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Abstract: The lack of data on flood events poses challenges in flood management. In this paper,
we propose a novel approach to enhance flood-forecasting models by utilizing the capabilities of
Generative Adversarial Networks (GANSs) to generate synthetic flood events. We modified a time-
series GAN by incorporating constraints related to mass conservation, energy balance, and hydraulic
principles into the GAN model through appropriate regularization terms in the loss function and
by using mass conservative LSTM in the generator and discriminator models. In this way, we can
improve the realism and physical consistency of the generated extreme flood-event data. These
constraints ensure that the synthetic flood-event data generated by the GAN adhere to fundamental
hydrological principles and characteristics, enhancing the accuracy and reliability of flood-forecasting
and risk-assessment applications. PCA and t-SNE are applied to provide valuable insights into the
structure and distribution of the synthetic flood data, highlighting patterns, clusters, and relationships
within the data. We aimed to use the generated synthetic data to supplement the original data and
train probabilistic neural runoff model for forecasting multi-step ahead flood events. {-statistic was
performed to compare the means of synthetic data generated by TimeGAN with the original data,
and the results showed that the means of the two datasets were statistically significant at 95% level.
The integration of time-series GAN-generated synthetic flood events with real data improved the
robustness and accuracy of the autoencoder model, enabling more reliable predictions of extreme
lcxr;:edca!\(tfgsr flood events. In the pilot study, the model trained on the augmented dataset with synthetic data from
time-series GAN shows higher NSE and KGE scores of NSE = 0.838 and KGE = 0.908, compared to
the NSE = 0.829 and KGE = 0.90 of the sixth hour ahead, indicating improved accuracy of 9.8% NSE
in multistep-ahead predictions of extreme flood events compared to the model trained on the original
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1. Introduction

Extreme flood events present significant challenges to communities worldwide, caus-

ing severe impacts on infrastructure, property, and human lives. Forecasting these events
is critical for disaster preparedness and response, yet traditional models often struggle to
This article is an open access article ~ Capture their complexity and variability, leading to inaccurate predictions. The research
distributed under the terms and  gap in flood forecasting that we cover in this paper is simply the challenge of obtaining
conditions of the Creative Commons ~ €nough data from extreme events and consequently dealing with imbalanced data. In flood
Attribution (CC BY) license (https://  forecasting and risk assessment, two common approaches for generating synthetic data to
creativecommons.org/licenses/by/  simulate extreme flood events are through numerical or hydrological models and machine-
40/). learning techniques like Generative Adversarial Networks. Numerical or hydrological
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models use physical principles and domain knowledge to simulate the complex processes
involved in flood events, providing physically interpretable data. On the other hand, time
series-based Generative Adversarial Networks (GANSs) utilize deep learning algorithms
to generate synthetic data that capture the temporal dynamics and patterns present in the
original dataset, offering a data-driven approach to data generation.

Numerical or hydrological models have been widely used in flood modeling and
simulation due to their ability to incorporate domain knowledge and physical principles.
These models simulate the behavior of rivers, rainfall-runoff processes, and other hydro-
logical phenomena to generate synthetic flood data that can be used for forecasting and
risk assessment [1]. Even though numerical models can generate unseen flood events, they
have drawbacks in that they are computationally intensive and require complex calibration
processes. Numerical models often involve solving a set of partial differential equations
that represent the physical processes governing flood events, such as rainfall-runoff, river
flow, and inundation dynamics. These computations can be time-consuming and resource-
intensive, particularly for simulating large-scale or extreme flood events. Additionally,
numerical models require extensive calibration and validation to ensure their accuracy
and reliability in generating synthetic flood data [2]. The model parameters and equations
need to be calibrated using observed data, which can be challenging due to uncertainties
in the input data, model structure, and boundary conditions. The calibration process may
involve iterative adjustments and sensitivity analyses, further adding to the complexity
and computational burden of using numerical models for synthetic data generation. More-
over, numerical models may have limitations in capturing the full range of variability and
complexity of flood events, especially in extreme or rare scenarios. The simplifications and
assumptions made in the model equations and parameterizations can lead to biases and in-
accuracies in the synthetic flood data generated, affecting the reliability of flood-forecasting
and risk-assessment applications.

In contrast, the state-of-the-art Generative Adversarial Network (GAN) models learn
the underlying data distribution from the input dataset and generates synthetic data that
captures the temporal dependencies and patterns present in the original data [3]. In recent
years, Generative Adversarial Networks (GANs) have emerged as a promising tool for
generating synthetic time-series data, including flood events. There are several Generative
Adversarial Networks (GANSs) that can be suitable for generating flood-event time-series
data, each with its own strengths and applications. For example, SINGAN (Spatiotemporal
Interactive Generative Adversarial Networks) is a GAN architecture designed for gener-
ating spatiotemporal data, such as time-series data with spatial dependencies. SINGAN
incorporates both spatial and temporal convolutional layers in its generator and discrimina-
tor networks to capture the complex interactions between spatial and temporal dimensions.
SINGAN has been applied in generating synthetic weather data and climate simulations [4].
The TSGAN (Time-Series Generative Adversarial Network) is a GAN variant specifically
designed for generating synthetic time-series data with temporal dependencies and pat-
terns [5]. TSGAN incorporates recurrent neural networks (RNNs) in its generator and
discriminator networks to capture the sequential nature of time-series data and generate
realistic and coherent sequences. TSGAN has been applied in various time-series data-
generation tasks, including financial data modeling, energy forecasting, and environmental
data simulation. FloodGAN was used in [6] to generate Synthetic High-Resolution Radar
Rainfall Data using Generative Adversarial Networks. Specifically, TimeGAN [7,8] and
RTSGAN [9] offer a unique advantage for flood-forecasting applications due to its ability
to generate synthetic time-series data that closely mimic the characteristics of real flood
events. By training TimeGAN or RTSGAN on historical flood data, researchers can generate
a diverse set of synthetic flood scenarios that capture the variability and complexity of
extreme events. These synthetic data can be used to augment existing flood-forecasting
models, enhance their predictive capabilities, and improve resilience to extreme flood
events. Additionally, TimeGAN can help address data scarcity issues in regions with lim-
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ited historical flood data, enabling more robust and accurate flood forecasting in vulnerable
areas [7].

Successful time-series modeling requires capturing not only the features’ distribu-
tions within each time point but also the dynamics of these features over time. Studies
like “FloodGAN" by [6] demonstrate how GANSs can generate synthetic data to enhance
flood-forecasting models. Research by [8] explored TimeGAN’s application in generating
synthetic flood data to improve forecasting models, while [10] investigated its impact on
enhancing predictions in the Yangtze River Basin. Additionally, a review by [11] provides
insights into GANSs’ applications for generating synthetic time-series data in flood forecast-
ing and extreme event modeling. The study in [12] shows the superiority of the RTSGAN
over TimeGAN in terms of model stability, reliability, and accuracy.

In this paper, we advance the state of the art in flood forecasting by leveraging time
series-based GANSs to generate synthetic extreme flood events. Our contribution lies in
the modification and application of TimeGAN, a cutting-edge Generative Adversarial
Network, to generate realistic synthetic flood data that captures the temporal dependencies
and complexities of real flood events. The novelty of the paper includes the incorporation of
constraints related to mass conservation, energy balance, and hydraulic principles into the
TimeGAN model through appropriate regularization terms in the loss function to improve
the realism and physical consistency of the generated extreme flood-event data. These
constraints ensure that the synthetic flood-event data generated by the Mass Conservative
Time-Series GAN (MC-TSGAN) adhere to fundamental hydrological principles and charac-
teristics, enhancing the accuracy and reliability of flood-forecasting and risk-assessment
applications. We also applied space-filling sampling [13] with validation to reduce the
introduction of large biases and to improve the data quality. This approach represents a
significant advancement in the field of flood forecasting, as it addresses the limitations of
traditional models in capturing the variability and dynamics of extreme flood events. The
performance of the developed models will be tested based on a case study, where we will
evaluate the accuracy and reliability of the MC-TSGAN-generated synthetic flood data
in enhancing flood-forecasting models. This case study provides valuable insights into
the practical application of our approach and its impact on predicting and mitigating the
impacts of extreme flood events.

The rest of the paper delves into the detailed description of the methodology used in
the study, including the implementation of the Mass Conservative Time-Series Generative
Adversarial Network (MC-TSGAN) model in Section 2. An overview of the materials and
datasets utilized in the research is given. The experimental setup, including data prepro-
cessing, model training, and validation procedures, are explained, and the description of
the execution process for generating synthetic flood data and evaluating the performance
of the MC-TSGAN model is given in Section 2.3. In Section 3, the results obtained from the
experiments, including the accuracy and reliability of the synthetic flood data generated by
MC-TSGAN and the analysis of the model’s performance metrics and comparison with
baseline models, are presented. In-depth discussions on the findings and implications of the
study, the identification of limitations in the methods used and potential areas for improve-
ment, and the exploration of future research directions and perspectives for enhancing
flood-forecasting capabilities are the focus of Section 4. In Section 5, a summary of the key
findings and outcomes of the study, including concluding remarks on the effectiveness of
using MC-TSGAN for generating synthetic flood data and its impact on flood-forecasting
models will be given.

2. Materials and Methods
2.1. Case Study

The study focused on the Ahrtal region in Germany, an area known for its scenic
beauty and cultural significance. The region experienced severe flooding, which prompted
the selection of three gauge stations as key monitoring points to assess the impact of
the floods. These gauge stations were strategically located within the Ahrtal region to
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collect data on water levels, flow rates, and other hydrological parameters during the
flood events. The data from the study area for the flood-forecasting application include
various types of information crucial for understanding and predicting flood events. These
data encompass historical precipitation data, forecast precipitation data from the ECMWF
(European Centre for Medium-Range Weather Forecasts), soil-type information, and water-
level measurements recorded at a resolution of 10-15 min. Historical precipitation data
provide records of past rainfall events, offering insights into the amount, intensity, and
distribution of rainfall in the region. Forecast precipitation data from the ECMWEF deliver
predictions of future rainfall events, aiding in anticipating upcoming rainfall patterns
and intensities for early warning and preparation. Soil-type information categorizes the
various soil types based on properties like texture, permeability, and water-holding capac-
ity, essential for evaluating soil infiltration capacity and runoff generation during heavy
rainfall. Water-level measurements record water levels in rivers, streams, or water bodies,
providing real-time data on hydrological conditions for monitoring changes and assessing
flood-event magnitudes. This comprehensive dataset aids in analyzing flood dynamics,
enhancing flood-forecasting accuracy, and supporting effective decision-making in flood
risk management and disaster preparedness.

2.2. Methods
2.2.1. Methodological Approach

The methodology for leveraging GANSs to generate synthetic extreme flood events for
flood-forecasting applications involves a series of steps designed to enhance the accuracy
and reliability of flood-forecasting models. The comprehensive methodology encompasses
data collection, MC-TSGAN training and evaluation, data augmentation, forecast model
training, and evaluation for multistep-ahead predictions. Here is a detailed description of
each step:

1. Data Collection and Spatial Data Integration

The first step involves collecting historical flood data from multiple monitoring sites,
including river flow rates, precipitation levels, and water levels. These data are essential
for training the MC-TSGAN model and generating synthetic flood events that closely
resemble real flood data. Additionally, spatial and temporal data from various locations
are gathered to capture the spatial variability and dependencies across different sites.
Data collected from multiple sites are integrated into a unified dataset that captures the
spatial variability and relationships between different locations. This accounts for spatial
dependencies by considering the interactions and correlations between data points from
different sites when training the MC-TSGAN model. Before generating synthetic flood data
using the MC-TSGAN model, it is essential to preprocess the flood time-series data to ensure
optimal performance and accuracy in the data-generation process. The preprocessing steps
involve normalization and segmentation of the flood time-series data to create a structured
input format for the MC-TSGAN model. Normalizing the data ensures that all features
have a similar range and distribution, preventing certain variables from dominating the
learning process. The segmentation process involves dividing the flood time-series data
into sequential segments or windows to create a three-dimensional (3D) dataset. Each
segment represents a subset of the flood sequence, capturing the temporal dependencies
and patterns within the data.

2. MC-TSGAN Training

The historical flood data collected in the previous step are used to train the MC-
TSGAN model. MC-TSGAN is specifically designed to capture the temporal dependencies
and relationships within time-series data. The model learns the patterns and distributions
present in the historical flood data, allowing it to generate synthetic flood events that exhibit
similar characteristics and dynamics to real flood events.

3. Data Augmentation
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The MC-TSGAN-generated synthetic flood events are combined with the original
historical flood data to create an augmented dataset. This augmented dataset contains a
mix of real and synthetic data, providing a broader range of flood scenarios for training the
forecasting models. The integration of synthetic data enhances the dataset’s variability and
complexity, improving the model’s ability to predict extreme flood events accurately.

4. Flood forecast model training

A forecasting model based on the encoder-decoder technique and a Long Short-Term
Memory (LSTM) network is selected for predicting flood events based on the augmented
dataset. The model is trained on the combined dataset to capture the spatial and temporal
patterns in the data and improve the accuracy of flood-event predictions. The training
process allows the model to learn from both real and synthetic data, enhancing its predic-
tive capabilities.

5.  Evaluation

The evaluation is composed of two parts, (1) evaluation of the generation process (i.e.,
MC-TSGAN) and (2) the evaluation of the forecasting model based on augmented data.
The generation of the synthetic data was performed using principal component analysis
(PCA), t-SNE (t-Distributed Stochastic Neighbor Embedding), and ¢-statistics.

2.2.2. Structure and Training of the MC-TSGAN

As illustrated in [3], a Time-Series Generative Adversarial Network consists of several
key components that work together to generate synthetic time-series data with temporal
dependencies, as shown in Figure 1. The structure of time-series GAN typically includes a
generator, a discriminator, and an embedding network, each serving a specific function in
the model.
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Figure 1. TimeGAN block diagram and training scheme, as depicted in [1].

Our development is based on both TimeGAN and RTSGAN. The generator is respon-
sible for generating synthetic time-series data that closely resemble real data. It typically
consists of recurrent neural network (RNN) layers, such as LSTM (Long Short-Term Mem-
ory) or GRU (Gated Recurrent Unit), to capture the temporal dependencies in the data.
The generator takes random noise vectors as input and generates sequences of data points
that mimic the patterns and characteristics of the real time-series data. In our case, the
generation module incorporates a Wasserstein Generative Adversarial Network (WGAN)
to generate new data points in the same latent space learned by the embedding network.
WGAN is a type of GAN that focuses on improving the training stability and convergence
of the generator network. By training the WGAN to generate vectors in the latent space
defined by the embedding network, MC-TSGAN can create new data points that exhibit
similar characteristics to the original time-series data. This process allows MC-TSGAN
to generate realistic time-series data that respect the original feature distributions and
temporal dynamics of the input data.
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The discriminator in MC-TSGAN is a binary classifier that distinguishes between
real and synthetic time-series data. It helps guide the generator to produce more realistic
synthetic data by providing feedback on the quality of the generated samples. The dis-
criminator is typically implemented using convolutional neural network (CNN) layers to
process the time-series data and classify them as real or synthetic.

The embedding network in MC-TSGAN is used to learn a low-dimensional represen-
tation of the time-series data that captures the latent features and temporal dependencies
present in the data. It helps improve the generation of synthetic data by providing a
compact representation of the data. The embedding network is often implemented using
autoencoder architectures, such as variational autoencoders (VAEs) or denoising autoen-
coders, to learn a meaningful representation of the time-series data and extract relevant
features for generating synthetic data.

We modified the TimeGAN to MC-TSGAN model to improve the generation of extreme
flood events by incorporating domain-specific knowledge and constraints related to flood
events into the TimeGAN architecture. The Theory-Guided Data Science (TGDS) introduces
a novel approach to integrating physical constraints into deep learning (DL) models,
ensuring that their predictions align with physical principles [14-17]. We introduced
domain-specific constraints and knowledge into the TimeGAN architecture to ensure that
the generated synthetic data align with the physical laws and characteristics of flood
events. We incorporated constraints related to mass conservation, energy balance, and
hydraulic principles to improve the realism of the generated flood-event data. Incorporating
constraints related to mass conservation, energy balance, and hydraulic principles into
the MC-TSGAN model for generating extreme flood events involves modifying the loss
functions and regularization terms to enforce these constraints during training.

The mass conservation principle states that the total mass of water entering a system
must equal the total mass of water leaving the system. This can be enforced in two ways,
(1) by incorporating the mass conservation constraint into the architecture of the LSTM
network or (2) by adding a regularization term to the loss function that penalizes deviations
from mass conservation principles. For the first method, the LSTMs in the generator
and discriminator were modified, as shown by Equations (7)-(13). Input variables are
categorized into mass inputs (x') and auxiliary inputs (a'). For mass inputs, normalized
activation functions are applied in the input gate (i*) and forget gate (R') to ensure mass
conservation between the mass inputs and the previous cell state (c!~!). Additionally, the
output gate (o') subtracts the output mass (k') from the total mass (') to maintain mass
conservation between the cell state (c!) and the output mass.

L. -1
it = U(Wiat + uiiucH ” + Vix! + b,») (1)
1
-1
of = U(Woat + U‘)W + Voxt + b0> )
1
t ~ t 1 t
R* = ReLu (Wrﬂ + UYW + er + b?’) (3)
1
m! = Ric!1 4 ity (4)
d=(1-0o)m (5)
ht = otm! (6)
y'=3 N 7)

where W, U, and V represent learnable weights; b denotes the learnable bias parameters;

and ¢ and ReLu indicate the normalized sigmoid function and the normalized function,
respectively.
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In the second method, this can be enforced as a constraint during the generation
of synthetic flood-event data by adding a regularization term to the loss function that
penalizes deviations from mass conservation principles. The regularization term was

formulated as follows:
Lossq = Ag|Y, Qin — ¥, Qout ®)

where ) ; Qj, represents the input water mass at time step, t; }_; Qout represents the output
water mass at time step, t; and A is a regularization parameter that controls the importance
of the mass conservation constraint.

The energy-balance principle ensures that the energy input into a system equals the
energy output, considering factors such as potential energy, kinetic energy, and losses due to
friction and turbulence to incorporate energy terms as time-series data into the MC-TSGAN
model for generating extreme flood events, energy-related variables, or parameters from
relevant sources. Meteorological stations provide time-series data on weather variables
such as temperature, humidity, wind speed, and solar radiation. These weather variables
were used to calculate energy-related parameters, such as potential evapotranspiration,
and hydrological monitoring stations offer time-series data on river flow rates, water levels,
and precipitation. These hydrological variables were used to estimate hydraulic energy
potential, such as the kinetic energy of flowing water and potential energy from water
levels. Like mass conservation, the energy-balance constraint is incorporated into the
TimeGAN model through a regularization term in the loss function. The regularization
term for energy balance can be formulated as follows:

LOSSE = )\E‘Zt Ein - Zt Eout

©)

where ) ; E;, represents the input energy input at time step, t; } ; E,ut represents the energy
output at time step, t; and Af is a regularization parameter for the energy-balance constraint.

Hydraulic principles govern the flow of water in rivers and channels, including factors
such as flow velocity, channel geometry, and frictional losses. These principles can be
incorporated into the MC-TSGAN model to ensure that the generated flood-event data
adhere to hydraulic constraints. To enforce hydraulic principles, additional constraints
related to flow continuity, Manning’s equation, or channel capacity were included in the
loss function or as regularization terms. Manning’s equation relates flow velocity, channel
geometry, and roughness coefficient in open-channel flow, providing insights into the
relationship between flow characteristics and channel properties. We can incorporate Man-
ning’s equation constraint by including terms that enforce the relationship between flow
velocity, channel slope, and roughness coefficient in the loss function. This can help ensure
that the synthetic flood-event data generated by MC-TSGAN adhere to the principles
of open-channel flow. By incorporating these constraints related to mass conservation,
energy balance, and hydraulic principles into the MC-TSGAN model through appropri-
ate regularization terms in the loss function, we can improve the realism and physical
consistency of the generated extreme flood-event data. These constraints ensure that the
synthetic flood-event data generated by MC-TSGAN adhere to fundamental hydrological
principles and characteristics, enhancing the accuracy and reliability of flood-forecasting
and risk-assessment applications.

The MC-TSGAN is trained using a combination of adversarial-training and unsupervised-
learning techniques. The generator and discriminator are trained in an adversarial manner,
where the generator aims to fool the discriminator by generating realistic synthetic data,
while the discriminator aims to distinguish between real and synthetic data accurately.
The embedding network is trained simultaneously with the generator and discriminator
to learn a compact representation of the data that can be used to generate high-quality
synthetic time-series data in order to train the MC-TSGAN model specifically to generate
extreme flood events by focusing on capturing the tail distributions and rare events in
the data. This can be achieved by adjusting the loss functions, regularization techniques,
or sampling strategies to emphasize the generation of extreme values in the synthetic
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flood data. Space-filling sampling was applied to reduce statistical errors. Space-filling
sampling is a technique used to evenly distribute sample points throughout a given space
to reduce statistical errors and improve the accuracy of data analysis [13]. In the context of
the MC-TSGAN, we applied space-filling sampling by selecting a set of representative data
points from the time-series dataset that were evenly spaced out in time. We first divided
the time-series data into equal intervals and then selected a subset of data points from
each interval. This subset of data points was chosen in such a way that they were evenly
distributed across the entire time series, ensuring that the data points were representative
of the entire dataset. By using space-filling sampling in this way, we were able to reduce
the statistical errors in the time-series GAN by ensuring that the generated data points
were more accurate and representative of the underlying distribution of the time-series
dataset. This helped to improve the overall performance and reliability of the MC-TSGAN
model. During the training process, the modified MC-TSGAN model learns to generate
synthetic flood-event data by balancing the objectives of capturing temporal dependencies,
adhering to physical constraints, and maximizing realism. The model iteratively adjusts the
generator and discriminator networks based on the feedback provided by the discriminator
and the constraints enforced through the augmented loss functions. By incorporating
domain-specific knowledge and constraints into the training process, the MC-TSGAN
model can generate extreme flood-event data that are both realistic and consistent with the
physical principles governing flood events.

2.2.3. Probabilistic Flood-Forecasting Model

In this paper, the probabilistic flood-forecasting model serves only to evaluate the
impact of the generated synthetic data on its performance. Therefore, it is discussed only
briefly. We refer the reader to our previous paper [18] for a detailed description. The
flood-forecasting model is based on encoder—decoder principles; it is designed to handle
the data of different timescales and incorporates various input parameters to predict future
flood events, as shown in Figure 2.
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Figure 2. Probabilistic flood-forecasting model.
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The model takes historical flood events, rainfall data, soil moisture levels, catchment
characteristics, and future rainfall forecast data as inputs to generate probabilistic flood
forecasts. The model structure includes an encoder component that processes the historical
and constant input data and extracts relevant features, followed by a decoder component
that generates predictions based on the encoded information and the future forecasted
information about the precipitation. The following are its key features:

1.  Input data: The model integrates a diverse range of input data, including historical
flood events, rainfall measurements, soil moisture levels, catchment characteristics,
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and future rainfall forecasts. This comprehensive dataset enables the model to capture
the complex interactions and dynamics influencing flood events.

2. Time-series handling: The model is capable of handling the time-series data of varying
timescales, allowing it to analyze historical trends, short-term fluctuations, and long-
term patterns in the input variables. By considering data from different time intervals,
the model can provide accurate and comprehensive flood forecasts.

3. Probabilistic forecasting based on tensorflow_probability [19]: The model is modified
with a probabilistic head that utilizes negative likelihood loss for training. This
probabilistic approach enables the model to generate probabilistic forecasts, providing
not only point estimates but also uncertainty quantification in the predictions. This is
essential for assessing the reliability and confidence of the forecasted outcomes.

4. LSTM or GRU architecture: The model structure incorporates Long Short-Term Mem-
ory (LSTM) or Gated Recurrent Unit (GRU) networks, which are specialized recurrent
neural network architectures well-suited for processing sequential data like time
series. These architectures enable the model to capture temporal dependencies, learn
from past observations, and make predictions based on sequential patterns in the
input data.

2.2.4. Evaluations of MC-TSGAN Based on PCA and t-SNE

PCA (principal component analysis) and t-SNE can provide valuable insights into
the generated synthetic data and help understand the underlying patterns and relation-
ships within the data. Each of these techniques offers different perspectives on the data,
and combining them can offer a comprehensive view of the data distribution. The PCA
is conducted on the combined dataset of real and synthetic flood events to reduce the
dimensionality of the data, and the principal components to identify the most significant
features and understand the variance explained by each component are visualized by
plotting the data points in the reduced-dimensional space to explore the clustering and
distribution of the real and synthetic flood events. The PCA can help filter out noise and
irrelevant information in the data, focusing on the most relevant features and patterns.
Furthermore, t-SNE is applied to the combined dataset to visualize the high-dimensional
data in a lower-dimensional space while preserving the local structure of the data. By
plotting the data points in the +-SNE space to reveal clusters, patterns, and relationships
between the real and synthetic flood events, ¢-SNE can be used to identify similarities and
differences between the real and synthetic data points, highlighting any discrepancies in
the data distribution.

2.2.5. Evaluation of MC-TSGAN Based on t-Statistics

The t-statistic test was conducted to compare the means of synthetic data generated by
MC-TSGAN with the original data in a statistical analysis. To calculate the f-statistic for the
generated data by the MC-TSGAN, we first defined a null hypothesis and an alternative
hypothesis. Our null hypothesis is that the mean of the generated data is equal to the mean
of the original time-series data, and the alternative hypothesis is that the means are not
equal. Next, we calculate the ¢-statistic using the following:

t= (Ygen - forig) / (xrf / \/ﬁ) (10)

where X¢.;, is the mean of the generated data, Xorig 1s the mean of the original time-series
data, x, is the standard deviation of the generated data, and n is the number of data points
in the generated data.

Once we have calculated the f-statistic, we can determine its statistical significance by
comparing it to a critical value from the t-distribution with degrees of freedom equal to
n — 1. If the absolute value of the t-statistic is greater than the critical value, we can reject
the null hypothesis and conclude that the difference between the means of the generated
data and the original data is statistically significant.
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2.2.6. Evaluation of the Flood-Forecasting Model

The performance of the forecasting model is evaluated using Nash—Sutcliffe Effi-
ciency (NSE) and Kling—Gupta Efficiency (KGE) metrics. The evaluation results provide
insights into the effectiveness of using MC-TSGAN-generated synthetic data in improving
flood-forecasting models and predicting extreme flood events. The model’s predictions
are compared against observed flood events to assess the accuracy and reliability of the
forecasts, as given by Equations (2) and (3). The Nash-Sutcliffe Efficiency (NSE) metric
measures the relative magnitude of the residual variance compared to the measured data
variance, with a value of 1 indicating a perfect match between model predictions and
observed data. NSE is a widely used metric to evaluate the accuracy of hydrological model.
On the other hand, the Kling-Gupta Efficiency (KGE) metric provides a comprehensive
assessment of the model’s performance by considering correlation, bias, and variability
in the predictions. A higher NSE or KGE value signifies a better agreement between the
model predictions and observed data, indicating the model’s effectiveness in forecasting
flood events.

2
NSE =1 — (Z(Qohs — gsim)z) (11)
Z(Qobs - Qobs)
KGE:l—\/(r—l)Z—l—(ﬁ—l)z—l—('y—l)z, (12)

where r is the correlation coefficient, 3 is the ratio of the standard deviation of the simulated
data to the observed data, and v is the ratio of the mean of the simulated data to the
observed data.

Both the NSE and KGE provide valuable insights into the model’s ability to capture the
observed rainfall-runoff relationship. However, it is important to note that these metrics
have their limitations and should be interpreted in conjunction with domain knowledge.

Three metrics were collectively used to provide a comprehensive assessment of both
the accuracy and reliability of the probabilistic prediction models. The Continuous Ranked
Probability Score (CRPS) generalizes the MAE (Mean Absolute Error) to the case of proba-
bilistic forecasts by comparing the cumulative distribution function of the forecast with that
of the observed values. It provides a measure of the forecast’s calibration and sharpness,
with lower CRPS values indicating better performance.

1 N 99

MZmzl n:—gg(P(y < 1’1) — H(]’l _ Ym))2 (13)

CRPS =
where P is the predicted distribution, N is the number of samples in the test set, Y is
the cumulative distribution function of the observed value for point m, and H(x) is the
Heaviside step function (H(x) = 1 for x > 0 and zero otherwise).

The Mean Prediction Interval Width (MPIW) calculates the average width of the
prediction intervals. As expressed in Equation (5), it provides insight into the spread or
uncertainty of the forecasted intervals, with narrower intervals indicating more precise

predictions.

1
MPIW = Y (P1f — PL}) (14)

where 7 is the size of the test set, and PI and PI ll denote the upper and lower bounds of
the 95% prediction interval, respectively.

Lastly, the Prediction Interval Coverage Probability (PICP) given by Equation (6)
evaluates the coverage accuracy of prediction intervals. It measures the proportion of
observed values that fall within the forecasted prediction intervals. Ideally, the coverage
probability should match the specified confidence level of the prediction intervals.

(P> y; > PIY)

(15)
0 otherwise

1w 1
PICP = EZi:l C, where C = {
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2.3. Experimental Setup and Simulation

The hyperparameters of the MC-TSGAN model were optimized using Bayesian opti-
mization [20] to determine specific values for key parameters. The number of time steps
was set to 24 to represent hourly data, while the latent dimension was defined as 100 to
capture the underlying features of the flood data. The model architecture consisted of
three layers for the generator and two layers for the discriminator to effectively learn the
temporal dependencies in the data. A learning rate of 0.0002 and a batch size of 64 were
selected to optimize the training process, with 1000 epochs set for model convergence. Ad-
ditionally, a gradient penalty coefficient of 10 and L2 regularization with a weight of 0.001
were applied to enhance the model’s stability and generalization capabilities. These hy-
perparameter values were carefully chosen to maximize the MC-TSGAN model’s accuracy
and performance in generating synthetic flood data for improved flood-prediction tasks.

The MC-TSGAN model was trained with spatial data, incorporating information from
multiple monitoring sites to capture spatial dependencies and variability across different
locations. The model was specifically tailored to generate synthetic flood events that
reflect the spatial dynamics present in the data. Following training, the performance of the
MC-TSGAN model was evaluated and visualized using ¢-statistics, principal component
analysis (PCA), and t-Distributed Stochastic Neighbor Embedding (t-SNE) plots.

The PCA plots provided insights into the high-dimensional structure of the synthetic
flood events, revealing the principal components that explain the variance in the data.
Clusters, patterns, and relationships within the synthetic flood data were visualized based
on the principal components, offering a deeper understanding of the spatial patterns
present in the data. Similarly, the t-SNE plots illustrated the spatial distribution of the
synthetic flood events in a lower-dimensional space while preserving the local structure of
the data. Clusters and similarities between flood events were identified, revealing spatial
patterns and relationships that may impact flood-forecasting accuracy. By visualizing the
performance results of the TimeGAN model using PCA and ¢-SNE plots, valuable insights
were gained into the spatial characteristics and patterns of the synthetic flood data. These
visualizations provided a comprehensive view of the spatial dynamics captured by the
TimeGAN model, enhancing the understanding of spatial dependencies and variability in
flood events across different locations.

The original time-series data were augmented by combining the MC-TSGAN-generated
synthetic flood events with the real data collected from multiple sites to create an aug-
mented dataset for training flood-forecasting models. A forecasting model [19] leveraging
the spatial and temporal information in the augmented dataset to predict extreme flood
events accurately was developed and trained on both the original and augmented datasets
to capture the spatial and temporal patterns in the data and enhance the accuracy of
flood-event predictions.

Simulation experiments were conducted to compare the performance of flood-forecasting
models trained on original data versus models trained on original data augmented with syn-
thetically generated data from MC-TSGAN. The simulations involved generating synthetic
extreme flood events using MC-TSGAN, integrating them with real flood data, training
forecasting models, and evaluating their performance. The Nash-Sutcliffe Efficiency (NSE)
and Kling—Gupta Efficiency (KGE) metrics were used to assess the accuracy of multistep-
ahead predictions of extreme flood events. Higher NSE and KGE scores indicate better
model performance in capturing the variability and dynamics of extreme flood events.
By comparing the NSE and KGE scores of the model trained on the augmented dataset
with synthetic data from MC-TSGAN to the model trained on the original data alone, the
improvement in the forecasting model’s ability to predict extreme flood events accurately
can be quantitatively assessed.

In the final experiments and ablation tests, the performance of the MC-TSGAN in gen-
erating flood events and enhancing flood-forecasting models was evaluated in comparison
to the TimeGAN and RTSGAN models. The evaluation aimed to assess the effectiveness
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and reliability of the MC-TSGAN model in generating synthetic flood data and improving
flood-forecasting capabilities.

The prediction models were developed in Python 3.6.9 with the Keras [21], Tensor-
Flow [22], and PyTorch [23] libraries.

3. Results

Communicating flood-forecast results to the public in the form of water levels is often
preferred over discharge because water levels are more easily understood and relatable to
individuals in flood-prone areas [24]. Water levels directly indicate the depth of flooding in
a particular location, providing a clear and intuitive representation of the potential impact
of a flood event. In contrast, discharge values may be more technical and abstract, making it
challenging for the public to interpret and visualize the actual extent of flooding. Therefore,
the discharge predictions were converted to water levels in our results discussion.

A t-statistic of —1.67 was calculated using Equation (1) for the MC-TSGAN generated
data. Next, we compare this f-statistic to the critical value from the t-distribution with
n — 1 degrees of freedom for a two-tailed test at a 95% confidence level. The critical value is
approximately +1.98. Since our calculated ¢-statistic of —1.67 is less than the critical value
of —1.98, we failed to reject the null hypothesis. This means that the difference between the
means of the generated data and the original data is not statistically significant at the 0.05
level. Furthermore, the average (best) discriminative and predictive scores of MC-TSGAN
on the case study were 0.0490 (0.019) and 0.0519 (0.047), respectively, as shown in Table 1.

Table 1. Discriminative and predictive scores of MC-TSGAN, TimeGAN, and RTSGAN.

Score TimeGAN RTSGAN MC-TSGAN
Discriminative 0.102 (0.021) 0.054 (0.024) 0.0490 (0.0185)
Predictive 0.088 (0.001) 0.067 (0.030) 0.0519 (0.0474)

As in [3], we conducted PCA [25] and #-SNE [26] analyses on normalized feature
matrixes, and the first two principal components were selected to minimize feature dimen-
sionality. The visualization of the performance results using a PCA plot (Figure 3e) and
t-SNE (Figure 3f) shows that the synthetic flood events generated by MC-TSGAN exhibit
distinct spatial patterns and clusters. In the PCA plot, the principal components reveal
the underlying structure of the synthetic flood data, highlighting key features and trends
in the spatial distribution of the events. Clusters and groupings of data points based on
the principal components indicate similarities and relationships between different flood
events, providing insights into the spatial dynamics captured by the MC-TSGAN model.
Similarly, the t-SNE plot visualizes the spatial distribution of the synthetic flood events in a
lower-dimensional space, preserving the local structure of the data. Clusters and patterns
in the t-SNE plot further elucidate the spatial relationships and similarities among flood
events, offering a detailed view of the spatial variability present in the synthetic data. The
t-SNE visualization enhances the understanding of spatial dependencies and interactions
between data points from different locations, providing a comprehensive representation of
the spatial dynamics captured by the MC-TSGAN model.

The histogram in Figure 3i and PCA and t-SNE results (Figure 3e) demonstrate a
high level of alignment and similarity between the synthetic and real flood data points,
indicating a strong performance of the MC-TSGAN model in generating synthetic flood
events that closely resemble the characteristics of real flood events. The almost-perfect
overlap observed in the visualization of the synthetic and real data points suggests that the
synthetic data generated by MC-TSGAN capture the spatial and temporal patterns present
in the real flood data accurately. The close alignment between the synthetic and real data
points in the PCA and ¢-SNE plots signifies the model’s ability to replicate the complex
dynamics and dependencies of flood events, showcasing the effectiveness of MC-TSGAN
in generating realistic synthetic flood data. The results indicate that the synthetic data not
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only capture the spatial variability and relationships within the data but also mirror the
underlying patterns and structures observed in the real flood events.
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Figure 3. PCA and t-SNE visualization with two components for both synthetic- and real-flood-event
data by the different GANs, TimeGAN, RTSGAN, and MC-TSGAN.

Moreover, the increased diversity of the synthetic sequences, as indicated by the lower
discriminative score of 0.0490 (0.0185), signifies that Time-Series GAN can produce a wider
range of outputs that exhibit variability and richness. This diversity is a desirable trait
in generative models, as it allows for the generation of novel and distinct sequences that
capture the complexity and nuances present in the original data.

The findings from the 2D t-SNE and PCA visualizations, along with the lower discrim-
inative score, collectively demonstrate the capability of MC-TSGAN to generate synthetic
sequences that not only closely match the original data distribution but also exhibit en-
hanced diversity, making it a promising tool for generating realistic and varied sequences
in a synthetic manner. Further tests based on spatial and temporal correlation show that
when comparing the generated samples from MC-TSGAN to the original datasets, it is
observed that MC-TSGAN achieves temporal correlation coefficients that are closer to
those of the original data. This suggests that MC-TSGAN can better preserve the temporal
correlation structure of the flood time series across different intervals, indicating its superior
performance in capturing the complex spatial-temporal relationships present in the data.

The discriminative and predictive scores in Table 1 and the comparison of the Figure 3a—f,
showing the results of the different GANs, TimeGAN, RTSGAN, and MC-TSGAN, show
that all the methods can generate reasonable synthetic time series. Figure 4 illustrates the
results of flood water prediction for the 6th hour ahead, generated by two flood-forecast
models. One model was trained solely on the original data, while the other model was
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trained on the original data augmented with data generated by the MC-TSGAN model. The
comparison between the two models reveals insights into their predictive performance and
the impact of incorporating synthetic data from MC-TSGAN on the flood water-prediction
accuracy. It can be seen that the model trained on the augmented dataset, which includes
synthetic data generated by MC-TSGAN, demonstrates improved prediction accuracy
for flood water levels compared to the model trained solely on the original data. By
incorporating synthetic data that capture the underlying patterns and dynamics of the
original data, the augmented model provides more accurate predictions of flood water
levels. The model trained on the augmented dataset also exhibits enhanced generalization
capabilities, particularly in predicting flood water levels for future time steps (lower CRPS
and MPIW of 0.087 and 0.21, respectively, for the 6th hour). The synthetic data generated
by MC-TSGAN help the model capture a broader range of scenarios and variations in
flood events, leading to improved generalization performance beyond the training data.
The augmented model also demonstrates increased robustness in predicting extreme flood
events or unusual patterns in flood-water levels.

wmm predicted == == aug_predicted — aug_meaniz stddev
— observed —=— mean+2 stddev

o e
v v © N &
& & o u o

Water level in cm

N
a

o

Date

—— precipitation

Precipitation [mm)]
o
©

S Lobah o

Figure 4. Six-hour-ahead water-level prediction on the test set using the flood-forecast model trained
on augmented and original data.

The NSE and KGE scores in Figure 4 demonstrate the improvement in the model’s
accuracy and reliability in predicting multistep-ahead extreme flood events. The com-
parison of NSE and KGE scores between the model trained on the original data and the
model trained on the augmented dataset provides quantitative evidence of the impact
of incorporating synthetic data on the forecasting model’s performance. The results of
the study showed that the model trained on the augmented dataset achieved higher NSE
and KGE scores of 0.838 and 0.908, respectively, compared to the model trained on the
original data alone, which had scores of 0.829 and 0.90. These higher scores indicate that
the model trained on the augmented dataset was more accurate in predicting flood events.
Furthermore, the improved accuracy of the model trained on the augmented dataset was
particularly evident in long-time forecast horizons. This suggests that the inclusion of syn-
thetic data from MC-TSGAN helped the model capture the complex patterns and dynamics
of extreme flood events, leading to more accurate predictions over longer time periods.

The test results of the probabilistic forecast for 1-6 h, evaluated using CRPS, MPIW,
and PICP, are presented in Table 2 and Figure 5. It is important to note that a higher PICP
and lower MPIW and CRPS indicate the better performance of the probabilistic model.
As anticipated, all models demonstrated stronger predictive performance for shorter lead
times compared to longer horizons due to increased uncertainty.
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Table 2. Probabilistic model results in terms of CRPS, MPIW, and PICP when trained on original and
augmented dataset.

Metric

(6th Hour Ahead) Augmented with MC-TSGAN Original Data
CRPS 0.375(0.023) 0.576 (0.024)
MPIW 0.43 (0.021) 0.56 (0.02)
PICP 0.921 0.941
(a) NSE and KGE Plots (b) Probabilistic Metrics
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Figure 5. NSE and KGE for flood forecast time horizons for up to 6 h.

The PICP (95%) of 0.941 and MPIW (95%) of 0.43 suggest that the incorporation of
synthetic training datasets in the flood-forecasting model leads to a decrease in the Mean
Prediction Interval Width (MPIW), which indicates a more precise estimation of prediction
intervals. However, this improvement in MPIW comes at the expense of the Prediction
Interval Coverage Probability (PICP), which represents the percentage of observed values
that fall within the predicted intervals. In other words, while the model may provide
narrower prediction intervals with the inclusion of synthetic data, it may also resultin a
lower coverage probability, indicating that the predicted intervals may not capture the true
values as effectively.

4. Discussion

The results of the study demonstrate the effectiveness of MC-TSGAN in generating
synthetic flood events that closely resemble real flood data in terms of spatial patterns,
temporal correlations, and diversity. The visualization of synthetic flood events using
PCA and t-SNE plots reveals the model’s ability to capture complex spatial dynamics and
relationships present in the data. The lower discriminative score and increased diversity
of the synthetic sequences further indicate the model’s capability to generate varied and
realistic flood events. The quantitative evaluation of the forecasting model trained on the
augmented dataset shows improved accuracy and reliability in predicting extreme flood
events, underscoring the potential of synthetic data generated by MC-TSGAN to enhance
flood-forecasting capabilities.

Future research directions could focus on further improving the performance of
MC-TSGAN in generating synthetic flood events by exploring advanced techniques for
capturing spatial-temporal correlations and enhancing the diversity of the generated
sequences. Additionally, investigating the impact of different input parameters and model
configurations on the quality of synthetic data generated by MC-TSGAN could provide
valuable insights into optimizing the model for specific flood-forecasting applications.
Furthermore, conducting comprehensive validation studies and sensitivity analyses on the
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synthetic data generated by MC-TSGAN could help assess the robustness and reliability of
the model in various flood-prediction scenarios.

The findings of this study align with previous research that has demonstrated the
effectiveness of Generative Adversarial Networks (GANSs) in generating synthetic data for
various applications, including flood forecasting. Studies by [3,8] have also highlighted the
potential of GAN-based models, such as TimeGAN and RTSGAN, in capturing complex
spatial-temporal relationships and generating realistic synthetic sequences for time-series
data. The results of this study further support the utility of GANs in improving the accuracy
and reliability of flood-forecasting models by incorporating synthetic data that closely
resemble real flood events. The comparison of NSE and KGE scores between the model
trained on the original data and the model trained on the augmented dataset provides
quantitative evidence of the benefits of using synthetic data generated by MC-TSGAN in
enhancing flood-prediction capabilities.

While leveraging MC-TSGAN to generate synthetic extreme flood events for flood-
forecasting applications offers several benefits, such as improving model accuracy and
capturing complex patterns, there are also limitations and challenges associated with this
approach. One limitation is the potential bias introduced by the synthetic data generated by
MC-TSGAN. Since MC-TSGAN learns the underlying data distribution from the training
set, it may not fully capture the true variability and complexity of extreme flood events.
This could lead to inaccuracies in the synthetic data, which may affect the performance of
the predictive model.

Another challenge is the interpretability of the synthetic data. The generated data
may not have a direct physical interpretation, making it difficult for researchers and
practitioners to understand the underlying processes driving extreme flood events. This
lack of interpretability could hinder the adoption of models trained on synthetic data
in real-world flood-forecasting applications. Additionally, the quality of the synthetic
data generated by MC-TSGAN depends on the size and representativeness of the training
dataset. If the training dataset is limited or biased, the synthetic data may not accurately
reflect the true distribution of extreme flood events, leading to unreliable predictions.
Moreover, incorporating synthetic data generated by MC-TSGAN into flood-forecasting
models requires careful validation and evaluation to ensure that the model performs
well under different scenarios and conditions. The performance of the model may vary
depending on the specific characteristics of the extreme flood events being predicted,
highlighting the importance of robust testing and validation procedures.

The limitation of MC-TSGAN, TimeGAN, and RTSGAN models, like all data-based
models, is their reliance on historical data patterns and assumptions, which may not fully
capture extreme or unprecedented events, such as the 2021 Ahrtal flood “C” (Figure 6).
In cases where extreme events deviate significantly from historical data trends (here, “A”
maximum flood event in training) or exhibit unique characteristics, data-based models may
struggle to accurately predict or simulate such events.

The lack of significant improvement between augmented and non-augmented datasets
in predicting extreme flood events like the 2021 Ahrtal flood could be attributed to several
factors, such as climate change, land-use changes, or infrastructure developments that
influence flood events, and may introduce uncertainties that are challenging for data-
based models to account for. The dynamic and evolving nature of these factors may
impact the models’ predictive capabilities, leading to limited improvements in performance
with augmented datasets. Addressing these limitations requires careful consideration of
data quality, model-training procedures, validation techniques, and ethical considerations.
Future research efforts should focus on improving the robustness, generalization, and
interpretability of synthetic data generated by TimeGAN to enhance its utility in flood-
forecasting and disaster-management applications.
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Figure 6. River Ahr streamflow with the marked area used for training the time-series GANs. Flood
event “C” (red circle is unseen and extremely high. A and B are the extremes in the training and
validation set).

5. Conclusions

In conclusion, the pilot study showcased the promising potential of utilizing synthetic
data generated by MC-TSGAN to enhance the accuracy of predicting extreme flood events.
By integrating synthetic data into the training dataset, the predictive model exhibited
improved performance metrics, signifying enhanced precision in probabilistic forecasting
of extreme flood events, particularly over extended forecast horizons. The modifications
made to the MC-TSGAN model, incorporating principles of mass and energy conservation,
as well as hydraulic principles, aimed to refine the generation of synthetic data to align more
closely with the physical constraints and characteristics of flood events. This enhancement
strategy sought to elevate the realism and accuracy of the synthetic flood data by infusing
domain-specific knowledge and principles into the data-generation process.

Furthermore, the utilization of ¢-statistics and advanced visualization techniques such
as principal component analysis (PCA) and t-Distributed Stochastic Neighbor Embedding
(t-SNE) provided valuable insights into the structure and distribution of the synthetic
flood data. These analyses illuminated patterns, clusters, and relationships within the data,
offering a deeper understanding of the synthetic data’s characteristics.

While the study demonstrated some improvement in discriminating scores compared
to the baseline models TimeGAN and RTSGAN, it is essential to acknowledge the challenges
associated with data-based models. Issues related to bias, interpretability, data quality, and
validation require careful consideration and mitigation strategies in the development and
application of predictive models. Future research endeavors should prioritize refining the
integration of synthetic data in flood-forecasting models, addressing these limitations, and
establishing robust validation protocols to ensure the reliability and accuracy of predictive
models in practical scenarios.

In summary, the study underscores the significant potential of leveraging synthetic
data generated by MC-TSGAN to advance flood-forecasting capabilities and bolster re-
silience against extreme events. By addressing challenges and enhancing the utilization
of synthetic data, this approach holds promise in improving disaster preparedness and
response efforts within the realm of flood-forecasting applications.
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