large-scale climate systems (e.g. AMO, PDO or Nino 3.4) 
or local environmental changes. Tmin_Noise (Noise Component) represents the random 
fluctuations in the series. This component contains the unexplained variations remaining 
after the other subcomponents are removed. The noise in the graph consists largely of low-
amplitude random fluctuations, but sudden jumps are occasionally observed. These jumps 
may be due to sudden atmospheric events or measurement errors.

Figure 8 indicates that a RH belonging to Lake Eber is separated into its subcomponents 
by the SSA. RH (Original Series) has a mixed structure, including seasonal cycles, trend 
and noise components. The wavy movement indicates that the relative humidity is strongly 
affected by the atmospheric conditions in the region. RH_Trend (Trend component) rep-
resents the long-term changes in relative humidity. The graph shows a wavy long-term 
trend. This indicates that the relative humidity increases and decreases in certain periods but 
does not contain a general trend. RH_Seasonal (Seasonal Component) indicates the regular 
annual cycles in relative humidity. This indicates that there are pronounced seasonal effects 
in the Eber Lake region and that the humidity level increases or decreases in certain periods 
of the year. Such a pattern reflects the local climate characteristics and seasonal precipita-
tion regime. RH_Cyclic (Cyclic Component) indicates long-term fluctuations that are not 
seasonal but occur at regular intervals. The amplitude and frequency of the cycles indicate 
the recurrence of events in the relative humidity at certain intervals. RH_Noise (Noise Com-
ponent) represents the random fluctuations in relative humidity.

Figure 9 visualizes LWL values for Lake Eber separated into its subcomponents by the 
SSA. Original LWL includes seasonal cycles, trends and noise components. The water 
level exhibits significant fluctuations and trends, indicating that it is affected by long-term 
atmospheric and hydrological effects. LWL(T)_Trend (Trend component) reflects long-term 
changes in water level. Here, large fluctuations, rising and falling, are noticeable. LWL(T)_
Seasonal (Seasonal Component) represents regular annual cycles. This pattern, which has a 
distinct repeating structure, indicates that annual cycles such as seasonal precipitation, snow 

Fig. 6  PACF Plots of LWL times series
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melt or temperature changes affect the water level regularly. LWL(T)_Cyclic (Cyclic Com-
ponent) represents non-seasonal, medium and long-term cyclic changes. LWL(T)_Noise 
(Noise Component) represents random and short-term fluctuations in water level. The 
amplitudes of the noise increased significantly in some periods. This may be due to mea-
surement errors, sudden hydrological events (e.g. floods) or small-scale local variability.

For methodological transparency, the forecasting framework was implemented in two 
parallel forms. The first form consisted of MI-based baseline models, where the predic-
tors selected by mutual information from the original time series were directly supplied to 
CatBoost, CNN, DNN, and RNN. The second form consisted of SSA-enhanced models, 
where those same selected predictors were first decomposed into interpretable SSA compo-
nents (e.g., trend, seasonal, cyclic, and residual/noise-related components), and the result-
ing subseries were used as inputs to the same learning algorithms. Thus, the comparison 
in Table 3 was designed to quantify the incremental benefit of SSA preprocessing beyond 
MI-based feature selection alone. Table 3 shows the performance evaluation of the lake 
water level prediction models for the test phase after 1 month. When the prediction results 

Fig. 7  Subcomponents obtained by SSA of Tmin in Lake Eber
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are compared, it is determined that the SSA technique significantly increases the prediction 
accuracy of artificial intelligence techniques. According to findings, as seen in Table 3, the 
most accurate prediction results in Lake Elber were obtained with SSA-MI-CNN with the 
values of RMSE: 0.107, MAE: 0.069, NSE: 0.937 and MBE: 0.034 Pbias: 0.004. SSA-MI-
RNN model showed the most accurate predictions in Ereğli Lake with the values of RMSE: 
0.098, MAE: 0.060, NSE: 0.961, MBE: -0.001 and Pbias: 0.000.

Figure 10 (a) shows scatter plot of AI prediction models and observed values in Eber 
lake. MI-Catboost, MI-CNN and MI-DNN show a very good fit with R² = 0.86, R² = 0.82, 
and R² = 0.87, respectively. It is seen that the model’s predictions have a high correlation 
with the observed values. The closeness of the points to the fit line indicates good perfor-
mance. MI-RNN, on the other hand, does not show a linear scatter as the other models and 
shows a relatively scattered structure, so it can be inferred that weaker predictions are made. 
Figure 10 (b) visualizes scatter plot of hybrid AI prediction models in Eber Lake. When the 
scatter plots are examined, the SSA-MI-CNN model algorithm shows the most superior 

Fig. 8  Subcomponents obtained by SSA of RH in Lake Eber
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distribution and relationship with the highest R2: 0.95 values. SSA-MI-Catboost shows the 
weakest prediction results and relationship with the lowest R2: 0.95 values.

Figure 10 (c) visualizes scatter plot of hybrid AI prediction models in Eğirdir Lake. 
When the scatter plots are examined, the SSA-MI-RNN model algorithm shows the most 
superior distribution and relationship with the highest R2: 0.96 values. SSA-MI-DNN rep-
resents the weakest estimation results and relationship with the lowest R2: 0.93 values. 
Figure 10 (d) shows the scatter plot of AI prediction models and observed values in Eğirdir 
Lake. MI-Catboost, MI-CNN and MI-DNN are satisfactory results in terms of exhibiting a 
very close linear fit line with R² = 0.93, R² = 0.90 and R² = 0.92, respectively. It is also seen 
that the predictions in these three models have a high correlation with the observed values. 
Also, As seen in Fig. 10, the first three models have 70% accuracy and produce satisfactory 
predictions, while the MI-RNN model produces relatively weaker predictions than the other 
models with R² = 0.84.

Fig. 9  Subcomponents obtained by SSA of mean temperature in Lake Eber
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Eber Lake AI prediction data visualization, based on Bland-Altan graphs during the test 
phase, is shown in Fig. 11 (a). A Bland-Altman plot evaluates the fit of two measurement 
methods by plotting the difference between their means. In this case, the two measurement 
methods are the model’s predicted and the actual value. The x-axis represents the mean of 
the actual and predicted values. The y-axis represents the difference between the actual and 
predicted values (prediction minus the true). The dashed line in the middle shows the mean 
of the differences (bias). MI-Catboost estimates are distributed between − 0.4 and 0.2, and 
the estimate differences are generally consistent. MI-CNN estimates are generally concen-
trated between − 0.4 and 0.4 and are symmetric. MI-DNN estimates are between − 0.3 and 
0.3 and are symmetric. MI-RNN estimates show estimates ranging between − 0.5 and 0.4. 
In general, all models perform similarly, but it can be said that Catboost and DNN models 
make slightly more consistent estimates. The presence of a few outliers in each model indi-
cates that the models have difficulty in some special cases. Eber Lake SSA-MI-based hybrid 
prediction framework, prediction data visualization, based on Bland-Altan graphs during 
the test phase, is shown in Fig. 11 (b). SSA-MI-Catboost results are distributed between 
− 0.5 and 0.25. A negative trend is observed as the mean values increase. SSA-MI-CNN and 
SSA-MI-DNN estimates are concentrated between − 0.2 and 0.2, and it can be inferred that 
they produce more consistent and superior outputs than the other models. SSA-MI-RNN 
estimates range from − 0.2 to 0.4 and have a highly symmetric structure. Figure 11 (c) pres-
ents Eğirdir AI prediction data based on Bland-Altan graphs. MI-DNN and MI-RNN seem 
to perform best with low bias and better fit. MI-Catboost shows reasonable performance, 
but there are some outliers.

Table 3  Comparison of the forecast results of the lake water level test phase
Eber Lake

MI-based ML models MI and SSA-based ML models
Statist. MI-Catboost MI-CNN MI_DNN MI-RNN SSA-MI-Catboost SSA-MI-

CNN
SSA-
MI-
DNN

SSA-
MI-
RNN

RMSE 0.170 0.193 0.163 0.238 0.229 0.107 0.123 0.144
MAE 0.098 0.088 0.097 0.163 0.154 0.069 0.086 0.098
NSE 0.841 0.795 0.854 0.687 0.711 0.937 0.916 0.885
MBE -0.047 -0.013 -0.021 -0.060 -0.103 0.034 -

0.005
0.043

Pbias -0.005 -0.001 -0.002 -0.006 -0.011 0.004 0.000 0.004
Eğirdir Lake
Statist. MI-Catboost MI-CNN MI_DNN MI-RNN SSA-MI-Catboost SSA-MI-

CNN
SSA-
MI-
DNN

SSA-
MI-
RNN

RMSE 0.136 0.158 0.139 0.205 0.134 0.117 0.133 0.098
MAE 0.081 0.073 0.068 0.134 0.094 0.083 0.081 0.060
NSE 0.924 0.898 0.921 0.827 0.927 0.944 0.928 0.961
MBE 0.005 0.013 -0.003 0.033 0.000 -0.047 0.016 -

0.001
Pbias 0.001 0.001 0.000 0.004 0.000 -0.005 0.002 0.000
Note: Bold characters show the best model
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Figure 11 (d) indicates Eğirdir hybrid AI prediction data based on Bland-Altan graphs. 
All four models perform relatively well, with low bias and most points within the limits 
of fit. SSA-MI-RNN appears to perform slightly better with the tightest data distribution. 
SSA-MI-Catboost, SSA-MI-CNN, and SSA-MI-DNN have some outliers, especially for the 
lower mean values, suggesting that these models may be less accurate in this range.

Figure 12 presents the test phase box plots of different models (MI-Catboost, MI-CNN, 
MI-DNN, MI-RNN) predicting the water level of Lake Eber and the combination of these 
models with SSA. The box plots are used to compare the central tendency and spread of the 
predictions of each model and observation. When the median values of the horizontal lines 
passing through the middle of the boxes are examined, the median of the observed value 
and the median of the predicted values largely overlap. This indicates that the predictions 
of the models are quite consistent. However, the models that are most compatible with the 
observed values were determined to be CNN-based models. The points seen above and 
below the box represent outliers. The outliers are similar in the observed values and in the 
individual models except for MI-Catboost. The length of the box and the upper and lower 
whiskers show the distribution of the model’s predictions. In terms of spread, the MI-CNN 

Fig. 10  Scatter plots of AI and hybrid models in Lakes Eber and Eğirdir: (a) AI predicition models in 
Eber, (b) SSA-MI-based hybrid prediction framework in Eber, (c) SSA-MI-based hybrid prediction 
framework in Eğirdir, (d) AI predicition models in Eğirdir
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and SSA-MI-CNN models with the closest median to the observed values and a reasonable 
spread indicate that they perform best. Figure 13 shows the box diagram of the estimation 
results of the test phase in Eğirdir Lake. Accordingly, according to the data distribution and 
outliers, it can be concluded that all models except Catboost produce promising results in 
terms of the data distribution and the similarity of the upper-lower whiskers.

5  Discussion

The present study revealed that integrating SSA with advanced machine learning techniques 
significantly enhances the accuracy of lake water level forecasting. The specific focus on 
Eber Lake and Eğirdir Lake demonstrated the effectiveness of using a hybrid model that 
combines SSA-based deep learning with categorical boosting to manage complex, non-
linear, and seasonal hydrological patterns. In particular, SSA provided an efficient decom-
position of time series data into trends, seasonal, and residual components, enabling the 
models to capture lake-specific patterns with higher accuracy. For instance, the decomposi-
tion of water levels for Eber Lake into T + 1 components showed that including lagged data 
(LWL(T-1) and LWL(T-2) as inputs increased predictive accuracy, corroborating findings 

Figure 10  (continued)
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from previous studies that highlight the value of lagged water level inputs in hydrological 
forecasting (Nguyen et al. 2022).

According to the mutual information (MI) ranking, the most informative predictors 
for LWL(T + 1) in Eber Lake were LWL(T), LWL(T − 1), LWL(T − 2), RH, Tmin, SH, 
and WS. For Eğirdir Lake, the highest-ranked predictors were LWL(T), LWL(T − 1), 
Tave, Tmax, Rainfall, and WS. These variables were selected from the candidate predic-
tor set because they yielded the highest MI scores with the target series, indicating the 
strongest statistical dependence and information content for one-month-ahead forecast-
ing, rather than a direct causal effect. The models incorporating mutual information 
feature selection further demonstrated that selecting features with the highest scores, 
such as LWL(T) and LWL(T-1), for Eber Lake provided superior performance. This pro-
cess, applied to Eğirdir Lake as well, allowed the model to prioritize essential predictors 
while reducing noise, thus improving accuracy. Mutual information-based models, such 
as MI-CNN and MI-DNN, showed consistently better performance in capturing lake 
water level dynamics compared to traditional methods, aligning with studies by Zhang et 
al. (2011) and Reddy et al. (2022) on the importance of selecting features that maximize 
relevant information for forecasting.

Figure 10  (continued)
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Deep learning techniques (LSTM, CNN, and RNN) combined with SSA increased pre-
diction performance and yielded high predictive performance in different lakes. For instance, 
the SSA-MI-CNN and SSA-MI-LSTM models yielded notable accuracy for Eber Lake by 
capturing temporal and spatial dependencies, which has been a challenging aspect of hydro-
logical modelling in complex lake systems (Barzegar et al. 2021; Kogekar et al. 2021). The 
effectiveness of hybrid SSA-MI-CatBoost illustrated the robustness of categorical boosting 
in handling multicollinear and high-dimensional environmental data, making it well-suited 
for dynamic environments such as Eğirdir Lake, where lake water levels are influenced by 
various meteorological and geographical factors (Kim et al. 2023; Qian et al. 2023).

It was determined that although the hybrid models yielded high prediction accuracy, 
there was a noticeable variance in performance in different lakes. For example, Eber Lake 
showed high accuracy at T + 1 monthly lag, likely due to strong intrinsic dependencies within 
its water levels, whereas Eğirdir required additional preprocessing to manage the seasonal 
variability observed in their lake water levels (Altunkaynak 2019; Yadav and Eliza 2017). 
This sensitivity to lake-specific characteristics suggests that incorporating local hydrologi-
cal attributes may improve model generalizability, especially for lakes with unique seasonal 
fluctuations.

Although the proposed SSA-based hybrid models achieved high forecasting accuracy, 
several limitations should be noted. The study was conducted using data from only two 
lakes, which may limit the generalizability of the findings to other hydrological systems. 

Figure 10  (continued)
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Model performance also depends on the quality and availability of historical lake water 
level and meteorological data. Finally, external factors such as water management practices, 
land-use changes, and anthropogenic interventions were not explicitly considered, which 
may influence lake water level dynamics and forecasting performance.

6  Conclusion

This study proposes a robust and adaptive framework for monthly lake water level forecast-
ing by integrating Singular Spectrum Analysis (SSA), mutual information-based feature 
selection, advanced deep learning architectures (DNN, CNN, RNN), and the categorical 
boosting model CatBoost. The model’s unique combination of SSA for data decomposition 

Fig. 11  Visualization of AI and SSA-enhanced hybrid models in Lakes Eber and Eğirdir based on Bland-
Altan graphs: (a) AI predicition models in Eber, (b) SSA-MI-based hybrid prediction framework in 
Eber(c) AI predicition models in Eğirdir, (d) SSA-MI-based hybrid prediction framework in Eğirdir
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and mutual information for optimized feature selection demonstrates its potential to capture 
the complex, nonlinear patterns inherent in lake water levels across varied hydrological con-
ditions. Applied to Eber Lake and Eğirdir Lake, this approach achieved notable improve-
ments in prediction accuracy, highlighting the value of hybrid models in handling intricate 
temporal dependencies and spatial variances in hydrological data.

The model’s performance underscores the efficacy of SSA in enhancing the predic-
tive power of deep learning by isolating meaningful components from noise and residu-
als, which, when combined with CNN and LSTM architectures, allow for more precise 
forecasting even under challenging conditions. The inclusion of mutual information-based 
selection enables the model to prioritize the most informative variables, contributing to 
reduced dimensionality and noise, which are critical in maintaining model accuracy across 

Figure 11  (continued)
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different time lag, such as T + 1. Furthermore, CatBoost’s ability to handle categorical and 
high-dimensional data positions it as a valuable asset in managing the diverse environmen-
tal and meteorological variables impacting lake water levels.

This research contributes to the existing literature by providing empirical evidence for 
the effectiveness of SSA-enhanced deep learning models and categorical boosting in water 
level forecasting. However, it also reveals that model performance can vary depending on 
lake-specific attributes, such as hydrological regime and seasonal variability, suggesting 
that future research should focus on adaptive frameworks that dynamically adjust based on 
the unique characteristics of each lake. Such refinements could further enhance the model’s 
generalizability and utility for broader applications, including flood forecasting and reser-
voir management.

Figure 11  (continued)
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Figure 11  (continued)

Fig. 12  Model evaluation with box diagonals of the test phase of Lake Eber

 

 



1 3

Page 27 of 31    444 Robust Monthly Lake Water Level Forecasting Using an Ensemble of…

In conclusion, the proposed hybrid model not only offers a powerful tool for lake water 
level forecasting under diverse conditions but also sets a foundation for further exploration 
into SSA-based deep learning ensembles in hydrological and environmental modelling. The 
findings underscore the potential for integrated machine learning frameworks to transform 
predictive accuracy in water resource management, addressing a critical need for resilience 
in the face of climate variability and environmental change.
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Fig. 13  Model evaluation with box diagonals of the test phase of Eğirdir
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