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Flood prediction accuracy is often constrained by heterogeneous and
asynchronous hydrological data collected at different time intervals. This
study proposes a hybrid deep learning—based flood prediction framework
that integrates long short-term memory (LSTM), convolutional neural
network (CNN), and cubic spline interpolation (CSI) to address these
challenges. Rainfall, river discharge, and water level data representing
upstream, midstream, and downstream conditions of the Bengawan Solo
watershed were utilized. CSI was applied as a preprocessing step to
harmonize multi-interval data, reduce noise, and recover missing
observations, thereby improving data consistency. The experimental results
show that the proposed hybrid LSTM-CNN model enhanced with CSI
outperforms baseline LSTM and non-interpolated hybrid models, achieving
a mean absolute percentage error (MAPE) of 5.84%, root mean square error
(RMSE) of 0.125 m, mean absolute error (MAE) of 0.082 m, and R? of

0.948. The integration of spatio-temporal feature learning with data
harmonization enables more accurate flood level prediction and supports
timely flood early warning systems. The proposed approach demonstrates
strong potential for improving flood risk management and disaster
preparedness in flood-prone regions.
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1. INTRODUCTION

Flooding is a recurring natural disaster in Indonesia, particularly in areas intersected by large river
systems and complex irrigation networks [1], [2]. This phenomenon poses serious threats to human safety,
damages infrastructure, and disrupts agricultural activities. As climate variability increases, the frequency
and intensity of floods continue to rise, especially in lowland and river-adjacent regions. An effective and
accurate flood prediction system is essential to enable communities and authorities to take early and
appropriate mitigation measures [3], [4].

Bojonegoro Regency is one of the most vulnerable to floods which is located along the Bengawan
Solo River and its tributaries. Water levels at dams such as Gerak, Gongseng, and Pacal are often elevated as
a result of high rainfall and increased upstream water discharge, endangering downstream communities.
Although these essential hydraulic, current early warning systems often lack the accuracy and timeliness
needed for effective disaster response. A significant disparity can be observed between available hydrological
data and the predictive frameworks being utilized, in particular, in terms of integrating spatial and temporal
variables in real time [5]-[7]. Another challenge is that hydrological variables are often recorded at different
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time intervals, leading to inconsistencies and irregularities in the datasets. Such variations complicate data
integration and forecasting, since models must align and process asynchronous time series.

Various computational approaches to flood forecasting have been investigated in recent studies, for
example conventional machine learning algorithms, such as support vector machines, decision trees, and
regression models [8]-[10]. However, these models are inadequate in modelling nonlinear dependencies,
complex temporal-spatial interactions, and are limited in their scalability for real-world applications
[11]-[13]. In contrast, deep learning approaches, particularly long short-term memory (LSTM) networks and
convolutional neural networks (CNN) have shown better potential [14]-[16]. LSTM is effective in capturing
long-term temporal sequences [17], [18], whereas CNN demonstrates processing spatially structured data
[19]. Nonetheless, most current models have not yet achieved optimal integration of both temporal and
spatial features in a unified predictive framework. Hydrological variables are often recorded at different time
intervals, leading to inconsistencies and irregularities in the datasets. Such variations complicate data
integration and forecasting, since models must align and process asynchronous time series. To address this
challenge, this study employs cubic spline interpolation (CSI) to harmonize multi-interval data. This study
introduces a hybrid approach that integrates LSTM, CNN, and CSI to improve the accuracy and
responsiveness of flood prediction [20], [21]. LSTM, CNN, and CSI play complementary roles: LSTM
captures long-term temporal dependencies and CNN extracts spatial features, and CSI is utilized for the
smoothing and reconstructive hydrological multi-interval time-series data, reducing noise and improving the
quality of input fed into the deep learning models [22], [23].

Despite the extensive application of machine learning and deep learning models for flood prediction,
several critical limitations remain in existing studies. Most previous works focus primarily on temporal
modeling using LSTM or spatial feature extraction using CNN independently, without effectively integrating
both capabilities within a unified prediction framework. In addition, hydrological monitoring data are often
collected at heterogeneous and asynchronous time intervals, yet many prior studies assume uniform temporal
resolution or apply simple interpolation techniques that do not adequately address noise and missing values.
These limitations reduce model robustness and may lead to unstable predictions, particularly during rapidly
changing hydrological conditions. Therefore, a clear research gap exists in developing an integrated flood
prediction framework that simultaneously handles spatio-temporal feature learning and harmonizes multi-
interval hydrological datasets. This study addresses this gap by integrating a hybrid LSTM-CNN architecture
with CSI to improve data consistency and predictive accuracy.

The novelty of this study lies in the explicit integration of a hybrid LSTM-CNN architecture with
CSI to address both spatio-temporal feature learning and multi-interval hydrological data harmonization
within a single flood prediction framework. This study uses a hybrid model that integrates LSTM, CNN, and
CSI architectures to improve the accuracy and responsiveness of flood prediction. In contrast to previous
models that process either temporal or spatial features separately, the proposed model combines real-time
rainfall [24], [25], water discharge [26], [27], and water level data [28] from multiple upstream dams into a
unified prediction model. Quantitatively, the proposed approach reduces prediction error from 7.85%
(baseline LSTM) to 5.84% mean absolute percentage error (MAPE) and improves the coefficient of
determination from 0.921 to 0.948, demonstrating the measurable contribution of the proposed framework.

This study focuses on three main objectives: developing a deep learning-based flood prediction
system capable of handling spatio-temporal hydrological data, enhancing the speed and precision of water
level forecasts for earlier flood warnings and employing CSI reconstruct time-series data with differing
intervals, reducing noise and improving the quality of inputs for the predictive model. The expected benefits
include more accurate flood risk assessments, improved disaster preparedness, and more timely mitigation
actions for at-risk communities. This research addresses a critical need for more intelligent and integrated
flood prediction systems in vulnerable regions like Bojonegoro and Tuban, East Java, Indonesia. The
combination of deep learning methods with real-time monitoring data offers a practical solution to bridge
existing gaps in early warning systems. The contribution is both scientific and societal: it advances the field
of hydrological modelling through a novel hybrid architecture and supports disaster mitigation efforts
through accurate and actionable flood forecasts. As extreme weather events become more frequent, such
predictive systems will be increasingly vital for climate resilience and public safety.

2. METHOD

This study aims to develop a flood prediction model using a hybrid approach that combines deep
learning techniques with CSI through four main stages. The first stage involves the collection and
preprocessing of hydrological data, including rainfall, river discharge, and water level. Data were obtained
from Bengawan Solo Central River Basin Authority, the Water Resources Management Agency, and the
Regional Disaster Management Agency, as well as through field studies conducted in the Bengawan Solo
River Basin and the Gerak Dam in Bojonegoro Regency, East Java. The data, recorded at varying time
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intervals (rainfall every 1 hour, discharge every 15 minutes, and water level every 10 minutes), were used to
analyze hydrological dynamics and the influence of rainfall on discharge and water level fluctuations. To
synchronize data with differing temporal resolutions, CSI was applied to enhance the accuracy and
consistency of inputs for the hydrological model. The second stage focuses on the design and development of
a flood prediction model using a hybrid configuration based on LSTM and CNN architectures, with
optimized hyperparameters such as the number of epochs, batch size, and learning rate. The third stage
involves training and validating the model using the interpolated dataset, followed by performance evaluation
using metrics such as MAPE, R2, mean absolute error (MAE), and root mean square error (RMSE). The
fourth stage includes result interpretation and model analysis to support decision-making in water resource
management and flood mitigation efforts in the study area. Figure 1 presents the workflow of the proposed
hybrid flood forecasting model, outlining each stage from data acquisition to model deployment, including
preprocessing, spline interpolation, and deep learning integration.
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. . Dataset
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Figure 1. Architecture of the proposed flood prediction system

2.1. Data collection and preprocessing

Accurate flood forecasting requires high-resolution hydrological data and consistent temporal
alignment across multiple parameters. In this study, the hydrological dataset comprises multivariate time-
series observations with heterogeneous temporal intervals: hourly rainfall (R;), 15-minute discharge (Q;), and
10-minute water level measurements (H,). These variables originate from diverse measurement systems and
require uniform sampling rates for effective temporal modeling. Rainfall data were obtained from the
Bojonegoro, Pacal Dam, and Padangan Rainfall Posts, representing the city, upstream, and middle reaches of
the Bengawan Solo Watershed. Water discharge and water level data were collected from the Malo Bridge
and Sumberejo water Level Posts, the primary monitoring points in the river segment around Bojonegoro.
We chose these monitoring posts because the locations represent the contribution of local rainfall and
flooding from upstream. This study employed rainfall, discharge, and water level data in combination to
analyze the relationship between rainfall intensity, increased flow volume, and potential overflow in the
flood-prone areas of Bojonegoro. Table 1 presents the hydrometeorological monitoring posts, including
rainfall, water discharge, and water level stations, that are relevant for analyzing flood risk in Bojonegoro and
Tuban, East Java, Indonesia.
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Table 1. Monitoring posts for rainfall, water discharge and water level related to flood risk

Variables Monitoring posts Role in flood prediction Key rationale

Rainfall Pacal Dam Rainfall Upstream primary Provides the earliest signal of heavy upstream rainfall that
Post predictor drives discharge toward Bojonegoro (longest lead time).

Water discharge  Karangnongko Water  Early upstream Indicates inflow from the upstream area before reaching
Discharge Post discharge predictor Bojonegoro, critical for early warning.

Water level Karangnongko Water  Early upstream water- Detects initial rise in water level upstream, which can
Level Post level signal propagate downstream and affect Bojonegoro.

Water discharge  Malo Bridge Water Confirmation of inflow Represents the volume of flow that directly affects
Discharge Post to the city Bojonegoro City.

Rainfall Bojonegoro Rainfall Local rainfall predictor ~ Captures intense local rainfall that may trigger urban/flash
Post flooding.

Water level Sumberejo Water Target/flood trigger Direct measurement of potential river overflow; used as the
Level Post final indicator of flooding.

As a first step in the development of a flood prediction system, rainfall and water level data obtained
from environmental sensors often experience irregularities, noise, or missing data. To overcome this, the CSI
approach is used, which is a numerical interpolation method for reconstructing continuous data from discrete
observations. The cubic spline function is arranged in the form of a third-degree polynomial segment for each
interval between two consecutive data points, as shown in (1). To harmonize the time scales, CSI was
utilized. This technique constructs a piecewise third-degree polynomial between data points, ensuring
continuity in the first and second derivatives across intervals. Let the observed data points be defined as
(%0, ¥0)- X1, V1), » (Xny Vn), Where x; denotes the time and y; the observed value (e.g., rainfall or
discharge). The goal is to estimate intermediate values y(x) at arbitrary points x € [x;, x;41].

Si(x) = a; + bj(x — x;)+c;(x — x)* + di(x — x;)? 1)

The CSI function S; (x), shown in (1) is used to generate a smooth curve based on available rainfall or
water level data. Each polynomial segment constructed in the CSI process ensures continuity and smoothness
in the overall hydrological time series. In flood prediction modeling, abrupt variations in rainfall or water level
data can significantly compromise model accuracy. As represented in (2), the spline function is required to
pass through all original data points, preserving the integrity of the temporal hydrological dynamics.

Si) =y, Si(Xi41) = Vi )

The CSI applies continuity constraints at the segment connection points of each spline segment,
maintaining smoothness throughout the interpolated hydrological time series. This continuity constraints
reinforce the model’s suitability for reliable flood prediction as expressed in (3) and (4):

Si(xie1) = Sip1(xi41) 3)
Si”((xi+1) = Si’;1(xi+1) (4)

The spline condition ensures interpolation stability at the edges and prevents unrealistic extrapolation in
rainfall or water level modeling, as represented in (5):

So'(xo) = 0, Sy_1(xn)=0 (®)

The construction of the spline requires establishing the interval between successive time points. The width of
interval is critical in determining the cubic spline coefficients, which ensures the accuracy of temporal
interpolation for hydrological variables such as rainfall and water level. The interval width h; between each
pair of data points is mathematically defined in (6):

hi = xi4q — % (6)

CSI provides a mathematical approach to capture nonlinear variations in rainfall and water level data by
estimating intermediate values [29]-[31]. The spline coefficients, preserve the continuity and smoothness of
the curve throughout each sub interval. The coefficient a;, representing the function value at the beginning of
an interval, is defined in (7):

a; = Yi @)

where y; is the actual data value at position x;.
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The coefficient b; represents the local gradient of the interpolation function. The coefficient is
determined by considering the variation in function values across points, as well as the influence of the
adjacent spline curves, as described in (8):

+1=Yi M
b= HE= = 2= 20+ i) ®)

The coefficient d; represents the curvature or the cubic contribution of the spline segment and is essential for
shaping the smoothness of the interpolated curve. It is computed using the difference in second derivatives
across consecutive intervals, as shown in (9):

d; = St ©

After the interpolated data is obtained and recovered from missing values and noise, the next step is to
normalize hydrological features such as rainfall, water level, and discharge. This normalization is important
so that the deep learning algorithm is not biased towards features with large scales. The normalization
method used is min-max scaling, as formulated in (10):

x' = X~ Xmin (10)

Xmax~ Xmin

This normalization produces features in the range [0, 1] which are then used as input in a hybrid deep
learning architecture based on LSTM-CNN, to capture temporal patterns and long-term dependencies of
hydrological data that have been smoothed through spline interpolation.

2.2. Model design and development

The hybrid flood prediction model in this study combines LSTM and CNN to effectively extract
both spatial and temporal features from multivariate hydrological time-series data. The integration of CNN
for local feature learning and LSTM for temporal sequence modeling produces a robust prediction model
capable of capturing complex spatio-temporal patterns.

2.2.1. Long short-term memory architecture design

A hybrid LSTM-CNN model is employed for spatio-temporal feature extraction. Initially,
sequential patterns from the rainfall, discharge, and water level data are captured by an LSTM network,
which models long-term temporal dependencies. The features extracted by the LSTM layer are then
processed by a CNN module, enabling the model to learn spatial representations from the sequential data,
which identifies localized spatial features and short-term fluctuations. This hybrid architecture ensures that
both global temporal trends and local spatial variations are effectively learned.

To effectively represent temporal dynamics in the hydrological data, an LSTM network is applied to
model sequential dependencies, such as rainfall, discharge, and water level. Through its memory and gated
mechanisms, the LSTM network effectively models long-term patterns and dependencies that play a pivotal
role in flood dynamics. The mathematical formulation of an LSTM cell at time step ¢ is described as follows:
— Forget gate

The forget gate decides which past information from the cell state should be discarded. This
mechanism ensures that only relevant hydrological features (e.g., rainfall patterns or sudden discharge
changes) are retained for prediction, as represented in (11):

fe = o(Ws. [he—q, x¢] + by (11)

Where:
fi: forget gate vector (same size as the cell state)
o sigmoid activation function, output in range [0, 1]
h;_4: hidden state from the previous time step
X, input at the current time step (e.g., rainfall or water level at time t)
Wy, by: weight matrix and bias for forget gate
— Input gate
The input gate regulates what new information is added to the cell state, allowing the model to
incorporate new events such as sudden rainfall spikes or water surges. The input gate is represented as (12):
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i = o(Ws. [he—q, xe] + by) (12)

Where:
i,: input gate vector controlling update strength.
W, by weight matrix and bias for input gate.
— Candidate cell state
In (13) calculates the candidate values to be potentially added to the cell state, representing new
knowledge learned from the current input.

C, = tanh(W,.. [he—y, x,] + by, (13)

Where:
C,: candidate cell state.
tanh: hyperbolic tangent activation to regulate value range.
W,, b.: weight matrix and bias for cell state update.
— Memory cell state update
The cell state C, is updated by blending the retained memory and new candidate values. In flood
prediction, this reflects both past patterns and current anomalies in hydrological parameters. Memory cell
state update is represented as (14):

Co=f; XCe_q + iy X C; (14)

Where:
C,: updated cell state.
Cy_,: previous cell state.
— Output gate
The output gate filters the current cell state to produce the hidden state h,, which captures the
relevant context used for the final output or further CNN processing.

or = o(Wy. [he—1, %] + by) (15)
hs = o; X tanh(C,) (16)

Where:

0, output gate vector.

h;: hidden state at time ttt, passed to the next LSTM step or CNN.
W,, b,: weight matrix and bias for output gate.

The LSTM-based model was implemented using the Keras library with TensorFlow backend. The
architecture consisted of two stacked LSTM layers, each with 128 units and a rectified linear unit (ReLU)
activation function, followed by a dropout layer with a rate of 0.2 to reduce overfitting. A dense output layer
with linear activation was used to predict continuous water level values. The model was trained using the
Adam optimizer with a learning rate of 0.001 for 100 epochs and a batch size of 64. The LSTM architecture
was selected for its proven ability to capture and preserve long-term temporal dependencies in sequential
datasets, thus improving prediction performance and robustness.

2.2.2. Convolutional neural network architecture design

The LSTM-CNN model architecture is designed to leverage the strengths of both recurrent and
convolutional networks for flood prediction. The LSTM layers first process sequential hydrological data to
capture long-term temporal dependencies and generate hidden representations. These LSTM outputs are then
fed into the CNN layers, which apply 1D convolution to extract local temporal features. Table 2 summarizes
the structure of the CNN component used to refine the LSTM-derived features.

Table 2. CNN architecture for flood prediction

Layer Type Output shape Filters/units  Kernel size  Activation
Input - (None, timesteps, 1) - - -
Convolutional layer 1 ConvlD (None, t-2, 32) 32 3 ReLU
Convolutional layer 2 ConvlD (None, t—4, 64) 64 3 RelLU
Convolutional layer 3 ConvlD (None, t—6, 128) 128 3 RelLU
Fully connected Dense (None, units) - - ReLU
Output Dense (None, 1) - - Linear
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To effectively process spatio-temporal patterns in time-series data such as rainfall, discharge, and
water level, the CNN model applies a one-dimensional (1D) convolution operation. This operation allows the
model to recognize local patterns by shifting the kernel along the time series. Mathematically, this process is
described by (17):

F = Z{'golxtﬂ K; (17)

Where F; is the feature map at time step ¢, X is the input sequence (such as rainfall or water level), and K is
the convolutional kernel of length L. This equation illustrates how CNN captures local temporal patterns
using a sliding window mechanism. Each convolutional layer progressively extracts more abstract features,
starting from simple spikes to complex rainfall and discharge combinations, with the ReLU activation
enabling non-linear learning. The dense layers then convert these features into continuous flood risk
predictions, making CNN valuable for early warning systems.

2.2.3. Implementation details and experiments setup

The hyperparameters of the deep learning models were determined through empirical tuning. The
LSTM-CNN model was trained for 100 epochs using a batch size of 32 and the Adam optimizer with a
learning rate of 0.001. Early stopping was applied to prevent overfitting by monitoring the validation loss.
The same training configuration was used for the baseline LSTM and CNN models to ensure a fair
comparison.

All experiments were implemented using Python with the TensorFlow and Keras deep learning
libraries. Model training and evaluation were conducted on a workstation with GPU acceleration to improve
computational efficiency. This setup ensured efficient training while maintaining reproducibility of the
results.

2.2.4. Algorithm description

This subsection describes the algorithmic workflow of the proposed hybrid LSTM-CNN flood
prediction method. CSI is employed to harmonize heterogeneous hydrological time-series data prior to deep
learning-based feature extraction and temporal modeling. The complete sequence of processing steps is
presented in Algorithm 1.

Algorithm 1. Hybrid LSTM-CNN flood prediction algorithm with CSI
Data: Multi-interval hydrological time-series data (rainfall, discharge, water level)
Result: Predicted flood water level, MAPE, RMSE, MAE, R?
: X « collect hydrological data from multiple monitoring stations
. Xraw < merge rainfall, discharge, and water level datasets
if time intervals of Xraw are inconsistent then
Xc « apply Cubic Spline Interpolation (Xraw)
else
Xc «— Xraw
end if
. Xn < normalize Xc

eoNTRONMR

10: Set hyperparameters:

11: epochs «— E

12:  batch_size — B

13:  learning_rate «— «

14: dropout rate « d

15:

16: for each time window t do

17:  Fc « extract features using CNN layers from Xn(t)

18: Ft < model temporal dependencies using LSTM layers from Fc
19:  Apply dropout with rate d

20: end for

21:

22: Y « predict flood water level using fused CNN-LSTM features
23:

24: Split dataset into training and testing sets

25: Train hybrid LSTM-CNN model using training data with (E, B, o)
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26: Validate model using testing data
27:
28: Evaluate prediction performance using MAPE, RMSE, MAE, and R?

The proposed method begins by collecting multi-source hydrological data and harmonizing
heterogeneous time intervals using CSI. The normalized data are then processed through CNN layers to
extract representative features, followed by LSTM layers to capture long-term temporal dependencies. A
hybrid CNN-LSTM architecture is employed to generate flood level predictions based on fused spatio-
temporal features. Finally, the model performance is evaluated using standard error metrics, including
MAPE, RMSE, MAE, and R

3. RESULTS AND DISCUSSION

The hybrid LSTM-CNN flood prediction model, enhanced with CSI, was tested through a series of
experimental scenarios. These scenarios were designed to evaluate the model's performance across different
configurations and data preprocessing conditions, allowing for a clear comparison of predictive accuracy and
robustness. The following subsections present the results for each scenario, along with an in-depth discussion
of their implications for real-world flood forecasting.

3.1. Scenario 1: baseline model performance

The baseline scenario was designed to establish a performance reference for subsequent
experiments. In this stage, the standalone LSTM and CNN architectures were trained and tested using raw
hydrological data without any interpolation or smoothing. As shown in Table 3, the LSTM model achieved a
MAPE of 7.85% and RMSE of 0.152 m, outperforming the CNN model, which recorded a MAPE of 8.42%
and RMSE of 0.167 m. These results indicate that LSTM is more effective at capturing temporal
dependencies inherent in sequential hydrological datasets, while CNN’s reliance on local feature extraction
may limit its ability to represent long-term patterns.

Table 3. Performance results of baseline flood prediction models
Model MAPE (%) RMSE(m) MAE(m) R?
LSTM 7.85 0.152 0.098  0.921
CNN 8.42 0.167 005  0.908

Although the LSTM model showed better performance than CNN, both models exhibited moderate
error rates, which could be attributed to noise, missing values, and heterogeneous temporal resolutions in the
dataset. The R2 values (0.921 for LSTM and 0.908 for CNN) suggest that neither model could fully capture
the variance in observed water levels. These findings emphasize the need for more advanced modeling
techniques and preprocessing strategies to improve forecasting accuracy.

3.2. Hybrid model without interpolation

In the second scenario, the LSTM-CNN hybrid architecture was applied to raw data without any
interpolation. The purpose was to determine whether integrating temporal sequence modeling (via LSTM)
with spatial pattern extraction (via CNN) could outperform individual models. As presented in Table 4, the
hybrid model achieved a MAPE of 6.95% and RMSE of 0.138 m, showing a significant improvement over
both baseline models. This performance gain demonstrates that the combination of LSTM and CNN enables
better representation of both long-term dependencies and short-term variations in hydrological time series.

Table 4. Performance results of the hybrid LSTM—-CNN flood prediction model without CSI
Model MAPE (%) RMSE (m) MAE(m) R?
LSTM-CNN 6.95 0.138 0.09 0.936

The improvement over the standalone models is consistent across all metrics, with the hybrid
approach delivering an R2 of 0.936 compared to 0.921 for LSTM and 0.908 for CNN. This confirms that the
hybrid architecture benefits from the complementary strengths of its components. However, residual
prediction errors during high-variability periods indicate that irregular sampling and noise still affect model
performance. Therefore, further enhancements, particularly in preprocessing, are expected to unlock the full
potential of this architecture.
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3.3. Effect of cubic spline interpolation

The third scenario introduced CSI as a preprocessing step before feeding the data into the hybrid
LSTM-CNN model. This interpolation method was applied to address missing data points, reduce
measurement noise, and harmonize temporal resolutions across rainfall, discharge, and water level datasets.
As reported in Table 5, the proposed hybrid LSTM-CNN model enhanced with CSI consistently
outperformed the baseline models across all evaluation metrics. This significant improvement underscores
the importance of clean and temporally consistent data for deep learning model performance.

Table 5. Performance comparison of the hybrid LSTM—CNN+CSI model
Model MAPE (%) RMSE(m) MAE(m) Re
LSTM-CNN+CSI 5.84 0.125 0.082  0.948

The observed performance gains can be attributed to the CSI’s ability to preserve smooth transitions
in hydrological variables while maintaining the integrity of their temporal dynamics. By eliminating abrupt
jumps between measurements and filling in missing values, CSI effectively reduces the uncertainty in model
inputs. This leads to more stable learning during training and reduces the risk of overfitting to noisy
observations. The results highlight that preprocessing using interpolation is not just a data preparation step
but a critical factor that directly influences model predictive capability, particularly in domains like
hydrology where measurement inconsistencies are common.

3.4. Comparative analysis

To provide a comprehensive performance comparison, all three configurations—baseline models,
hybrid without interpolation, and hybrid with CSl—were evaluated side-by-side. As shown in Table 6, the
hybrid model with CSI achieved the lowest error rates (MAPE: 5.84%, RMSE: 0.125 m, and MAE: 0.082 m)
and the highest R? value of 0.948. In contrast, the standalone CNN recorded the weakest performance across
all metrics, reaffirming the benefits of temporal modelling in hydrological forecasting. This comparison
clearly demonstrates the cumulative advantages of architectural integration and data preprocessing.

Table 6. Hybrid model performance with CSI

Scenario MAPE (%) RMSE(m) MAE(m) R?
LSTM (baseline) 7.85 0.152 0.098 0.921
CNN (baseline) 8.42 0.167 0.105 0.908
Hybrid LSTM-CNN 6.95 0.138 0.09 0.936
Hybrid LSTM-CNN+CSI 5.84 0.125 0.082 0.948

From a practical perspective, these results imply that operational flood forecasting systems can
benefit from both model design improvements and robust data preparation pipelines. The reduction in error
from the baseline to the best-performing configuration translates to more accurate flood warnings and
potentially more lead time for disaster response. The consistency of performance improvements across
multiple metrics further reinforces the reliability of the hybrid LSTM-CNN+CSI configuration. Such
findings have implications not only for flood forecasting but also for other spatio-temporal prediction tasks in
environmental and climate modelling.

Figure 2 illustrates the prediction error differences (predicted minus observed water level) for the
four evaluated models. The results reveal a clear pattern in which the error distribution becomes
progressively narrower as the model architecture becomes more integrated. The standalone CNN and LSTM
models show larger fluctuations around zero, indicating higher prediction variance and less stable forecasting
behavior during dynamic hydrological conditions. The hybrid LSTM—CNN model reduces this variability,
demonstrating that combining temporal sequence modeling with local feature extraction improves prediction
stability. The most consistent pattern is observed in the LSTM—CNN+CSI model, where error values remain
tightly concentrated around zero across the time series. This indicates that the interpolation-based
preprocessing effectively harmonizes multi-interval data and reduces noise in the input signals. The reduced
error dispersion confirms that the proposed model provides more reliable flood level predictions. These
findings support the research objective of improving prediction stability and accuracy when handling
heterogeneous hydrological datasets. Overall, this comparison highlights that integrating CSI into the LSTM—
CNN framework effectively reduces prediction differences and improves model accuracy.
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Figure 2. Time-series comparison of prediction errors (predicted minus observed water level) for four
models: LSTM, CNN, LSTM-CNN, and LSTM-CNN with CSI

Figure 3 presents scatter plots comparing observed and predicted water levels for the four models. A
clear improvement trend can be observed from the standalone models to the proposed hybrid approach. The
CNN and LSTM models exhibit wider dispersion around the one-to-one reference line, indicating prediction
bias and reduced accuracy, particularly at higher water levels where flood events are more critical. The
hybrid LSTM—CNN model improves alignment with the ideal diagonal line, suggesting that the integration of
temporal and spatial feature extraction enhances the model's ability to capture complex hydrological
relationships. The tightest clustering around the diagonal line is achieved by the LSTM—CNN+CSI model.
This pattern demonstrates that interpolated and harmonized data enable the model to learn more
representative spatio-temporal patterns. Consequently, prediction errors decrease significantly across the full
range of observed water levels. This result highlights the effectiveness of combining hybrid deep learning
with data interpolation in improving flood prediction reliability.
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Figure 3. Scatter plots comparing observed and predicted water levels for four models: LSTM, CNN, LSTM—
CNN, and LSTM-CNN with CSI

Figure 4 compares the predictive performance of four model configurations using MAPE, RMSE,
MAE, and R2 metrics. A consistent performance improvement pattern is observed as the modeling approach
evolves from standalone models to the hybrid architecture with interpolation. The CNN model records the
highest prediction errors, reflecting its limitations in capturing long-term temporal dependencies. The LSTM
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model performs better due to its ability to learn sequential patterns in hydrological data. However, the hybrid
LSTM-CNN model further reduces prediction errors, indicating that combining temporal modeling with
convolutional feature extraction improves representation of complex flood dynamics. The best performance
is achieved by the hybrid LSTM—-CNN model with CSI preprocessing, which shows the lowest error values
and the highest R2 score. This improvement demonstrates that harmonizing heterogeneous hydrological data
significantly enhances the effectiveness of deep learning models. These results confirm that the integration of
hybrid architectures and interpolation-based preprocessing provides a more robust framework for flood
prediction systems.

MAPE (%) 0.1 BMSE (m)
B8.42

8
7
_6
£,
&
e
Zz;
2
1
0
ine) ane) o L s ine) ine) o L s
aseli"® asel s N+ asel asel! ST N
ST [\ om [\ g " Ls"""('“ Ls™ [\ o [\ g " Ls"'"'('“
ayor ayor
0.10MAE (m)

" " A " @ \
" \hase\“‘e\c an \uig.e\“‘“‘ i LsTm-C'“' e cs! o \hﬂse\\“ﬂc AN \uig.e\“‘“‘ -CNN ¥ cs!
W AS

yor aybrid S ayer?

st

aybid s

Figure 4. Performance comparison of baseline and hybrid models using MAPE, RMSE, MAE, and R?

The use of CSI has been shown to significantly improve prediction accuracy compared to other
interpolation methods. Compared to linear interpolation, CSI produces smoother and more realistic
transitions because it maintains continuity up to the second derivative, allowing for representation of water
level rise and fall patterns without sharp distortion. Unlike high-order polynomial interpolation, which often
results in extreme oscillations (Runge's phenomenon), CSI utilizes a piecewise polynomial approach that is
stable over non-uniform measurement intervals, making it more suitable for hydrological data. Furthermore,
compared to simple imputations such as the mean or median, which ignore temporal dynamics, CSI
maintains the shape of the temporal curve, allowing for representation of discharge spikes and water level
rises. Empirically, the application of CSI in this study reduced prediction error (MAPE from 6.95% to
5.84%) and increased R2 (from 0.936 to 0.948). This demonstrates that CSI is not simply a data cleaning
technique, but rather a strategic component that strengthens the ability of deep learning models to more
accurately capture hydrological temporal-spatial patterns.

3.5. Discussion

The comparative studies summarized in Table 7 illustrate the advancement of deep learning
methods for flood forecasting across different spatial and temporal contexts. Dehghani et al. [32]
comparatively evaluated LSTM, CNN, and ConvLSTM models for hourly short-term streamflow forecasting
in Malaysia using rainfall, discharge, and streamflow data. Their results showed that ConvLSTM achieved
the best performance (RMSE~0.21, R?~0.95), highlighting the importance of spatio-temporal deep learning
architectures for real-time hydrological forecasting. Building upon this direction, Wang et al. [33] proposed a
dual-stage attention-based LSTM (encoder—decoder) model for multi-step flood forecasting in China
(6-24 hours ahead), demonstrating that attention mechanisms significantly improve forecasting reliability
(R2 up to 0.92) by emphasizing the most relevant temporal features.

At the daily forecasting scale, Cho et al. [34] integrated rainfall, discharge, water level, temperature,
and humidity variables within a hybrid LSTM-GRU framework in Korea, achieving strong predictive
performance (NSE 0.942, MAE 2.22), thereby confirming the benefits of combining multiple meteorological
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inputs with recurrent architectures. Extending to long-term forecasting, Kordani et al. [35] proposed an
ensemble E-LSTM-GRU model enhanced with an attention mechanism for monthly and seasonal prediction
in Illinois, USA, achieving a high R? of approximately 0.98 and demonstrating the effectiveness of ensemble-
based deep learning strategies in capturing complex hydrological dynamics.

Furthermore, Liu et al. [36] combined physically based hydrological modeling with LSTM networks
in a hybrid framework applied to mixed catchments, showing that integrating process-driven models with
data-driven approaches improves NSE and reduces RMSE, particularly when handling interpolated daily-to-

monthly datasets.

Table 7. Comparative studies on flood forecasting using deep learning models

Study/year Model Input data Doma_ln/case study Key Results (key Main findings
(interval) metrics values)
Dehghaniet ~ LSTM, CNN, Rainfall, Malaysia — short- RMSE, RMSE~0.21, Highlighted the importance
al. (2023) and discharge, term forecasting MAPE, 220.95 of spatio-temporal deep
[32] ConvLSTM streamflow (hourly) R2 (best learning approaches for real-
ConvLSTM)  time streamflow forecasting.
Wang et al. Dual-stage Rainfall, China— multi-step  RMSE, RMSE | Showed that attention
(2024) [33] attention discharge, forecasting (624 R2 0.35,R2 1 mechanisms significantly
LSTM river flow hours ahead) 0.92 improve the reliability of
(encoder— multi-step flood forecasting.
decoder)
Choetal. Hybrid LSTM-  Rainfall, Korea (Yeojubo) —  MSE, MSE 3.92, Combining meteorological
(2022) [34] GRU discharge, daily prediction NSE, NSE 0.942, features with a hybrid
water level, MAE MAE 2.22 LSTM-GRU model yielded
temp, humidity superior performance across
multiple metrics.
Kordani et Ensemble E- Rainfall, Illinois, USA — R? R*~0.98 The ensemble framework
al. (2024) LSTM- discharge, long-term achieved exceptionally high
[35] GRU+attention  hydro-metdata  (monthly/seasonal) accuracy for long-term flood
forecasting.
Liuetal. Hybrid Rainfall, Mixed catchments ~ NSE, Improved Integration of physical
(2024) [36] physical- streamflow —daily to monthly RMSE  NSE and models with LSTM
based+LSTM (observed & (interpolated) reduced improved predictive
simulated) RMSE performance and effectively
handled interpolated
datasets.
This study Hybrid LSTM—  Hourly rainfall  Bojonegoro, East RMSE, MAPE The hybrid model with CSI
(2025) CNN+CSI (Ry), 15-min Java — real-time, MAPE, 5.84%, successfully captured multi-
discharge (Q;),  multi-interval MAE, RMSE interval data, enhancing
10-min water forecasting R? 0.125, MAE  high-frequency flood
level (H,) 0.082, R2 forecasting accuracy in
0.948 Bojonegoro.

The superior performance of the proposed hybrid LSTM—-CNN model enhanced with CSI can be
attributed to the complementary strengths of its architectural components and data preprocessing strategy.
The LSTM layer effectively captures long-term temporal dependencies in hydrological time series, such as
delayed river discharge responses to upstream rainfall, while the CNN component extracts localized temporal
patterns and short-term fluctuations that are often associated with sudden water level rises. The integration of
CSI further enhances model performance by harmonizing multi-interval hydrological data, reducing noise,
and recovering missing observations. This combination allows the model to learn from smoother and
temporally consistent inputs, leading to more stable training and improved generalization, particularly during
high-variability flood events.

From a computational perspective, the standalone CNN model exhibits the lowest training cost due
to its limited sequential processing, whereas the LSTM-based models require higher computational resources
because of their recurrent structure and dependence on time-step-wise processing. The hybrid LSTM-CNN
architecture introduces additional computational overhead compared to individual models; however, this
increase remains manageable within the experimental setup and is justified by the substantial improvement in
predictive accuracy. Moreover, the use of CSI as a preprocessing step does not significantly increase runtime
during model training and inference, as interpolation is performed offline prior to learning. Overall, the
proposed hybrid model achieves a favorable trade-off between computational complexity and forecasting
accuracy, making it suitable for practical flood early warning applications.

In line with these advancements, this study (2025) proposes a hybrid LSTM-CNN model enhanced
with CSI for real-time, multi-interval flood forecasting in Bojonegoro, East Java. By harmonizing
heterogeneous temporal inputs—hourly rainfall (R;), 15-minute discharge (Qy), and 10-minute water level
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(Hy)—the proposed approach achieved MAPE 5.84%, RMSE 0.125 m, MAE 0.082 m, and R2 0.948,
demonstrating its effectiveness in capturing high-frequency hydrological dynamics while maintaining strong
predictive accuracy. Compared with prior studies, this work not only confirms the effectiveness of hybrid
deep learning models but also highlights the importance of interpolation as a preprocessing step, bridging the
gap between irregular monitoring intervals and the demands of real-time flood prediction.

4. CONCLUSION

This study demonstrates that integrating a hybrid LSTM-CNN architecture with CSI significantly
improves flood prediction accuracy when handling heterogeneous, multi-interval hydrological data. The
proposed approach effectively captures long-term temporal dependencies and localized hydrological patterns
while enhancing data continuity through interpolation, achieving the lowest prediction errors among all
evaluated models (MAPE 5.84%, RMSE 0.125 m, MAE 0.082 m, and R? 0.948). Despite these promising
results, this study is limited to a single watershed and relies on a finite number of monitoring stations, which
may affect model generalizability under different hydrological and climatic conditions. Future research will
focus on extending the model to multiple river basins, incorporating additional meteorological variables and
real-time loT sensor data, and exploring advanced deep learning mechanisms such as attention-based
architectures to further enhance prediction robustness and scalability.
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