
RiverMamba: A State Space Model for Global River
Discharge and Flood Forecasting

Mohamad Hakam Shams Eddin Juergen Gall

Institute of Computer Science, University of Bonn
Lamarr Institute for Machine Learning and Artificial Intelligence

{shams, gall}@iai.uni-bonn.de

Yikui Zhang Stefan Kollet

Institute of Bio- and Geosciences Agrosphere (IBG-3), Research Centre Jülich
Centre for High-Performance Scientific Computing in Terrestrial Systems,

Geoverbund ABC/J, Jülich
{yik.zhang, s.kollet}@fz-juelich.de

Abstract

Recent deep learning approaches for river discharge forecasting have improved the
accuracy and efficiency in flood forecasting, enabling more reliable early warning
systems for risk management. Nevertheless, existing deep learning approaches in
hydrology remain largely confined to local-scale applications and do not leverage
the inherent spatial connections of bodies of water. Thus, there is a strong need for
new deep learning methodologies that are capable of modeling spatio-temporal rela-
tions to improve river discharge and flood forecasting for scientific and operational
applications. To address this, we present RiverMamba, a novel deep learning model
that is pretrained with long-term reanalysis data and that can forecast global river
discharge and floods on a 0.05◦ grid up to 7 days lead time, which is of high rele-
vance in early warning. To achieve this, RiverMamba leverages efficient Mamba
blocks that enable the model to capture spatio-temporal relations in very large river
networks and enhance its forecast capability for longer lead times. The forecast
blocks integrate ECMWF HRES meteorological forecasts, while accounting for
their inaccuracies through spatio-temporal modeling. Our analysis demonstrates
that RiverMamba provides reliable predictions of river discharge across various
flood return periods, including extreme floods, and lead times, surpassing both AI-
and physics-based models. The source code and datasets are publicly available at
the project page https://hakamshams.github.io/RiverMamba.

1 Introduction

Riverine floods are one of the most destructive natural disasters, with their risk anticipated to rise
in the future as a result of climate change and socioeconomic developments [1–5]. They arise from
compound effects, including atmospheric conditions like heavy precipitation caused by circulation
patterns and snowmelt succeeding high temperature, all shaped by the specific characteristics of the
river drainage area [6]. The interaction of these elements influences flood timing, scale, and severity
[6]. This complexity makes future flood risk assessment challenging, as a changing climate may
alter these drivers in unpredictable ways [7]. Therefore, early prediction of flood risk, especially for
extreme floods, is a key measure for effective flood risk mitigation [8, 9].
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Figure 1: Example of a 5-day forecast of river discharge and flood events. In early June 2024, a
significant flood affected Southern Germany. While the top row shows the floods obtained from the
GloFAS reanalysis, the bottom row shows the river discharge forecast by our approach. The severity
of floods is categorized by the statistical flood return period, i.e., occurring every 10 years.

To support national forecasting initiatives, current operational flood early warning systems can forecast
river discharge in real-time and provide flood forecasts at different scales [10–12]. The discharge
forecasts derived from these systems can be further processed using inundation models to create
anticipated flooded areas [13, 14]. The Global Flood Awareness System (GloFAS) [15, 16], developed
under the Copernicus Emergency Management Service (CEMS) and operated by the European Centre
for Medium-Range Weather Forecasts (ECMWF), represents the cutting-edge physics-based model
for real-time and worldwide hydrological forecasting. However, physics-based hydrological models
are expensive to run and require extensive calibration to handle complex catchment characteristics.

AI-based early warning systems are thus considered as vital tools to enhance climate risk resilience
[17, 18] and to enable flood forecasting without requiring full physical process understanding [19, 20].
While deep-learning approaches for weather forecasting [21–23] have been investigated in recent
years, very little work has been done for forecasting river discharge at large spatial regions since it is
very challenging. It requires the combination of sparse gauged river observations with high-resolution
land surface, re-analysis, and weather forecast data. Furthermore, floods occur rarely and the goal
is to forecast floods of different severity as shown in Fig. 1. Recently, an LSTM-based model has
been proposed [24]. While it achieves promising results, it forecasts floods only locally at sparse
river basins and does not consider routing. Modeling spatio-temporal relations, however, is very
important and required to generate consistent dense maps as in Fig. 1, since river discharge at points
near connected bodies of water is highly correlated.

In this work, we propose the first deep learning approach for global river discharge and flood forecast-
ing that is not only capable of forecasting at sparse gauged observation points, but also of forecasting
accurate, high-resolution (0.05◦) global river discharge maps. In order to deal with the sparseness
of gauged river points and the computational complexity of modeling spatio-temporal relations at
the global scale, our proposed RiverMamba leverages Mamba blocks, which are bidirectional state
space models [25–28], and spatio-temporal forecast blocks. Using a specialized procedure to convert
sampled points into 1D sequences, RiverMamba maintains a very large spatio-temporal receptive
field, connecting the routing of the river channel networks and the teleconnection of meteorological
data across space and time. RiverMamba has thus the possibility to consider a spatio-temporal context
that covers very large river networks like the Amazon River. The forecast layers are further forced by
high-resolution meteorological data (HRES) to generate medium-range river discharge forecasts up
to 7 days lead time. To address uncertainty in the meteorological forcing, we built the forecast layers
so that they can, for each catchment point, incorporate information about meteorological forcing
from the neighboring points and throughout the temporal dimension. Thus, RiverMamba ensures a
consistent forecast through space and time. Our contributions can be summarized as follows:

• We introduce a novel Mamba-based approach, called RiverMamba, for global river discharge
and flood forecasting. It is the first deep learning approach that is capable of providing maps
of global river discharge forecasting at 0.05◦, and it introduces a novel methodology to
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hydrology. It is able to integrate sparse gauged observations, river attributes, high-resolution
reanalysis data, and weather forecast. The ef�cient structure allows to model spatio-temporal
relations covering entire river networks.

• We evaluate RiverMamba on both long-term real-world reanalysis and observational data
where it outperforms state-of-the-art AI- and physics-based operational systems for global
�ood forecasting.

2 Related works

Flood forecasting.Floods can be categorized into three common types. The �rst type is the�uvial or
riverine �ood [29]. It occurs when the water level in a stream rises and over�ows onto the adjacent
land. The second type is thecoastal �ood, also known as storm surges [30]. The third type is the
pluvial �ood, often referred to as�ash �ood [31–33] that can occur with extreme rainfalls. Machine
learning (ML) has become an essential element for the development of hydrological simulation
and �ood models [34, 35]. Each type of �ood has unique drivers and impacts. Consequently, ML
methods require different strategies to forecast them. Related tasks to �ood forecasting are urban �ood
modeling [36–39], �ood inundation [40–42], and �ood extension and susceptibility mapping [43–46].
In this work, we are interested in forecasting riverine �oods (�uvial) based on river discharge.

River discharge forecasting.River discharge can be used to detect �uvial �ood signals when the
magnitude of the �ow exceeds certain thresholds. Current deep learning methods for forecasting
river discharge are primarily based on locally lumped models [47, 48], hypothesizing that a single
model can generalize across many catchments without considering the spatial-temporal information
over grids [49]. The dominating backbone is the LSTM model [50] which is used in most recent
studies such as EA-LSTM [51, 52], ED-LSTM [53, 54], Hydra-LSTM [55], MC-LSTM [56], MF-
LSTM [57], and DRUM [58]. These models learn features speci�c to individual rivers or entities
and lack spatial and topological information. However, river networks have spatio-temporal causal
relations [59]. Only a few studies deviate from this conventional modeling and propose to model
the network topology with Graph Neural Networks [60–62]. They are still limited to small scales
and the graph models fail in most cases to capture topological information [60]. Others applied an
LSTM model on a coarse grid to estimate runoff and then coupled it with a river routing model
to produce daily discharge at coarse resolution [63]. In [64], LSTM resolves local runoff spatially
on a regular grid in central Europe. Then, routing the runoff along the entire river networks is
implemented as 1D-convolutions and fully connected layers. The impact of de�ning routing explicitly
with physics-informed neural networks has also showed an advantage in recent studies, especially, in
improving stream�ow in large continental river networks compared to models that do not consider
routing [65, 66]. In a hybrid modeling framework, physical equations including river routing are
parametrized using 3D-convolutions and fully connected layers for distributed hydrological modeling
[67]. The most relevant work is the Encoder-Decoder LSTM [51] developed for the Google global
operational forecasting system [24], which is a locally lumped model. In this work, distinct from
previous works, we propose an approach that is capable of modeling a large spatio-temporal context
and forecasting medium-range river discharge at grid-scale.

State space model (SSMs) and the Mamba family.Linear SSMs [25] and structured SSMs like S4
[26] and S5 [27] were primarily introduced for long-sequence modeling in NLP. Recently, Mamba
[28] introduced the selective scan mechanism, enabling ef�cient training and linear-time inference.
Built upon Mamba, VMamba [68] and Vim [69] in the vision domain were introduced as appealing
alternatives to the quadratic complexity of vision transformers [70] while improving scaling ef�ciency
on long token sequences. A series of works have adapted Mamba to tasks like image generation
[71, 72], image classi�cation [73, 74], video understanding [75, 76], motion generation [77], dense
action anticipation [78], and point cloud processing [79, 80]. In this work, we propose a Mamba-based
approach for global river discharge and �ood forecasting.

3 RiverMamba

In this work, we present the �rst deep learning approach that not only forecasts �ood events at sparse
gauged river observations, but that is capable of forecasting accurate, high-resolution (i.e., at0:05� )
maps of river discharge up to few days at global scale, as shown in Figs. 1 and 2. These maps are
essential to forecast �ood events of various severity like a �ood that re-occurs statistically within a
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Figure 2: An overview of the proposed RiverMamba model for river discharge forecasting. The model
forecasts at timet, high-resolution river discharge mapsXt +1: t + L

dis 24 from initial conditions (Xt � T :t � 1
ERA 5 ,

Xt � T :t � 1
GloF AS , Xt � T � 1:t � 2

CP C ), static river attributes (Xstatic ), and meteorological forecasts (Xt +1: t + L
HRES ).

1.5-year return period or a `�ood of the century'. This is very challenging since it requires a model
that models spatial-temporal relations in an ef�cient way and integrates different sources of data
(Fig. 2).

As input, we use the initial condition of the forecasts from ERA5-Land reanalysis [81], denoted
by Xt � T :t � 1

ERA 5 = f Xt � T
ERA 5; : : : ; Xt � 2

ERA 5; Xt � 1
ERA 5g, the initial conditionXt � T :t � 1

GloF AS from the GloFAS
reanaylsis data [82], and the initial conditionXt � T � 1:t � 2

CP C from the operational global uni�ed gauge-
based analysis of daily precipitation [83–85]. We also include data from weather forecasts, where
we use the high-resolution meteorological forcing forecastsXt +1: t + L

HRES from the ECMWF Integrated
Forecast System (IFS), whereL is the lead time for the forecast. We generate the river discharge
forecast att, using 00:00 UTC as reference time, fort+1 until t+ L . This means that we do not
address nowcasting but only forecasting as it is more relevant. We also do not include any nowcasts
(Xt

HRES ) as input. The rationale behind this is to ensure broader applicability, since many weather
forecast systems especially ML models provide forecasts att > 0. However, adding nowcasts to
the model is straightforward if they are available. To make the setup as realistic as possible, we
do not include any data after 00:00 UTC and we considerXGloF AS andXERA 5 at dayt � 1 and
XCP C at dayt � 2. Additionally, we include river attributesXstatic like catchment morphology from
LISFLOOD [86]. The input variables are described in details in the suppl. material. Given these
inputs, RiverMamba forecasts changes of the daily mean river discharge� Xt +1: t + L

dis 24 relative to the
daily mean river discharge att� 1, i.e.,Xt � 1

dis 24. The forecast daily mean river discharge is thus given
by Xt + l

dis 24 = Xt � 1
dis 24 + � Xt + l

dis 24.

An overview of RiverMamba is shown in Fig. 2. For training, we sampleP points that are on the
land surface and near water bodies. The details are described in the suppl. material. For each pointp,
we obtain a temporal sequence of embedding vectorsXt � T :t � 1

embed (p):

Xt
embed (p) = LN

�
Tanh

�
Concat

�
Linear(Xt

ERA 5(p)) ; Linear(Xt
GloF AS (p)) ; Linear(Xt � 1

CP C (p))
� ��

;

(1)

where LN is the layer norm and Linear is the projection layer. The dimensions of the input are
XERA 5 2 RB � T � P � Ve , XGloF AS 2 RB � T � P � Vg , andXCP C 2 RB � T � P � 1, whereB is the batch
size,Ve is the number of variables from ERA5, andVg is the number of variables from GloFAS. The
embeddingXembed 2 RB � T � P � K , whereK = 192 is the dimensionality of the embedding, is then
the input to the encoder de�ned by the hindcast layers.
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Hindcast layer. The hindcast layers model spatio-temporal relations and aggregate the observations
over time. Except for the1st layer which processes the full temporal resolution, the temporal
resolution is down-sampled by a factor of2 with a linear layer at the beginning of each hindcast layer,
such that the output of the last hindcast layerXhindcast 2 RB � 1� P � K has a temporal resolution of
T = 1 . In our implementation, we choseT = 4 as for the GloFAS operational system and a temporal
down-sampling of2. Consequently, we de�ned3 layers to encode the input.

The hindcast layers further integrate the static river attributesXstatic that contain additional infor-
mation like catchment morphology, which is relevant for �ood forecasting. While we analyze the
impact of the different inputs, in particular the river attributes, in the suppl. material, another key
aspect of the hindcast blocks is the specialized serialization of the spatio-temporal points and the
Mamba blocks [28, 68, 69]. The serialization de�nes the way the sampled points are connected, and
the Mamba block ef�ciently updates the features of each point based on the spatio-temporal structure.
This is a very important design choice since transformer blocks are computationally infeasible for
global �ood forecasting, whereas [24] does not consider spatial relations at all. In the suppl. material,
we also show that an alternative using Flash-Attention [87, 88] is inferior in terms of inference time
and accuracy compared to our approach.

The output of the last hindcast layer is then processed along with the HRES meteorological forcing
by forecast blocks, and MLP-based regression heads predict for each lead timel the difference of
daily mean river discharge� Xt + l

dis 24 with respect to the daily mean river discharge att� 1. In the
following, we describe the components of RiverMamba in details.

Hindcast block. As shown in Fig. 2, the hindcast block has three main components: serialization
and deserialization, location-aware adaptive normalization layers (LOAN) to integrate static river
attributes, and the Mamba block.

Serialization. The serialization de�nes the spatio-temporal scanning path over all sampled points
for the following Mamba block. For this, we propose space-�lling curves that sequentially traverse
through all points. The concept was introduced in [89] and the space-�lling can be de�ned as a
bijective function� : Z3 ! N, where every point in the discrete space corresponds to a unique
index within the sequence. We call this mapping the serialized encoding. The serialized decoding
is done as� � 1 : N ! Z3, where every index is mapped back into its corresponding position.
We call this deserialization. We investigated three curves: the Generalized Hilbert (Gilbert) curve,
which is a generalized version of the Hilbert curve [90], as well as the Sweep and Zigzag curves in
vertical and horizontal directions. Examples of space-�lling curves in 2D are illustrated in Fig. 3.

Figure 3: Illustration of the spatial scans in River-
Mamba. Larger images are in the supp. material.

As shown in the suppl. material, a combination
of Sweep and Gilbert curves performs best. To
this end, each hindcast block has its own curve.
As shown in Fig. 3, we sweep in the �rst block
over the horizontal direction. The spatial curves
are connected over time by continuing the last
point of the curve att with the �rst point of the
curve att+1 . The second block then sweeps
over the vertical direction and we continue with
the Gilbert curve and its transposed. These four
space-�lling curves are iterated. By altering the
curves sequentially through the hindcast blocks,
the sampled points will be connected and scanned from diverse spatial perspectives, enabling River-
Mamba to capture different contextual features.

Location-aware adaptive normalization layer. In order to condition the model on static river
attributesXstatic , the location-aware adaptive normalization layer (LOAN) [91] modulates the
featuresX within the hindcast block:

LOAN(X) =
�

X � �
�

�
+ GELU(Linear(Xstatic )) ; (2)

where a linear layer projectsXstatic 2 RB; 1;P;V s , with Vs being the number of static variables, to
RB; 1;P;K . The output is then duplicated along the temporal dimension so that the output has the
dimensionRB;T;P;K . � 2 RB;T;P; 1 and� 2 RB;T;P; 1 are the mean and standard deviation ofX
along the channel dimension, respectively, andX 2 RB;T;P;K is the input to the LOAN layer. Both�
and� are duplicatedK times along the last dimension to matchX. The layer normalizes the features
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Figure 4: The structure of the hindcast block and forecast block. Both use a bidirectional Mamba block
and the forecast block has the same structure as the hindcast block, but it additionally incorporates
meteorological forecasts (HRES) by concatenation. The forecast block also includes LOAN layers
although it is not shown in Fig. 2

and adds a systematic bias based on the attributes. For instance, the features are normalized and
biased based on location attributes that have an impact on drainage and �oods.

Mamba block. Fig. 4 shows a more detailed structure of the hindcast block with the elements
of the Mamba block. After the input is serialized into a 1D sequence based on the block-speci�c
space-�lling curve and the features are normalized by the LOAN layer, the Mamba block processes
the features of the sampled points along the sequence.

The Mamba block is based on a state-space model that transforms a 1D sequence of statesx(t) into
another representationy(t) through an implicit hidden latent stateh(t) and a �rst-order ordinary
differential equation:

h0(t) = Ah(t � 1) + Bx(t) ; y(t) = Ch(t) + Dx(t) : (3)

To integrate Eq.(3) into a deep learning framework, S4 [26] parametrized the system with the matrices
(A; B; C; D) and discretized it with a timescale parameter� :

ht = �Aht � 1 + �Bx t ; yt = Cht + Dx t ; (4)
�A = e(� A) ; �B = (� A) � 1(e(� A) � I )� B ; (5)

where�A and�B are the discretized versions of the system. Recently, S6 [28] proposed to make Eqs.(4)
and(5) time-variant. To this end, the parametersB(x), C(x), and�( x) become dependent on the
input statex. This representation of a state-space model is called Mamba, which is an ef�cient
alternative to transformers [92], particularly when processing many points as in our case.

Fig. 4 illustrates the steps of the Mamba block. The normalized sequenceX 2 RB � (T � P ) � K is
projected intox 2 RB � (T � P ) � K andz 2 RB � (T � P ) � K , whereT� P is the length of the sequence.
Note that the order of the elements in the sequence depends on the serialization, which differs between
the hindcast blocks. We use a bi-directional approach that convertsx into x0

o using a forward and a
backward 1-D causal convolution, whereo 2 f f; bg denotes the forward or backward pass. For each
direction,Bo, Co, and� o are obtained by projection layers fromx0

o, and�Ao and�Bo are computed
using Eq.(5). The selective SSM then uses Eq.(4) to obtainy forward andybackward for the forward
and backward pass, respectively. The �nal outputy is obtained by gatingy forward andybackward via
SiLU(z) and adding them up. Finally,y is normalized and projected back linearly toRB � (T � P ) � K .
The complete algorithm for the Mamba block is described in the suppl. material. After the Mamba
block, the hindcast block includes another LOAN layer followed by an MLP. The �nal outputX is
then deserialized at the end since the next hindcast block uses a different serialization.

Forecasting layer. While the hindcast layers encode the sequence of past input variables into a
K -dimensional vector per sampled point, i.e.,Xhindcast 2 RB � 1� P � K , the forecasting layers
forecast the difference of daily mean river discharge� Xt + l

dis 24 for each lead timel, usingXhindcast

and meteorological forecastsXt +1: t + L
HRES as input, as shown in Fig. 2. The forecast blocks have the

same structure as the hindcast blocks except that the forecast block incorporates the meteorological
forcing (HRES). This is done by projectingXt + l

HRES with a linear layer to64dimensions, serializing
it, and concatenating it with the inputX as illustrated in Fig. 4. The processing of HRES is done
sequentially, i.e., we haveL forecast blocks and thel-th forecast block processesXt + l

HRES . We argue
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that this design is crucial to ensure that the temporal relationships between the meteorological forcing
and the initial conditions are maintained.

The output of all forecast blocks is processed byL regression heads implemented as multi-layer
perceptrons (MLP) where the output for the lead timet + l is obtained as:

� Xt + l
dis 24 = Linear

�
ReLU

�
Concat

�
Linear(Xt + l

forecast ); Linear(Xt +1: t + L nt + l
forecast )

� ��
; (6)

whereXt + l
forecast are the features from thel-th forecast block andXt +1: t + L nt + l

forecast are the concate-
nated features from all forecast blocks except of thel-th block. The linear layers project the
input Xt + l

forecast or Xt +1: t + L nt + l
forecast to 32 dimensions and the last linear projection estimates �nally

� Xt + l
dis 24 2 RB � 1� P � 1.

Training. As already mentioned, we sampleP points around the globe for training. As a target value
for training, we �rst use the river discharge data from the GloFAS reanalysis as ground truth and then
�ne-tune on sparse observations using data from the Global Runoff Data Centre (GRDC). For GRDC
�ne-tuning, we takeP as the number of input points per sample and compute the loss only on points
where GRDC observations are available without considering reanalysis data from GloFAS. We obtain

the target values by� X̂
t + l
dis 24(p) = X̂

t + l
dis 24(p) � X̂

t � 1
dis 24(p), whereX̂ are the values from GloFAS or

GRDC. For the training loss, we propose a weighted version of the mean-squared error (MSE) loss:

L =
1

B � P � L

BX

b=1

PX

p=1

LX

l =1

wb;t + l (p)k� X̂
b;t + l
dis 24(p) � � Xb;t + l

dis 24(p)k2
2 ; (7)

whereB is the batch size. Since the severity of a �ood is highly important for �ood forecasting and
severe �oods occur rarely, the weighting factorwb;t + l (p) takes this into account. The severity of
a �ood is ranked by the statistical �ood return period in years, which we denote byr and ranges
from 1:5 to 500. These ranges are also used in GloFAS. We note that a high return period event
simply re�ects statistical rarity in stream�ow magnitude, and should not be equated with a �ood
event without additional context, e.g., thresholds or inundation. The return period is used here as
a proxy indicator of hydrological extremity, which we call �ood. The severity of a �ood is thus

given byr̂ t + l (p) = max r

n
r : X̂

t + l
dis 24(p) � � r (p)

o
, where� r is the statistical threshold for a given

�ood return periodr . We also include the caser =0 with � r =0 for de�ning events that are not �oods.
Using this notation, the weighting is thus given by

ŵb;t + l (p) =
�

r̂ b;t + l (p) if r̂ b;t + l (p) > 1
1 otherwise.

(8)

We thus weight the loss based on the �ood return period if a �ood occurred at locationp and time
t + l, and we use1 if there has been no �ood. We further weight the loss withûb;t + l = e� (L � l +1) ,
where we give a higher weight to a shorter lead timel and use� =0 :25. This compensates for the
sequential structure of the forecast blocks where each forecast block takes the features of the previous
block as input. The �nal weight is thus given bywb;t + l (p) = ûb;t + l ŵb;t + l (p). Since river discharge
exhibits a very large dynamic with varying orders of magnitude, we transform the discharge values
by sign(�^x)log(1 + j�^xj). We evaluate the impact of the weighting in Table 2 (a) and provide more
details in the suppl. material. For inference, we can forecast �oods for any set of points or densely as
in Fig. 1.

4 Experimental results

Dataset. We obtain data for river discharge from the ECMWF GloFAS reanalysis [82]. It is
generated by forcing the LISFLOOD hydrological model [93] using meteorological data from
ERA5 [94]. GloFAS reanalysis combines physics-based simulation with observations to generate
a consistent reconstruction of the past. The dataset is provided as a daily averaged discharge on a
global coverage at3 arcmin grid (0:05� ). We use the GloFAS reanalysis as a target discharge for
training and testing the model in Sec. 4.1. The ablation studies are done using GloFAS reanalysis
over Europe. In addition, we �ne-tune and test the model on observational GRDC river discharge
data in Sec. 4.2. Flood thresholds are determined using return periods for individual points and are
calculated from the long-term data. The thresholds allow for the identi�cation of a �ood when the
threshold is surpassed.
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