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AI-Empowered Latent Four-dimensional Variational
Data Assimilation for River Discharge Forecasting

Kun Wang , Gabriele Bertoli, Sibo Cheng, Kai Schröter, Enrica Caporali, Matthew D. Piggott, Yanghua Wang ,
and Rossella Arcucci

Abstract—Flood forecasting and warning, as a proactive strategy
to mitigate potential adverse consequences, have attracted signif-
icant attention. However, river discharge forecasting, a crucial
component of flood forecasting, presents challenges due to the
high dimensionality of its parameters, often suffering from issues,
such as low forecasting accuracy and high computational costs.
4-D variational (4D-Var) data assimilation, as a technique that
integrates information from various sources to improve forecasting
accuracy, has the advantage of incorporating the time dimension,
which enables it to provide more precise predictions, making it
well suited for river discharge forecasting. However, traditional
hydrological forecasting models and 4D-Var methods are highly
time-consuming, and 4D-Var requires access to tangent linear and
adjoint models in order to evaluate the cost function, which limits
their practical application in river discharge forecasting. Therefore,
this article proposes an AI-empowered latent 4D-Var methodology
to address these two issues: eliminating the reliance on the tangent
linear model and adjoint model, and lowering the computational
cost associated with traditional methods. The method first uses a
convolutional autoencoder to compress the state field into a latent
space, then employs a long short-term memory (LSTM) network as
the surrogate model for the forward model in this latent space, and
finally minimizes the cost function of 4D-Var directly in the latent
space without the need for the tangent linear or adjoint models. We
test the proposed AI-empowered latent 4D-Var on real datasets,
utilizing data from the European Flood Awareness System (EFAS)
as the state field and LamaH-CE as the observational data. Our
method outperforms the EFAS historical simulation and the two
baseline models, Voronoi-based LSTM and latent 3-D variational
data assimilation, across five evaluation metrics. Furthermore, the
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proposed method completes 500 iterations for the predictions of the
next day river discharge in just 100 s, demonstrating significant
computational efficiency. In practice, we tested our method on a
flood event occurred in June 2013, where it provided more accurate
and timely forecasting compared to other methods, particularly
the EFAS historical simulation. Moreover, this method is not only
applicable to flood forecasting but also holds significant potential
in various other fields.

Index Terms—Latent data assimilation, 4DVar, flood forecasting,
neural network, data learning, river discharge.

I. INTRODUCTION

R IVER floods are among the most impacting natural haz-
ards, causing significant loss of life, displacement of peo-

ple, and economic damage worldwide [1], with expected increas-
ing impacts in the future [2], [3]. Flood forecasting and warning
systems help reduce the vulnerability of people and assets to
potential flood events by enabling authorities to act in advance
and to enact necessary protection measures. Flood forecasting
models aim to forecast river discharge, usually expressed in
m3/s, and are generally categorized into hydrological (process-
based), data-driven, and hybrid models. Hydrological models
aim at simulating complex rainfall–runoff processes, predicting
the expected river discharge for given conditions (rainfall, soil
moisture, groundwater state, etc). Examples of these models are
HEC-HMS [4], which is suitable for catchment-scale modelling,
or soil and water assessment tool for long-term predictions [5].
Hydrological modeling is often coupled with hydraulic mod-
elling, to seamlessly simulate how floodwaters move across the
landscape. One example of a model that integrates both runoff
and hydraulic modelling is the LISFLOOD model, developed
by the Joint Research Centre of the European Commission [6],
dedicated to large-scale flood forecasting. It is operatively used
by European Flood Awareness System (EFAS) [7] and Global
Flood Awareness System [8] systems for providing large-scale
flood forecasting data. Data-driven flood forecasting techniques
usually leverage statistical and machine learning technologies,
combined with historical observations, to forecast river dis-
charge [9], [10], [11] without relying on physical laws, while
hybrid models combine multiple technologies and modelling
techniques together, e.g., blending machine learning tools with
hydrological modelling [12]. Among the current limitations
of the abovementioned techniques, there are the time and the
resources required for running the models, especially at large
spatial scales, and the uncertainties involved in the modelling
(e.g., model state uncertainties and parameter uncertainties),
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affecting both the availability and the reliability of the pre-
dictions [13], [14]. Enhancing flood forecasting capabilities,
in terms of efficiency and accuracy, would represent a strong
contribution to the effectiveness of flood early warning systems,
acknowledged to be seminal instruments for saving lives during
floods [15] and reducing losses [16].

Data Assimilation (DA) is a method that enhances the pre-
dictive accuracy of models by integrating observational data,
potentially from multiple sources, into the dynamic processes
of the forecasting model. This method can account for both the
spatial and temporal distribution of the data, as well as potential
errors. DA is widely applied in river discharge and flood fore-
casting to improve model performance [17], [18], [19], [20]. 4-D
variational (4-D Var) DA obtains the analysis field—an optimal
estimate of the system state—by minimizing a cost function,
incorporating both the forward model and the temporal distribu-
tion of the observations. This method yields more accurate pre-
dictions than model simulations and is particularly effective for
solving high-dimensional, nonlinear time series problems, such
as flood and river discharge forecasting [21], [22], [23]. Tradi-
tional Four-dimensional Variational Data Assimilation (4D-Var)
relies on the tangent linear model and the adjoint model to solve
the cost function [24]. In practical applications, these two models
are approximated numerically by discretising the continuous
models or by directly constructing discrete models, leading to
increased errors and computational costs of 4D-Var [25]. Cur-
rently, the authors in[25] and [26] considered the use of neural
networks (NNs) to provide the tangent linear model and adjoint
model. These methods reduce computational cost and leverage
the nonlinear mapping capabilities of Neural Networks (NNs)
for potentially improved accuracy [27]. However, these methods
still rely on approximations, which can introduce inaccuracies.
In addition, a method [28], [29] has been proposed to minimize
the cost function without the need for the tangent linear model
and adjoint model. This approach leverages the long short-term
memory (LSTM) memory mechanism to learn how to adjust
the direction of the state update based on the current gradient
information of the cost function. As a result, the optimization
process not only updates the state according to the current
gradient but also incorporates historical information, thereby
improving the optimization efficiency. However, a drawback of
this approach is that the LSTM model needs to be retrained
whenever a new observation operator is introduced, which is
inconvenient in practical applications.

In addition, timeliness is crucial in river discharge forecasting,
meaning that efficient predictive models are essential [30]. Cur-
rently, NN-based surrogate models are used to replace traditional
physics-based hydrological models, such as LISFLOOD and
MIKE SHE [31], to achieve faster computational speeds [32],
[33], [34]. Among these surrogate models, Long Short-term
Memory (LSTM) is particularly effective in addressing long-
term dependence issues in time series prediction, while utilizing
relatively fewer trainable parameters, which makes it widely
used in river discharge forecasting [35], [36], [37]. Further-
more, substantial high-dimensional input data for river discharge
forecasting models lead to significant computational load and
inefficiency [38], [39], [40]. Moreover, when applying 4D-Var

to improve the accuracy of river discharge predictions, it is
crucial to explore strategies to reduce the computational load,
as the iterative process required for optimizing the cost function
is computationally intensive. To achieve this, latent DA [41],
[42], [43] has been proposed to compress the state field into a
latent space using compression models, effectively reducing its
dimensionality and, consequently, lowering the computational
burden. In particular, NN-based compression models, such as
autoencoder [44] and convolutional autoencoder (CAE) [45],
excel at extracting nonlinear features, making them a more ad-
vantageous choice for practical applications [46], [47] compared
with linear transformation-based compression models, such as
proper orthogonal decomposition and principal component anal-
ysis [48], [49].

To address the following two key issues: reliance on the
tangent linear and adjoint models for solving the cost function
of 4D-Var, and the high computational costs of traditional 4D-
Var methods and forecasting models, this article proposes an
AI-empowered latent 4D-Var method to achieve both accurate
and efficient river discharge forecasting. The method obtains the
analysis field by calculating the derivatives of the cost function
without relying on the tangent linear model and adjoint model,
thereby improving both accuracy and efficiency. In addition, it
leverages NNs as both the compression model and the forward
model, enabling 4D-Var to be performed in the latent space,
which significantly enhances computational efficiency. To eval-
uate the performance of our method, we compare it with EFAS
historical simulations and establish two baseline models: the
Voronoi-based LSTM [50], [51], and the AI-empowered latent
3-D variational (3D-Var) DA. The proposed method is tested on
real world datasets, with state field data sourced from the EFAS
historical simulation dataset [52] and observation data obtained
from the LamaH-CE dataset [53]. In addition, to evaluate the
method’s effectiveness in predicting real flood events, we select
the flood that occurred in June 2013 as a test case.

In summary, this study introduces the AI-empowered latent
4D-Var method that integrates 4D-Var with machine learning, ef-
fectively overcoming the limitations of existing 4D-Var methods
for river discharge forecasting. The key contributions include the
following.

1) The method allows for 4D-Var operations to be performed
in the latent space by leveraging NNs as both the compres-
sion model and the forward model. This significantly im-
proves computational efficiency compared to traditional
methods.

2) The effectiveness of the proposed method is rigorously
evaluated against existing models. It is compared with the
EFAS historical simulation and two baseline models: a
Voronoi-based LSTM model and an AI-empowered latent
3D-Var model, showcasing its superior performance.

3) The method is tested using real datasets, including state
field data from the EFAS historical simulation and obser-
vation data from the LamaH-CE dataset, including real
flood events, demonstrating its practical applicability and
robustness in real-world scenarios.

4) In addition, we achieve next-day river discharge fore-
casting in just 100 s after 500 iterations of cost function
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Fig. 1. Map showing the LamaH-CE boundary and hydrometric gauges, indicated by red dots. Mean EFAS river flow simulation values are illustrated in shades
of blue, with darker shades representing higher river discharges. The dashed frame outlines the subset focused on in this study. In the top-left corner is shown the
location of the dataset with respect to the European continent. The background map is from OpenStreetMap.

minimization, highlighting the method’s efficiency in de-
livering timely flood forecasting.

The rest of this article is organized as follows. Section II
introduces the datasets utilized in this work, along with the
preprocessing steps applied to the data. Section III provides a
detailed description of the proposed method and the baseline
models. Section IV presents the numerical results, accompanied
by an analysis and discussion of the findings, and one test case.
Finally, Section V summarizes the overall findings and outlines
plans for future work.

II. DATA

A. Study Area and Dataset

The study area covers approximately 30 000 km2 in Austria,
Europe, including the capital Wien and a portion of its upstream
catchments. We select this area due to the availability of river
discharge observations, from the LamaH-CE large-scale hydro-
logical dataset for central Europe, combined with the possibility
to obtain predictions of environmental variables (including river
discharge) from EFAS historical simulation dataset. LamaH-CE
dataset contains historical observations of river discharges from
859 hydrometric gauges, across nine countries in central Europe,
at hourly resolution, covering the period from 1981 to 2017.
EFAS is an early warning system designed to provide pan-
European flood forecasting and flood alerts. It is jointly devel-
oped by the European Commission and the European Centre for
medium-range weather forecasts, with its first version officially
been released in 2018. EFAS historical simulations are available
from 1991 to present days, they have 6 h time resolution and 1

arc-min of spatial resolution, thus being particularly suitable
for larger rivers and large spatial-scales. EFAS river discharge
forecastings are based on the LISFLOOD hydrological model,
integrating meteorological forecasts, historical, and real time
data. The map in Fig. 1 shows the LamaH-CE dataset boundary
and its gauges, represented with red dots. EFAS simulations are
reported as their mean value over the whole time period—for
illustration purposes only—in blue shades, where darker blue
is for higher river discharges. The dashed frame highlights the
subset area analyzed in the present study.

B. Data Preprocessing

After selecting the study area and datasets, we proceeded pre-
processing both datasets, to prepare them for being analyzed. In
this experiment, we utilize data from 1992 to 2017, training our
model on data from 1992 to 2012 and testing it on data from 2013
to 2017. Consequently, within the study area, there are 58 gauge
stations in the LamaH-CE dataset whose operational periods
align with this time window. Given the data source typology
difference between the two datasets, the next step consisted in
associating the EFAS raster pixels to the corresponding river
gauge. The resolution of the EFAS grid (1 arc-min) is designed
for large-scale modeling but does not accurately capture narrow
river networks and dense tributaries, introducing uncertainties
when identifying the appropriate EFAS cell for a specific gauge,
as these cells may not overlap precisely with river gauges. To
address this challenge, an automatic cell selection algorithm,
first introduced by Wang et al. [54], was applied to achieve the
most accurate association of EFAS pixels with LamaH-CE river
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TABLE I
PREPROCESSED DATA IN TWO DATASETS

gauges. This method selects the EFAS cells with the highest
flow values within a watershed domain, which are located at
the catchment outlet and thus comparable to the associated
river gauges. However, some peculiar watershed shapes (e.g.,
very narrow outlets) can affect the automatic selection accuracy,
necessitating manual checks to reduce uncertainties. LamaH-CE
offers hourly resolution observations, while EFAS only has 6
h average river discharge simulation values. Even though it
is always preferable to avoid reducing the resolution of the
available data, we opted for this to allow a perfect alignment
between EFAS and LamaH-CE river discharge values with-
out introducing further uncertainties. Thus, hourly observations
from LamaH-CE dataset are averaged over 6-h. LamaH-CE
gauges observations are eventually aggregated inside a unique
matrix. The preprocessed data are presented in Table I.

Then, to ensure that the data maintain a uniform numerical
scale, avoid large disparities between different features, and
mitigate the impact of noise and outliers—thereby improving
the training effectiveness and stability of the network—it is
generally necessary to normalize data before training NNs.
In this experiment, due to the substantial differences in river
discharge between main streams and tributaries, we designed a
customized normalization approach using logarithmic scaling,
as shown in the following:

xnorm =
log(x+ 1)

log(xmax + 1)
(1)

where x represents the state field, xmax represents the maximum
value of the state field, xnorm represents the normalized state
field. Following this process, both the state field and observa-
tion data are normalized and prepared for use in subsequent
experiment.

III. METHODOLOGY

In this section, we detail our methodology, including the
design of the NN-based compression and forward models, as
well as the proposed AI-empowered latent 4D-Var method. In
addition, we introduce two baseline models to facilitate perfor-
mance comparison with our proposed method.

A. Compression Model

In the experiment, the state field, derived from river discharge
data in the EFAS historical simulation dataset and originally
sized 128× 128, is compressed using an NN-based compression
model. This model reduces the dimensionality of the state field
into a latent space of size 128× 1, enabling more efficient

TABLE II
DETAILED STRUCTURAL INFORMATION OF CAE

processing in the latent space. The structure of the compression
model is a Convolutional Autoencoder (CAE), composed of an
encoder E and a decoder D, as expressed in the formula given
as follows:

x̃t = E(xt)

x̂t = D(x̃t)

L =
1

n

n∑
t=1

‖x̂t − xt‖2 (2)

where xt represents the state field at the tth time step, whereas
x̃t denotes the compressed latent representation of the state field
xt at the same time step, which can be reconstructed from the
latent space using the decoder, x̂t represents the reconstructed
state field at the tth time step, and L represents the loss function
of the training process.

CAE is an NN structure designed to extract spatial features
from input data using convolutional layers in the encoder for
dimensionality reduction, and subsequently reconstruct com-
pressed input through convolutional layers in the decoder [45].
This architecture is effective for compressing high-dimensional
data while preserving essential features for reconstruction. The
CAE trains its model parameters by minimizing the distance
between the original input and its reconstruction, effectively
learning to compress and reconstruct the data. To enhance the
extraction of spatial features from the state field, both the encoder
and decoder incorporate residual blocks, which improve feature
learning and overall model performance [55]. Each encoder
and decoder consists of one fully connected layer and four
residual blocks, with each residual block comprising two 2-D
convolutional layers, two BatchNorm layers, and one ReLU acti-
vation function, as illustrated in Fig. 2(a). The detailed structural
information of the CAE is presented in Table II.

After compressing the state field through the encoder, the
representation of the state field in the latent space is obtained,
which will be used to train the forward model. Furthermore, DA
will also be conducted in the latent space.

B. Forward Model in Latent Space

Once the state field is represented in the latent space, a forward
model is developed to forecast the future states in that space,
enhancing computational efficiency. In this experiment, LSTM
is selected as the forward model to forecast the state field, with
its structure, as illustrated in Fig. 2(b). LSTM is a variant of
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Fig. 2. Structure of the NN-based models. (a) Structure of the compression model, where the input is the state field at the tth time step, and the output is the
reconstructed field at the same time step. The encoder and decoder consist of four residual blocks and one fully connected layer. Each residual block contains two
Conv2D layers, two BatchNorm layers, and one ReLU activation function. (b) Structure of the forward model in latent space. The input consists of the compressed
state field for four time steps in latent space, and the output is the background field in the latent space for the subsequent four time steps. The output then passes
through the decoder, where the background field for the following four time steps is reconstructed. (a) Structure of the compression model. (b) Structure of the
forward model.

recurrent NN designed to effectively manage and predict the
sequential data. It features three specialized gate structures: the
input gate, the forget gate, and the output gate. These gates
allow LSTM to selectively remember and forget information,
making it particularly adept at addressing long-term dependence
issues [56].

In designing the LSTM, a 4 × 4 structure is used to achieve
fast prediction cycles and stable forward forecasting. The input
to the LSTM M consists of the state field in the latent space
over four time steps, denoted as x̃t:t+3. The output, referred to
as the background field in DA, represents the forecasted state
field in the latent space for the next four time steps, denoted as
x̃b

t+4:t+7. This relationship can be expressed mathematically,
as shown in the following:

x̃b
t+4:t+7 = M(x̃t:t+3). (3)

In designing the LSTM structure, the model consists of one
LSTM layer, two fully connected layers, one LayerNorm layer,
and one ReLU activation function. Detailed structural informa-
tion of the LSTM is presented in Table III.

The LSTM parameters are trained by minimizing the distance
between the predicted background field and the ground truth
over four time steps in latent space. Despite this training, the
initial predictions of the state field remain preliminary and
exhibit moderate accuracy; thus, integrating DA techniques with
observations is crucial for improving forecasting accuracy.

C. AI-Empowered Latent 4D-Var

In this experiment, we propose the AI-empowered latent
4D-Var to enhance the forecasting accuracy of the designed
LSTM and address the practical limitations of traditional 4D-
Var, particularly the reliance on a tangent linear model and an

TABLE III
DETAILED STRUCTURAL INFORMATION OF LSTM

adjoint model, along with the substantial computational load and
approximation errors. The structure is illustrated in Fig. 3.

In this method, the four time steps of the background field
xb
t:t+3 predicted by the forward model M are compressed into

the latent space, resulting in the representation of the back-
ground field in the latent space x̃b

t:t+3. Then, eight time steps
of observations in vector space ỹt:t+7 are used to assimilate
the background field, and by minimizing the cost function of
AI-powered latent 4D-Var J , the analysis field in the latent
space x̃a

t:t+3 is obtained. The cost function of AI-empowered
latent 4D-Var is expressed mathematically in the following:

J (x̃t:t+3) =
∥∥∥x̃t:t+3 − x̃b

t:t+3

∥∥∥2
B̃−1

+ ‖ỹt:t+3 −Ho(x̃t:t+3)‖2R−1

+ ‖ỹt+4:t+7 −Ho(M(x̃t:t+3))‖2R−1 (4)

where ỹt represents the observation in vector space at the tth
time step, Ho represents the observation operator, B̃ represents
the background error covariance matrix in the latent space,
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Fig. 3. Structure of the AI-empowered latent 4D-Var. The input consists of the compressed state field for four time steps in latent space and the observations for
eight time steps. The blue block represents the background component, while the orange blocks represent the observation component. The green block represents
the observation operator, which is composed of a decoder followed by the observation location matrix. This setup integrates both the state field and observation
data to improve the prediction model’s performance.

and R represents the observation error covariance matrix. The
observation operator Ho consists of two parts: the decoder D
and the observation location matrix L. The observation location
matrix L selects the location with observations in full space yt

and arranges them into a vector, resulting in the observations
in vector space ỹt. The background error covariance matrix is
defined as the error covariance matrix of the background field in
the latent space, while the observation error covariance matrix
is established as the self-covariance matrix of the observations
in vector space, where the diagonal elements represent the
variances of the corresponding elements, indicating that each
observation is independent [57]. Since the AI-empowered latent
4D-Var utilizes four time steps of the background field and eight
time steps of observations, performing DA every four time steps,
the analysis state obtained from the assimilation is used as input
for the subsequent forecasting. Consequently, the size of B̃ is
512× 512, and the size of R is 232× 232. If 4D-Var were
performed in full space, then the size of the background error
covariance matrix B would be 65536× 65536. Consequently,
minimizing the cost function in this scenario would be signif-
icantly more time-consuming compared to the AI-empowered
latent 4D-Var.

AI-empowered latent 4D-Var employs PyTorch to compute
the derivatives of the cost function directly, facilitating its
minimization without relying on a tangent linear model or an
adjoint model, which are required in traditional 4D-Var methods.
Furthermore, PyTorch’s capability to utilize graphics processing
units (GPUs) enhances computational efficiency significantly. In
this implementation, the AdamW algorithm [58] is utilized to
solve the cost function for the AI-empowered latent 4D-Var. The
detailed algorithm of AI-empowered latent 4D-Var is presented
in Algorithm 1, where t represents the number of time steps, k
represents the number of the iterations, x̃a

t represents the analy-
sis field in the latent space at the tth time step, and xa

t represents
the analysis field in the full space at the same time step.

Algorithm 1: AI-empowered latent 4D-Var.

Inputs: xb
t−3:t,yt−3:t+4, E ,D,L,Ho,M

Parameters: t, k, B̃,R

k = 0, x̃b
t−3:t = E(xb

t−3:t), ỹt−3:t+4 = L(yt−3:t+4)
if t

4 == 0 and t > 0 then
while k < kmax do
J (x̃t−3:t) = ‖x̃t−3:t − x̃b

t−3:t‖B̃−1

+‖ỹt−3:t −Ho(x̃t−3:t)‖R−1

+‖ỹt+1:t+4 −Ho(M(x̃t−3:t))‖R−1

x̃a
t−3:t = argmin(J(x̃t−3:t))

k = k + 1
end while

end if
x̃b

t+1:t+4 = M(x̃a
t−3:t)

xa
t−3:t = D(x̃a

t−3:t)
t = t+ 4

Output: Analysis field of the last time period: xa
t−3:t and

background field of the current time period: x̃b
t+1:t+4.

After applying 4D-Var with eight time steps of observations
and four time steps of the background field, the analysis field
for the current four time steps is computed.

D. Baseline Methods

To evaluate the performance of AI-empowered latent 4D-Var,
two baseline models are developed for comparison, allowing for
a comprehensive assessment of the proposed method’s effective-
ness.

1) Voronoi-Based LSTM: Voronoi tessellation, which uti-
lizes NNs to reconstruct fields from sparse observations, is
commonly employed in scenarios with limited data [59]. The
first baseline model, known as Voronoi-based LSTM, employs



24682 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 18, 2025

Voronoi tessellation to reconstruct the state field from obser-
vations at the time step of DA. This reconstructed state field
is then compressed using an encoder, and the compressed
representation is utilized as the input for the LSTM to make
predictions. In this experiment, U-Net is chosen as the backbone
architecture for the Voronoi reconstruction network design [60].
The U-Net structure excels in multiscale feature extraction, re-
tains critical information, and learns representations efficiently,
which enhances its effectiveness compared to traditional CNN
architectures proposed by Fukami et al.[59]. Consequently, this
allows for improved learning of the state field features in this
experiment. In training the Voronoi reconstruction network, the
state field is set to zero at locations without observations and then
processed with Voronoi interpolation to construct an interpolated
field, which serves as the input to the network. The network’s
output is the reconstructed state field. This model leverages
the spatial interpolation from observed points to generate a
more complete state field. The model parameters are trained
by minimizing the distance between the interpolated field (after
processing) and the original state field. This objective ensures
that the model learns to accurately reconstruct the state field by
capturing spatial relationships based on available observations.
Therefore, this model can use the observation directly as the
input, allowing it to reconstruct the Voronoi-interpolated field
through the NN. In implementing the Voronoi-based LSTM, the
reconstructed field from the observation is used as the LSTM
input, and the predicted field is compared with the ground truth
to evaluate this baseline’s performance.

2) AI-Empowered Latent Three-dimensional Variational
Data Assimilation (3D-Var): The second baseline model is the
AI-empowered latent 3D-Var. Unlike the AI-empowered latent
4D-Var, which incorporates the temporal distribution of observa-
tions, the AI-empowered latent 3D-Var focuses solely on spatial
information. However, this model offers a lower computational
cost compared to the AI-empowered latent 4D-Var.

In the AI-empowered latent 3D-Var, the four time steps of
observations are used to assimilate the background field at the
same assimilation time. The cost function of the AI-empowered
latent 3D-Var is expressed in the formula as shown in the
following:

J (x̃t:t+3) =
∥∥∥x̃t:t+3 − x̃b

t:t+3

∥∥∥2
B̃−1

+ ‖ỹt:t+3 −Ho(x̃t:t+3)‖2R−1 . (5)

In AI-empowered latent 3D-Var, the configurations for B̃, R,
and the observation operator Ho remain consistent with those
used in the AI-empowered latent 4D-Var.

E. Implementation Details

In this experiment, the NN models are trained using mean
square error (MSE) as the loss function. The Adam optimizer is
utilized with default settings, employing a learning rate of 1e-3,
and a batch size of 32 is implemented throughout the training
process. The training process is conducted on an A100 40 GB
GPU server operating under Ubuntu 22.04.5.

IV. NUMERICAL RESULTS AND DISCUSSIONS

In this section, five evaluation metrics are employed to eval-
uate the performance of the proposed AI-empowered latent
4D-Var, comparing it with the EFAS historical simulation and
two baseline models. In addition, the flood event that occurred
in the study area in June 2013 is selected as a case study for
further analysis.

A. Numerical Results

In this experiment, data from 2013 to 2017 is selected as the
test set to assess the performance of the proposed AI-empowered
latent 4D-Var and the DA methods are implemented using the
TorchDA package [61]. Five evaluation metrics—Mean Square
Error (MSE), relative L2 norm, R2, standard deviation (STD)
and Kling–Gupta efficiency (KGE)—are employed to compare
performance against the EFAS historical simulation and two
baseline models, highlighting the advantages of the proposed
method. Ground truth data are sourced from observations in the
Lamah-CE dataset. The predicted state field results are compared
with the ground truth values at the corresponding observation
locations and time steps, using normalized river discharge as the
physical quantity. The first four evaluation metrics are averaged
monthly, with each month consisting of 120 data points and
the Kling-Gupta Efficiency (KGE) is calculated by averaging
the results from each observation location across the entire test
set to assess the performance of each method. The aggregated
results of the first four evaluation metrics are presented in Fig. 4.
In this figure, different colors represent the model results in
comparison to the ground truth: black for EFAS historical sim-
ulation, red for LSTM, orange for Voronoi-based LSTM, blue
for AI-empowered latent 3D-Var, and green for AI-empowered
latent 4D-Var.

Evaluating the four metrics collectively, AI-empowered latent
4D-Var demonstrates the strongest performance. In contrast, the
results from the other methods, including EFAS historical simu-
lation, AI-empowered latent 3D-Var, and Voronoi-based LSTM,
fall short of the performance exhibited by the proposed method.
Compared to EFAS historical simulation, AI-empowered latent
4D-Var incorporates observations to further enhance the accu-
racy of predictions. In addition, unlike pure machine learning
methods, such as LSTM and Voronoi-based LSTM, DA meth-
ods integrate physical constraints, which enhances forecasting
accuracy and improves the stability of trend predictions. No-
tably, AI-empowered latent 4D-Var surpasses AI-empowered
latent 3D-Var, largely due to its ability to account for the
temporal distribution of observations and the forward model,
both of which are crucial for improving time series forecasting
accuracy.

The first metric analyzed is the MSE, which measures the
difference between the estimator and the estimated quantity. It
calculates the distance between the model’s predicted values
and the ground truth, with a larger distance indicating greater
forecasting error. As shown in Fig. 4(a), the MSE values for
AI-empowered latent 4D-Var are relatively stable and consis-
tently below 0.002, reflecting a low error rate. This performance
is the best among all of the methods tested. AI-empowered
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Fig. 4. Results on the four evaluation metrics (MSE, Relative L2, R2 and STD) of five methods for the test set (2013–2017), with observation serving as the
ground truth. The colors represent each method: black for EFAS historical simulation, red for LSTM, orange for Voronoi-based LSTM, blue for AI-empowered
latent 3D-Var, and green for AI-empowered latent 4D-Var.

latent 3D-Var exhibits performance similar to that of the EFAS
historical simulation and Voronoi-based LSTM. However, due
to previously mentioned limitations in these methods, their MSE
performance is lower than that of AI-empowered latent 4D-Var.
Consequently, by integrating physical constraints and consid-
ering the temporal distribution of observations along with the
forward model, the AI-empowered latent 4D-Var method both
corrects LSTM forecasting errors significantly and enhances
overall accuracy and stability.

The relative L2 norm serves as an evaluation metric similar
to MSE but accounts for error relative to the ground truth.
This enables it to measure the magnitude of forecasting errors
in proportion to the true values, making it especially useful
for comparing datasets of different scales. Consequently, the
relative L2 norm effectively reflects the model’s performance
under significant data variability, making it particularly valuable
for assessing our method’s accuracy during seasonal variations
in river discharge magnitudes. As seen in Fig. 4(b), the AI-
empowered latent 4D-Var results are all less than 0.2, so there is
a good stability in AI-empowered latent 4D-Var on all seasons
with good performance. In contrast, other methods can exhibit
considerable fluctuations due to seasonal variations in river

discharge magnitudes. Therefore, AI-empowered latent 4D-Var
can generate more stable predictions across these variations by
incorporating the time dimension.
R2 is an evaluation metric that indicates how well the model

fits the data. A value close to 1 signifies a better fit, meaning
that the model explains a significant portion of the variability in
the data. In this experiment, R2 is used to assess the correlation
between the model’s predictions and the ground truth. As shown
in Fig. 4(c), the R2 value for AI-empowered latent 4D-Var con-
sistently remains close to 1, with minimal fluctuations compared
to AI-empowered latent 3D-Var. This indicates a strong correla-
tion between the results of AI-empowered latent 4D-Var and the
ground truth, demonstrating that the predictions generated by
our proposed method align closely with actual river discharge
observations. The fluctuations observed in the values of pure
machine learning methods, compared to DA methods, arise
from the absence of actual physical meaning in these models.
Without physical constraints, the predicted values often fail to
align with meaningful real-world values. This underscores the
advantage of AI-empowered latent 4D-Var, which effectively
incorporates physical constraints, bringing predictions more in
line with real-world laws.
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Fig. 5. Maps showing the KGE metric for each model, computed for the whole testing period over the study area. From left to right, it reported the EFAS historical
simulation, LSTM, Voronoi-based LSTM, AI-empowered latent 3D-Var, and AI-empowered latent 4D-Var. Darker colors represent better performance. Negative
values are marked in white. The background map is from OpenStreetMap.

Standard Deviation (STD) is a statistical measure that quan-
tifies the dispersion of data points in a dataset relative to the
mean. A smaller STD indicates that the predicted fluctuations
are lower than those of the true values, suggesting that the model
more effectively captures the characteristics of the actual data.
As shown in Fig. 4(d), the AI-empowered latent 4D-Var demon-
strates greater stability and consistency in forecasting compared
to other methods. This resilience to seasonal variations can be
attributed to AI-empowered latent 4D-Var’s consideration of the
temporal distribution of observations and the effects of forward
models.

The KGE [62] is a hydrological metric used to assess the
performance of a model in simulating observed flow, capable of
capturing multiple performance dimensions, and it is defined as

KGE = 1−
√(

σs

σo
− 1

)2

+

(
μs

μo
− 1

)2

+ (ρs,o − 1)2 (6)

where σs and σo represent the STD of the simulated and
observed data, respectively, μs and μo denote the means of
the simulated and observed data, respectively, and ρs,o is the
correlation coefficient between the simulated and observed data.

KGE values closer to 1 indicate better fit, with optimal cor-
relation, bias, and variability representation by the model with
respect to the observations. Values between 0,6 and 0,9 are gen-
erally considered representative of good modeling performances
for hydrological applications. Values lower than 0,5 might be
still acceptable, depending on the specific cases, but usually are
indices of discrepancies among the model and the observations.
In this experiment, KGE is used to assess the agreement between
the considered model’s outcomes and the LamaH-CE obser-
vations, and the results are shown in Fig. 5. The higher KGE
in AI-empowered latent 4D-Var underscores the advantage of
integrating DA, which strengthens both correlation and physical
relevance by aligning model outputs more closely with observed
hydrologic patterns. Negative values of KGE indicate that the
model is less descriptive than the mean value of the dataset.
There are few negative KGE values, mostly coming from the
LSTM forecasting. Voronoi-based LSTM and AI-empowered

TABLE IV
COMPARISON OF THE RESULTS OF THE FIVE EVALUATION INDICATORS ACROSS

THE TEST DATASET

latent 3D-Var show only four and three negative values, re-
spectively, but the overall performance is largely better than
LSTM. No negative values are resulting from AI-empowered
latent 4D-Var.

To comprehensively evaluate the AI-empowered latent 4D-
Var, we calculate the average results of these five metrics over the
entire test set, as presented in Table IV. In the table, the numbers
marked in red highlight the best-performing methods for each
indicator. As demonstrated, AI-empowered latent 4D-Var out-
performs all other methods across all indicators, indicating its
superiority in terms of accuracy, stability, and correlation. On the
contrary, the worst performer is LSTM, primarily because it is
a pure machine learning model that does not consider physical
constraints, leading to significant bias when compared to real
observations. In addition, LSTM fails to incorporate supple-
mentary observations that could provide valuable information,
further contributing to its poor performance.

The improvement of Voronoi-based LSTM over LSTM can
be attributed to Voronoi-based LSTM’s use of observations as
additional information. However, as a pure machine learning
method, Voronoi-based LSTM does not incorporate physical
constraints, resulting in only a slight advantage over LSTM and
still falling short of AI-empowered latent 4D-Var.

Moreover, the results of EFAS historical simulation are gen-
erated through hydrological modeling without incorporating
observations from gauge stations into the predictions. As a result,
the performance is not as robust as that of AI-empowered latent
4D-Var.
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Fig. 6. Map of absolute error relative to EFAS historical simulation, LSTM, Voronoi-based LSTM, AI-empowered latent 3D-Var, and AI-empowered latent
4D-Var across the entire testing area. The map includes three time steps of the flood event: June 1, 2013, at 18:00; June 2, 2013, at 00:00; June 2, 2013, at 06:00.
The maps are arranged in a matrix format, with the five models represented as columns and the three time steps as rows. Absolute error is displayed at each gauge
station, with darker colors indicating lower error values. The background map is from OpenStreetMap.

On the other hand, AI-empowered latent 3D-Var, as a DA
method, yields better results than pure machine learning meth-
ods and EFAS historical simulation. However, it does not ac-
count for the temporal distribution of observations or the forward
model, which explains why it does not perform as well as
AI-empowered latent 4D-Var.

In numerical comparisons, the AI-empowered latent 4D-Var
significantly outperforms other methods, demonstrating im-
provements of 65.59% to 82.73% in MSE, 37.47% to 56.89%
in the relative L2 norm, and 26.42% to 45.73% in STD. It also
achieves better performance in R2 by 20.56% to 74.12% and in
KGE by 15.20% to 38.62% . These results indicate superior
predictive accuracy and variability explanation compared to
other methods.

In terms of execution time, the AI-empowered latent 4D-Var
completes one-day forecasting in about 100 s on an A100 40 GB
GPU.

B. Test Case

We analyze the model outcomes during a flood event that
occurred within the time frame used for the testing (2013–
2017). We focus on the June 2013 flood, which was caused
by an atmospheric condition typical of flood events in the upper
Danube [63], characterized by persistent rainfall and a stalling
low atmospheric pressure. Moreover, the soil moisture levels

registered at the end of May 2013 exceeded all the historical
records [64], and ground waters levels were particularly high.
All these factors led to high runoff values and complex patterns
of high river flows in the area of the upper Danube basin [63].

In Fig. 6, we show the map of absolute error relative to
EFAS historical simulation, LSTM, Voronoi-based LSTM, AI-
empowered latent 3D-Var, and AI-empowered latent 4D-Var,
for the all testing areas. We reported the three initial time steps
of the flood event: the 1 June 2013 at 18.00, 2 June 2013 at
00.00 (flood-wave peak), and the 2 June 2013, at 06.00. Maps
are presented in the shape of a matrix, which has the five tested
models as columns and the three time steps as rows. Absolute
error is reported for each gauge station, with darker colours for
lower error values.

Overall, the western and some central gauges seem to be
characterized by slightly lower performances with respect to
the eastern ones, across all methods. Peculiar characteristics of
those watersheds, and the complex runoff pattern associated to
the analyzed flood event, can partially explain this; moreover,
some of those values are directly influenced by hydrological
connections not included in the study area. In all the models,
the first and the second time steps show slightly higher error
values with respect to the first, because the distance between
the predictions and the observations generally decreased after
the flood-wave peak, which occurred at the second time step.
The AI-empowered latent 4D-Var, reported in the last column,
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Fig. 7. Location of gauge stations, and the forecasted river discharge for each model (EFAS historical simulation, LSTM, Voronoi-based LSTM, AI-empowered
latent 3D-Var, and AI-empowered latent 4D-Var) compared to observed values. Watersheds and river network shown in the map are from LamaH-CE. The
background map is from OpenStreetMap.

outperforms all the other models in almost all the gauges and
for each time step, overall providing better predictions of river
discharge for the analyzed area. The Voronoi-based LSTM
have lower forecasting performances with respect to all the
other methods: Voronoi correlation may incorrectly catch the
complex hydrological connections among the watersheds, thus
negatively affecting the predictions. LSTM and AI-empowered
latent 3D-Var show similar forecasting capabilities, although
AI-empowered latent 3D-Var improved the LSTM results for
almost all the gauges.

For a more detailed analysis, we focus on gauge 332 (from
the “ID” field of the LamaH-CE classification) on the Traisen
River, and Gauge 364 on the Schwechat River. Both rivers are
tributaries of the Danube in Lower Austria. Even if they were
not particularly hit by this flood event, they are exemplary for
comparing models’ performance. These rivers can be considered
midsize in the LamaH-CE dataset, and have similar character-
istics in terms of watershed area and length: the Traisen drains
a 915 km2 basin with a length of 82.6 km, while the Schwechat
drains an area of 1182 km2 and has a length of 62 km. In Fig. 7,

the locations of the gauges are shown, and below it, the predicted
river discharge is reported for all the models against the observed
one.

For both gauges, the AI-empowered latent 4D-Var shows a
significant improvement with respect to the other methodolo-
gies, although a residual difference remains between the ob-
served river discharge and the predictions. Also, improvements
are visible in the shape of the flood wave, which is better captured
by the AI-empowered latent 4D-Var, despite some differences
in the slopes, which mostly regard the falling limb, and the
successive steps of the flood. The other methods seem to not
sense the flood wave at all. For the Traisen River, forecasting
from AI-empowered latent 4D-Var would have been the only
ones to likely raise a flood alert, making a critical difference for
public safety, civil protection efforts, and the implementation
of flood-risk mitigation measures. EFAS predictions for the
Schwechat river sensed the flood-wave but with incorrect timing,
and the predicted wave limb fall immediately before the ob-
served flood-wave rising limb, thus not sensing the actual flood
event and delivering predictions opposite to the observed trend,
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which is extremely dangerous in terms of flood risk mitigation.
AI-empowered latent 4D-Var is again the best model in sensing
the flood.

V. CONCLUSION AND FUTURE WORK

This article introduces AI-empowered latent 4D-Var, a
method that significantly improves the speed and accuracy of
river discharge forecasting. The method first applies an NN-
based compression model to compress the river discharge state
field into a latent space, followed by an NN-based surrogate
model that replaces the traditional hydrological model, sub-
stantially accelerating forward model predictions. In addition,
the 4D-Var process is computed in the latent space, further
enhancing computational efficiency. Unlike traditional 4D-Var,
which requires tangent linear and adjoint models to compute the
cost function, this method leverages NNs to directly solve the
problem without approximation, greatly reducing computational
demands and increasing processing speed. The NN models are
trained on data from 1992 to 2012 and tested on data from
2013 to 2017. The numerical results demonstrate a significant
improvement in accuracy, stability, and correlation over both
the EFAS historical simulation dataset and our two baseline
models—Voronoi-based LSTM and AI-empowered latent 3D-
Var—indicating a substantial enhancement in predictive perfor-
mance. Moreover, our method completes next day forecasting
(four time steps) in only 500 iterations, or roughly 100 s. This
rapid processing time is highly efficient and well-suited for
timely flood forecasting. We use the June 2013 flood event in
the study area as a test case to evaluate the proposed method. By
comparing predictions to those from the EFAS historical simula-
tion and the two baseline models, our method not only forecasts
the occurrence of the flood on time, but also provides more
accurate results. Therefore, the results indicate that the method is
highly effective for forecasting flooding events in practical appli-
cations. In addition, compared to existing methods, our approach
requires lower computational resources while achieving higher
accuracy, making it more suitable for real-world applications.
Future work will focus on incorporating additional variables
relevant to river discharge, such as rainfall and soil moisture,
into the forward model to enhance forecasting accuracy.

Moreover, gauge stations in our study are strategically located
at watershed outlets delineated in the LamaH-CE dataset [53]
and effectively represent the hydrology of these areas. We
leveraged reliable datasets from data-rich regions to build and
test our model but acknowledge the importance of extending
it to data-scarce areas. But working with shorter time series
and sparser gauge stations, potentially with record gaps, may
lower the model’s performance and increase uncertainties. These
issues can be mitigated using transfer learning, where models
pretrained in data-rich contexts are fine-tuned for data-scarce
regions. This task is a part of our ongoing work, and results will
be presented in a forthcoming publication. Furthermore, during
the DA process, the concepts presented in [51] could be uti-
lized to introduce a Voronoi-related cost function, with a newly
designed cost function aimed at achieving faster convergence.
This improvement could significantly enhance the effectiveness
of our forecasting.
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