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Abstract—In an era of frequent extreme weather and global
warming, obtaining precise, fine-grained near-surface weather
forecasts is increasingly essential for human activities. Down-
scaling (DS), a crucial task in meteorological forecasting and
remote sensing, enables the reconstruction of high-resolution
meteorological states for target regions from global-scale fore-
cast results. Previous downscaling methods, inspired by CNN
and Transformer-based super-resolution models, lacked tailored
designs for meteorology and encountered structural limitations.
Notably, they failed to efficiently integrate topography, a crucial
prior in the downscaling process. In this paper, we address these
limitations by pioneering the selective state space model into
the meteorological field downscaling and propose a novel model
called MambaDS. This model retains the advantages of Mamba
in long-range dependency modeling and linear computational
complexity while enhancing the learning ability of multivariate
correlation. In addition, by designing an efficient topography
constraint layer, this prior information can be used more effi-
ciently than ever before. Through extensive experiments in both
China mainland and the continental United States (CONUS), we
validated that our proposed MambaDS achieves state-of-the-art
results in three different types of meteorological field downscaling
settings. We will release the code subsequently.

Index Terms—Meteorological field downscaling, weather fore-
casting, state space model, super-resolution, remote sensing.

I. INTRODUCTION

N recent decades, the increasing frequency and intensity
of extreme weather events have underscored the profound
impacts of climate change on human societies and natural
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systems [1], [2]. Consequently, the need for accurate and
reliable weather forecasting has never been more critical.
Traditional numerical weather prediction methods [3], which
have been developed over many years, along with the rapidly
advancing deep learning-based forecasting models [4]-[8] in
recent years, have enabled increasingly accurate global-scale
weather predictions. However, due to computational resource
constraints, the resolution of global-scale forecasts is limited
to tens of kilometers to 100 km [9]. Such coarse spatial
resolution is insufficient for the refined forecasting needs of
specific regions [10] and related downstream tasks [11], [12],
particularly for effectively representing extreme weather events
at regional scales. As a result, using downscaling techniques to
generate high-resolution weather forecasts for specific regions
is essential for addressing the spatial resolution limitations of
global forecast models [13]-[15].

Downscaling methods for meteorological variables can be
categorized into dynamical downscaling and statistical down-
scaling [15]. The former, often referred to as Regional Climate
Models (RCMs), uses forecast results from Global Climate
Models (GCMs) as boundary conditions. It incorporates to-
pography and other regional information to construct regional
dynamical processes, solving differential equations to obtain
high-resolution meteorological fields at the regional level [16].
However, dynamical downscaling methods heavily rely on
differential equations to describe dynamical processes, which
often results in significant biases. In addition, the numerical
solution process on fine-grained regional grids is computa-
tionally intensive, requiring the support of supercomputing
platforms [14]. To alleviate the computational bottlenecks
of dynamical downscaling, statistical downscaling methods
directly learn the mapping from coarse-resolution to fine-
resolution meteorological data. Early attempts use traditional
machine learning techniques, such as multiple linear regression
[17], random forests [18], and support vector machines [19],
to model the mapping relationship. However, the nonlinear
mapping capabilities of traditional machine learning methods
are relatively limited, which has constrained the performance
of early statistical downscaling approaches.

In recent years, machine learning methods, particularly deep
learning [20], have rapidly advanced. Due to their power-
ful automatic feature extraction capabilities, they have been
widely applied in fields such as computer vision [21], natural
language processing [22], and earth system science [23].
The downscaling task of meteorological data draws heavily
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from the image super-resolution (SR) problem in the field of
computer vision. The objective is to recover high-resolution
images from low-resolution images, a process very similar
to downscaling. Due to the vast amount of meteorological
data, which aligns well with the needs of deep learning,
deep learning-based image super-resolution methods have seen
rapid development and widespread application in the field of
meteorological downscaling [15].

Similar to the development of image super-resolution model
structures [24], the structures of meteorological downscaling
models are also continuously improving [15]. Convolutional
Neural Networks (CNNs) and their improved methods in SR
are the most commonly used model structures for meteoro-
logical field downscaling [25]-[28]. To further enhance the
ability to recover fine details and textures, subsequent work
has introduced generative adversarial networks (GANS) into
the downscaling process [29]-[31]. While CNNs are effective
at capturing local nonlinear correlations, their limited receptive
field restricts the ability to capture long-term dependencies.
Additionally, for large-scale data, it is challenging to contin-
uously improve model performance using CNNs alone. Espe-
cially for large-scale meteorological data, the weather condi-
tions of a specific region are often influenced by a broader
area. Therefore, the ability to model long-term dependencies
is crucial. To enhance long-term dependency modeling and
improve fitting capabilities for large-scale data, Transformer-
based super-resolution model [32], [33] has started to be ap-
plied to meteorological downscaling tasks [34]-[36]. However,
for high-resolution meteorological fields, the quadratic com-
putational complexity of the self-attention mechanism [37] in
Transformer models leads to substantial memory consumption.
Some efficient improvements to the self-attention mechanism
can mitigate memory and computational costs to some extent,
but they also compromise the model’s ability to capture
global context [38]. Therefore, designing an efficient model
with the ability to capture global context is important for
meteorological downscaling tasks.

Moreover, although downscaling is quite similar to image
super-resolution, directly applying SR models to downscaling
tasks, as done in previous work [25], [36], has limitations.
The fundamental differences between the two primarily lie
in the correlation of multiple variables and the influence
of auxiliary prior information [15]. The former is mainly
because the downscaling process usually involves multiple
variables with different distributions (such as wind speed,
temperature, precipitation, etc.), and these variables often have
certain physical correlations. This is distinctly different from
the RGB channels in images. The latter is because fine-scale
meteorological states are often influenced by factors such as
topography, which can serve as prior information to guide the
downscaling process. This is different from super-resolution
(SR), where there is typically no obvious prior information that
can be utilized. Therefore, further research is needed on how to
improve super-resolution models to adapt to the characteristics
of the downscaling task.

Recently, state space model (SSM), particularly its improved
versions known as Mamba [39], has garnered significant
attention and research in the fields of natural language pro-

cessing and computer vision due to their powerful global
context modeling capabilities and efficient linear computa-
tional complexity. [40], [41]. Due to these advantages, SSMs
have demonstrated immense potential in high-resolution image
processing tasks. Although the original Mamba [39] was
designed for modeling one-dimensional (1D) natural language
sequence data, subsequent work [42], [43] has significantly
enhanced its capability to process 2D image data by improving
the scanning methods within the state space model (SSM).
This has allowed it to surpass Transformer-based state-of-the-
art (SOTA) methods in several benchmark tasks [40]. Some
early attempts to use the improved Mamba architecture for
image SR have also demonstrated that the SSMs could achieve
SOTA performance [44]-[46]. As a result, bringing the Mamba
model to the downscaling of meteorological fields to enhance
performance is highly significant.

To address the aforementioned challenges and issues, we
introduce MambaDS, which pioneers the integration of Mamba
to meteorological downscaling, with specialized designs tai-
lored to the unique requirements of downscaling. Specifi-
cally, starting from the Visual State Space Module (VSSM)
[47], we first propose a Multivariable Correlation-Enhanced
VSSM (MCE-VSSM) by introducing a channel attention branch
to establish relationships between different meteorological
variables and embed the MCE-VSSM into a SwinIR-like
framework [32], avoiding the texture information loss typically
caused by conventional UNet-like structures [33], [45], [48].
Besides, we design an efficient topography-constraint layer
at the end of our proposed MambaDS to ensure physical
consistency, which avoids the extra computational overhead
caused by previous methods that integrated terrain information
semantically into feature maps [25], [36] while ensuring the
positive influence of topography priors on downscaling.

To validate the effectiveness of our method, we conducted
downscaling experiments with different resolution scales using
ERAS reanalysis data [49], NOAA High-Resolution Rapid
Refresh (HRRR) analysis data [50] and Fengwu forecast data
[6] over the regions of mainland China and the continental
United States (CONUS). The experimental results confirm the
effectiveness of our proposed MambaDS, which outperforms
previous CNN-based, Transformer-based, and vanilla Mamba
super-resolution models in all experimental settings. The main
contributions of the paper are as follows:

e We propose MambaDS§, pioneering the integration of
the Mamba model into meteorological downscaling, with
specialized designs tailored to the unique characteristics
of downscaling.

e The MCE-VSSM and specially designed topography-
constraint layer improve the ability to model multivari-
able correlations and enhance the efficiency of utilizing
topography priors during the downscaling process.

o Extensive experiments on ERA5 and HRRR data with
different resolution scales demonstrate that the proposed
MambaDS achieves state-of-the-art performance in cur-
rent meteorological field downscaling tasks.
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II. RELATED WORK

This section provides a brief overview of research related
to meteorological field downscaling.

A. Deep Models in Image Super-Resolution

Image super-resolution, as a crucial low-level vision task,
has seen rapid development in its model structures in recent
years [24]. Originating from the super-resolution of natural
images [51]-[53] as its core, it has extensively expanded to
specific domains such as remote sensing imagery [54]-[56]
and medical imaging [57].

The pioneering work Super-Resolution Convolutional Neu-
ral Network (SRCNN) [51] first demonstrated the possibility
and effectiveness of deep neural networks for image super-
resolution tasks. Subsequently, several improved methods [52],
[58], [599] introduced more complex structures into convolu-
tional neural networks, enhancing the modeling and learning
capabilities of super-resolution models. To further enhance
the model’s ability to recover detailed textures, generative
methods such as Generative Adversarial Networks (GANSs)
[30] and Diffusion models [9] were quickly introduced into
super-resolution tasks. In recent years, with the successful
application of sequential modeling in the image domain,
Transformer methods [32] have been extensively studied in
image super-resolution and have demonstrated their superior
performance across numerous downstream tasks and domains
[54]. Recently, to further alleviate the quadratic computational
complexity of self-attention in Transformer models, state-
space models represented by Mamba [39] have begun to
be applied in image super-resolution. These models have
been verified to outperform previous Transformer-based super-
resolution models while maintaining lower computational
complexity [44], [45].

Although image super-resolution models have achieved such
remarkable success and rapid development, meteorological
variable downscaling has some fundamental differences from
natural image and remote sensing image super-resolution
tasks, which leads to limitations when directly applying super-
resolution methods to downscaling tasks.

B. Deep Models in Meteorological Field Downscaling

Meteorological field downscaling can be broadly divided
into dynamical downscaling and statistical downscaling based
on modeling approaches [15]. This subsection will focus on
the development of deep learning-based methods in statistical
downscaling.

In the deep learning modeling paradigm, the downscaling
process of meteorological fields is modeled as a nonlinear
mapping from low-resolution meteorological grids to high-
resolution grids, which is very similar to image SR. Therefore,
the development of downscaling models has greatly drawn
on the model structures of image SR. CNN-based SR models
are the earliest and most common in the application and re-
search of downscaling methods. Representative work includes
DeepSD [25], which utilizes the SRCNN [51] to achieve
the mapping from low-resolution to high-resolution mete-
orological fields. Subsequent improvement methods mostly

utilize advanced super-resolution models like VDSR [52] and
encoder-decoder-based UNet [60] to achieve downscaling for
meteorological variables such as wind [26], temperature [61],
[62], and precipitation [63], [64]. Additionally, to further
enhance the recovery of high-frequency texture information,
generative adversarial networks (GANs) [53] have been widely
used in downscaling, mainly targeting high-ratio downscaling
tasks [29] and meteorological variables with richer texture
information, such as precipitation [31]. Despite these ad-
vancements, CNN models have limited capability in modeling
global context, which restricts the performance of CNN-based
downscaling models.

To further enhance the global context modeling capabil-
ity of downscaling models, recent work has started using
Transformer-based SR models to improve downscaling per-
formance. Zhong utilizes SwinIR [32] and Uformer [33]
models to achieve downscaling and bias correction for near-
surface temperature and wind speed forecast fields, with
model performance significantly surpassing CNN methods
[36]. Other Transformer-based downscaling works have also
achieved excellent model performance in areas such as climate
variables [34], spatiotemporal downscaling [35], and station-
scale downscaling [65], [66]. However, the quadratic compu-
tational complexity caused by the self-attention mechanism in
Transformer models requires significant computational power
and memory when handling high-resolution images. Some
efficient Transformer improvements [38] can alleviate this
issue but at the cost of losing the ability to model long-term
correlations.

To address the issues of CNN and Transformer models
in meteorological field downscaling, we propose MambaDS,
pioneering the integration of the Mamba [39] into downscaling
tasks with special design and improvements. The introduction
of the Mamba ensures the ability to maintain long-term depen-
dence while managing model complexity, thereby enhancing
the overall performance of the downscaling model.

C. Auxiliary Data for Meteorological Field Downscaling

Although meteorological field downscaling has borrowed
model structures from image SR, the downscaling process is
not simply a mapping from low-resolution images to high-
resolution images. It is influenced by various physical auxiliary
information, such as topography and other meteorological vari-
ables [15]. Among these, topography information is the most
significant factor affecting the meteorological downscaling
process. Therefore, it is common in previous work to incorpo-
rate it as auxiliary information into the downscaling process.
For instance, early precipitation downscaling efforts, such as
DeepSD [25] and Nest-UNet [61], utilized digital elevation
model (DEM) data as auxiliary information. They integrated
high-resolution DEM information into feature maps through
addition or concatenation, guiding the restoration of detailed
texture information. However, such simple integration lacks
semantic feature extraction of auxiliary information, limiting
the effectiveness of DEM data. Recent improvements [36]
address this issue by designing specialized encoder structures
for topography data to extract features at different scales
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and integrate them into the downscaling process. Although
experimental results show that this method can enhance down-
scaling performance, the additional feature encoder inevitably
increases the overall model parameters and computational
complexity. This makes it difficult to determine whether the
performance improvement comes from increased model ca-
pacity or the incorporation of geographical information.

To more efficiently utilize topography information for en-
hancing and guiding downscaling, we design an efficient
topography constraint layer. This layer imposes a hard con-
straint on the downscaled output through topography weight-
ing at the final stage of the model. This approach ensures
the effective use of topography information while avoiding
additional parameters and computational complexity.

D. Visual State Space Model

Recently, state space models represented by Mamba [39]
have gained significant attention and are widely applied in
various fields such as computer vision and natural language
processing [40], [41]. Its linear complexity and ability to
model long-term dependence help alleviate the inherent issues
present in CNN and Transformer models. Although Mamba
was initially proposed for sequence data, recent work has
demonstrated its strong performance in the visual and image
domains [43]. Early works of visual Mamba primarily focus on
image classification tasks [42], [47], [67], addressing the issue
of position sensitivity in image information by introducing
positional encoding and more complex scanning mechanisms.
Building on this foundation, Mamba has been applied to a
wider range of dense prediction tasks, including semantic seg-
mentation [68], [69], remote sensing image change detection
[70], [71], medical image segmentation [72], and even video
tasks [73]. Besides, as an important low-level vision task,
Mamba-based image SR works have recently begun to emerge.
VMambalR [45] embedding an improved SSM module into
the UNet structure, achieving state-of-the-art results in image
restoration and super-resolution tasks. Similarly, MambalR
[44], a simple but effective baseline, enhances the performance
of vanilla Mamba using local enhancement and channel at-
tention mechanisms. Xiao et al. achieved super-resolution of
remote sensing images by introducing an additional frequency
selection framework [74].

Although Mamba has been widely studied in various visual
and image domains, research in the meteorological field is
still limited. Particularly for the critical task of meteorological
downscaling, it is meaningful to explore how to leverage
Mamba’s strengths to enhance model performance, consider-
ing the specific characteristics of the task.

III. MAMBADS

This section will provide a detailed introduction to the
proposed MambaDS structure.

A. Preliminaries: State Space Models

Original State Space Models (SSMs) [75] are mathematical
representations used to describe dynamic systems, extensively

applied in control theory, economics, signal processing, and
more. They employ a set of first-order differential or difference
equations to capture the system’s dynamics. A common type
of state space model is the Linear Time-Invariant (LTI) system
[76], which uses a linear ordinary differential equation (ODE),
as shown in Eq. 1, to describe the mapping relationship from
the stimulation z(¢) € R to the response y(t) € R through a
latent state h(t) € RV,

B (t) = Ah(t) + Bx(t),
y(t) = Ch(t) + Dx(t),

where A € RVXNB € RV*1, C ¢ RN and D € R
represent the parameters of the ODE, N indicates the state
size.

To further discretize the continuous differential equation for
adaptation to deep learning algorithms, a timescale parameter
A is used to discretize the continuous parameters A and B
using the Zero-Order Hold (ZOH) criterion. The discretized
parameters can be expressed as:

(D

A =exp(AA),
B =(AA) !(exp(A) —1)- AB.

Therefore, the discretized version of Eq. 1 can be expressed
as:

2)

hy = Ahk,1 + Bl‘k,

3)
yr = Chy + Dy,

which is consistent with the representation of a recurrent
neural network (RNN) [77]. However, the inherent structure of
RNNs poses challenges for parallel processing. Additionally,
the parameters of traditional SSM models are independent
of input data, making it difficult to adapt to more complex
dynamic systems.

To address the issues mentioned above, recent advancements
in state space models, such as S4 and Mamba [39], have
transformed the RNN-based representation into a paralleliz-
able CNN form:

K 2 (CB,CAB,--- ,CA'1B),

_ 4
y =xx K, @)

where K € RL denotes the structured convolution kernel, L
denotes the length of input sequence, * is the convolution
operation. Additionally, Mamba modifies the parameters B,
C, and A to be input-dependent, enhancing the modeling
capability for complex systems. Parallel scan algorithms and
hardware-aware algorithms have also been proposed to im-

prove computational efficiency on GPUs.

B. Overall Structure

As shown in Fig. 1, our proposed MambaDS§ consists
of three main stages: a shallow feature extraction, a resid-
val hierarchical Mamba-based encoder, and a topography-
constrained reconstruction, which is inspired by the overall
architecture of SwinlR [32]. Specifically, given the input low-
resolution meteorological fields Finput € RMXwxV  \where h
and w indicate the number of vertical and horizontal grids,
V' represents the number of variables. We first utilize a 3 x 3
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Fig. 1. Illustration of our proposed MambaDS (a), which include three stages. The first shallow feature extraction projects the low-resolution fields into the
embedding domain. Then, the stacked Residual State Space Blocks (RSSBs) consisting of multiple Multivariable Correlation-Enhanced VSSMs (MCE-VSSMs)
(b) with 5-Direction Selective Scan Module (5D-SSM) (c) are used for deep feature extraction. Finally, the efficient topography-constraint layer is proposed

for high-resolution field reconstruction.

convolutional layer to embed the input field to the dimension
of Fembed € RP*¥XC where C is the embedding dimension.
Subsequently, Fembed €xtracts deep features through multiple
stacked Residual State Space Blocks (RSSBs), each containing
several Multivariable Correlation-Enhanced Visual State Space
Modules (MCE-VSSMs) and a final convolutional layer to
refine extracted features. For each RSSB, the extracted feature
is denoted as Fl,, € R">wxC 1 ¢ {1,2,... L}. The
final deep feature obtained could be computed by Freature =
]:iﬁter + Fembed and is combined with the input low-resolution
field Finput to be fed into the topography-constrained re-
construction to achieve a high-resolution meteorological field

Foutput € RE* WXV with additional topography information.

C. Multivariable Correlation-Enhanced VSS Module

According to the description above, different meteorolog-
ical variable fields are treated as channel dimensions of a
natural image and stacked together. This approach is also
widely used in other AI for meteorology fields, such as
weather forecasting [6], bias correction [36], and assimilation
[78]. However, unlike similar spectral channel distributions
in images like RGB, different meteorological variables typ-
ically exhibit completely different distribution characteristics.
Therefore, directly applying image super-resolution methods
to multivariable meteorological downscaling tasks, as done in
previous downscaling works [25], [36], is limited because it
overlooks the different distribution characteristics of each vari-
able. Additionally, there are relationships between variables,
often described by atmospheric differential equations.

Therefore, to enhance the modeling capability of correla-
tions between different meteorological variables, as shown in

Fig. 1(b), we propose a Multivariable Correlation-Enhanced
Visual State Space Module (MCE-VSSM). Specifically, given
the internal features of the extracted field F,,, € R"*w*xC,
we apply the LayerNorm (LN) [79] first and then followed
by a three-branched architecture. The output features can be

computed by:

ﬁilnter = LN(]:ilnter)?

j-:ilnterl = SiLU(Linear(ﬁlnter)),

Fliter, = Linear(Conv(SiLU(SSM(LN(Flye)))))s (5
Fluer, = Linear(Avgpool(CA(Flye,)))),

j.:ilntero = Linear(ﬁilnterl © ‘f.ilnterg © F ilnterg)a

where, SSM(-) indicates our proposed 5-Direction Selective
Scan Module, CA(-) represents the channel attention opera-
tion. ® indicates the Hadamard product. In the above opera-
tion, this can be seen as integrating the correlation information
between variables into the vanilla VSSM module [45], [47]
in a weighted form through .Elnter3, thereby enhancing the
model’s ability to handle multivariable data.

D. 5-Direction Selective Scan Module

The vanilla Mamba [39], designed for one-dimensional
sequence data in natural language, uses only two directions
(forward and backward scanning) to capture the correlation
between tokens. However, for image-like 2D grid data with a
non-casual nature, both temporal and spatial correlations need
to be captured. Therefore, the improved method uses four-
directional scanning (top-left to bottom-right, bottom-right to
top-left, top-right to bottom-left, and bottom-left to top-right)
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Fig. 2. TIllustration of our proposed efficient topography constraint layer. For each low-resolution pixel z;, predicted high-resolution subpixels {yf ,J =
1,--- ,n} can be obtained through a downscaling model NN and an upsampler, and then topography constraints on the high-resolution subpixels are achieved

using weighted constraints based on topography information.

to enhance the model’s spatiotemporal modeling capability
[47].

Building on this, to address the chaotic nature of meteoro-
logical processes, and inspired by [67], we added a random
scanning branch to further enhance the model’s ability to
capture chaotic dynamic systems (as shown in Fig. 1(c)).
Specifically, we predefine a random index list, shuffle the
input tokens, and fed them into the Mamba module for feature
extraction. Then, we restore the original order using the index
list and integrate it with other scanning branches.

E. Efficient Topography-Constraint Layer

Topography is an important factor and prior information in
the downscaling process of meteorological variables. Effec-
tively utilizing high-resolution topographic data to guide the
texture restoration of meteorological fields is key to enhancing
downscaling performance [15]. This characteristic largely re-
flects the difference between downscaling and general natural
image super-resolution, as natural images lack explicit prior
texture information that can be utilized. In previous down-
scaling works [25], [36], [61], DEM and other topographic
data have often been integrated as auxiliary information in
the process. However, most studies incorporate topographic
information as a separate additional input, directly integrating
the raw or independently encoded topographic data into the
feature vectors of the hidden layers. Although this approach
can implicitly encode geographic information in the feature
maps, the spatial information of high-resolution topography is
lost during the feature map alignment process. This requires
the model to recover detailed textures through encoded seman-
tic features, which increases the learning difficulty to some

extent. Additionally, the extra encoding and feature extraction
of topography increase the number of parameters and compu-
tational complexity of the entire downscaling model.

Therefore, inspired by previous work on hard constraints on
downscaling results [80], we propose an efficient topography
constraint layer for better preserving the detailed textures of
the topography and avoiding additional computational over-
head. As shown in Fig. 1(a), we placed it directly at the
end of the MambaDS model to use topography information
to constrain the downscaling model’s output. Therefore, the
proposed layer can be applied to any other downscaling model
in the future to efficiently utilize geographic information and
enhance downscaling performance.

As illustrated in Fig. 2, the overall constraint process can
be viewed as an additive hard constraint layer [80] weighted
by DEM data. Specifically, we use high-resolution DEM data
from ETOPO [81] as topography information and interpolate
it to match the spatial resolution of the target meteorological
field. for a given pixel x; from low-resolution field Fi,pys, the
downscaling model could produce the corresponding predicted
high-resolution pixel {y},y?, - ,y"}, where n represents the
number of high-resolution pixels contained in z;. For example,
for 2x downscaling, n = 4. For x;, we can consider its value as
the average of the meteorological states at all positions covered
by that pixel, ie. z; = +>7_,y/,n € NT. Furthermore,
topography information can be used as a weighting factor in
the averaging process to make it more accurate. Therefore,
the general downscaling result constrained by topography



JOURNAL OF IKTEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

90°N
75°N 17
60°N 4.
45°N
30°N
15°N

0
15°S
30°s

45°s 4

180° 160°W 140°W 120°W 100°W 80°W  60°W  40°W  20°W

0° 20°E

80°E

40°E 60°E 100°E  120°E 140°E 160°E  180°
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information can be calculated as:
5, = Proj(s};0),

N IR (6)
ol S
]:

where s! represents the raw pixel at location (i,7) from

DEM field S € RTXWx1 Proj(-; ) indicates the projection
operation (a CNN layer for implementation) with learnable
parameter 6, which provides more flexibility for topography
constraints and aligns with the dimension of the number of
variables. It should be noted that to ensure that the mean

x; remains unchanged across sub-pixels, 5] needs to be

normalized: EZ = Z”Si 7 Through the above operation,
the model adjusts thejfoutlput values based on high-resolution
topography information and the mean of coarse-resolution
pixels, obtaining a weighted constraint value. This efficiently
uses topography information to guide the reconstruction of
high-resolution textures. This allows the downscaling model
to be learned in a smaller optimization subspace, thereby

accelerating the convergence of the model.

IV. RESULTS

This section introduces the study area and dataset used in
this paper, as well as the experimental setup and results.

A. Study Area

As shown in Fig. 3, to fully validate the effectiveness of
our proposed method, we selected two regions for our study:
China mainland and the Continental United States (CONUS).
Specifically, for the mainland China region, we selected the
research area with a boundary of 80°E to 136°E and 18°N to
54°N, aligns with the study area of our previous work [65].
For the CONUS region, we selected the area with longitudes
from 74°W to 121°W and latitudes from 25°N to 47°N. This

area is the usable region of the HRRR CONUS data [50] in
Lambert Conformal projection after geometric correction to a
latitude-longitude grid.

We chose two study regions for two main reasons. First,
we used different datasets and corresponding resolutions for
experiments. These experiments roughly correspond to single-
image super-resolution and real-world super-resolution tasks
in image SR [44]. This helps to better validate the method’s
effectiveness. The second reason is that the two regions
have significant differences in terrain and location. Testing
the downscaling performance in different areas can better
demonstrate the method’s generalization capabilities.

B. Dataset Description

In this paper, we use three different datasets to validate our
method. Table I summarizes our dataset.

1) ERA5 Reanalysis: ERAS is a comprehensive reanalysis
dataset produced by the European Centre for Medium-Range
Weather Forecasts (ECMWF) [49]. It provides detailed climate
data, combining past observations with models to produce
consistent and accurate records of atmospheric conditions.
ERAS covers the global climate from 1950 to the present,
offering high-resolution data on various parameters such as
temperature, precipitation, wind speed, and more. This dataset
is widely used for climate research, weather forecasting, and
environmental monitoring, offering valuable insights into long-
term climate trends and variability.

In this paper, we select data from 5 years and crop the
global ERAS data for the regions of interest and selected 5
commonly used near-surface variables as the focus of the
research, which are the wind speed of the u/v component
(u10,v10), surface pressure (sp), air temperature at 2m (to,)
and total precipitation in 1 hour (¢p15). These five variables
are closely related to human activities and industry, and they
are also the most widely studied variables in downscaling [15].
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TABLE I
DATASET AND EXPERIMENT SETTING IN THIS PAPER. DATASET PERIOD: 2017-01-01 TO 2021-12-31.

Data Name | Data Type Resolution Variables Experiment Setting Area

ERA-5 [49] | Reanalysis 0.25° / 1 hour 10, V10, SP, t2m,, tP1h 4x:1° ERAS — 0.25° ERAS China
HRRR [50] Analysis 0.03125° / 1 hour gust, sp, tom 8x: 0.25° ERA5 — 0.03125° HRRR CONUS
Fengwu [6] Forecast 0.25° / 1 hour u10, V10, S, t2m 8x: 0.25° Fengwu — 0.03125° HRRR | CONUS

2) NOAA High-Resolution Rapid Refresh: The High-
Resolution Rapid Refresh (HRRR) is a weather prediction
model developed by the National Oceanic and Atmospheric
Administration (NOAA) [50]. It provides high-frequency,
short-term forecasts with a focus on the United States. Updated
hourly, HRRR offers detailed data on various meteorological
parameters, such as temperature, wind speed, precipitation,
and cloud cover, with a high spatial resolution. This model
is particularly useful for applications requiring precise, near-
term weather predictions, including aviation, severe weather
monitoring, and energy management.

In this paper, we use the O-hour analysis field from the
High-Resolution Rapid Refresh (HRRR) model at a resolution
of 0.03125 degrees (approximately 3 km) as the downscaling
target for the CONUS region. We focus on three near-surface
variables: wind speed (gust), surface pressure (sp), and 2-
meter air temperature (fa,,). It is important to note that the
HRRR data does not provide wind speed components or
accumulated precipitation data. Therefore, we have excluded
these two variables in the CONUS region analysis.

3) Fengwu Forecast: To further validate the effectiveness of
the downscaling model in practical applications, we conducted
experiments on the downscaling performance for forecast
fields. Specifically, we selected the Fengwu medium-range
forecast model [6], developed by the Shanghai Artificial
Intelligence Laboratory, as the generator of the forecast results.

The Fengwu model uses ERAS5 reanalysis data as the back-
ground field and outputs global 0.25-degree hourly forecasts
for the next 10 days through an autoregressive approach. To
match the HRRR data, we selected the 6-hour forecast result
as input for the downscaling model. Since the Fengwu forecast
results are based on ERAS as the background field, we selected
four meteorological variables as input information: w9, v19,
sp and ts,,. We used the forecast data for 2022 to verify the
model’s generalization ability for Fengwu forecast results.

C. Experiment Setup

Building on the proposed MambaDS and the dataset men-
tioned above, as shown in Table I column four, we design
three types of experiments to evaluate our proposed method:
(1) ERAS reanalysis downscaling, (2) HRRR analysis down-
scaling, and (3) Fengwu forecast downscaling. In the first
experiment, the shape of input and output fields is 5 x 36 x 56
and 5 x 144 x 224 respectively, and sample label pairs
were created by downsampling high-resolution fields. For the
second and third experiments, the shape of the input and
output fields is 3 x 88 x 188 and 3 x 704 x 1504, and the
inputs and labels came from different meteorological models.

This roughly corresponds to single-image super-resolution and
real-world image super-resolution tasks in the image super-
resolution field [45].

1) Architecture Details: As mentioned in the above section,
our proposed MambaDS consists of three stages. During the
shallow feature extraction stage, we use a convolutional layer
with a kernel size of 3 and a stride of 1 and embed the
channel dimension from the number of variables V' into
C = 240. Then in the residual hierarchical Mamba-based
encoder, we follow the previous Mamba-based image super-
resolution work VMambalR [45] and use four RSSBs with
the depth of {14,1,1,1}, and the number of channels after
each RSSB remains unchanged. Furthermore, the depthwise
separable convolution is used in MCE-VSSM to reduce the pa-
rameters. Finally, during the reconstruction stage, we upsample
the extracted deep features with the pixel shuffle operation
together with a convolutional layer.

2) Training Details: According to the previous works [36],
we train our proposed MambaDS with the robust Charbonnier

loss [82]:
L=/(y—19)*+e, (7

where y and 3 represent the predict and ground truth fields, the
constant ¢ is set to 1073, This setup allows the loss function
to retain the advantages of both L1 and L2 losses. We train
the model for 120 epochs and optimized the model using the
Adam [83] with 5; = 0.9,82 = 0.999, employing a step
learning rate initialized as le-4 and decreased by half once
the number of epochs reaches one of the milestones (60, 96,
108, 114). We trained our proposed model using 4x NVIDIA
A100-40G GPUs, setting the batch size to 8 and 2 per GPU
on experiments for China mainland and CONUS.

3) Evalutate Metrics: To evaluate the performance of our
MambaDS, we follow the previous works [15], [25], [36]
and employ four metrics: mean square error (MSE), mean
absolute error (MAE), peak signal-to-noise ratio (PSNR) and
structural similarity index (SSIM), which are also widely
used in image SR. It is important to note that for PSNR
and SSIM, we need to adjust the maximum value range
of meteorological variables to fit the different value ranges.
Therefore, for the China mainland region, we modified the
maximum values for different variables to u1g = wvip =
25m/s, tam = 330K, sp = 120000Pa,tp1p, = 50mm. For
CONUS, gust = 50m/s, ta,, = 330K, sp = 120000 Pa.

D. Performance comparison

1) ERAS Reanalysis Downscaling: Downscaling the ERAS
reanalysis field is a simple baseline for assessing the perfor-
mance of downscaling models and has recently been widely
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TABLE II
ERAS REANALYSIS DOWNSCALING RESULTS FOR U/V COMPONENT WIND
SPEED (%10, v10), SURFACE PRESSURE (sp), 2M TEMPERATURE (t2,,,) AND
TOTAL PRECIPITATION IN 1 HOUR (¢p1p) OF VARIOUS METHODS.

In addition, the downsampling of feature maps in the UNet
structure in the encoder also leads to the loss of detailed
texture information. Fig. 4 shows the visualization results
of downscaling by different methods and the absolute error
with the true value. It can be seen from the figure that the

Metric Method
EDSR  RCAN  SwinlR  VMambalR*  MambaD$ proposed MambaDS performs the best. Additionally, the table
Variable %] > 2l ol (©Ours) compares the parameter counts and computational complexity
Params. (M) 10.79 1589 1391 1020 14.96 of different methods. The results show that our proposed
FLOPs ©) mal 13 2805 1085 2165 MambaDS method has significant computational advantages
MSE/, 0.1117 0.1004 0.0979 0.1169 0.0935 c
MAEL 02255 02145 02086 02308 0.1951 over other CNN-based and Transformer-based downscaling
Y10 poNRY 175357 379688 38.1699 47,4885 185032 methods while achieving better downscaling performance with
SSIM 0.9302 0.9354 0.9385 0.9297 0.9432 lower computational costs.
MSE|, 0.1170 0.1137 0.1038 0.1208 0.0989
MAE} 0.2314 0.2287 0.2156 0.2411 0.2046 TABLE 111
v10 PSNRT 173616 375688  37.9736 475786 38.3097 HRRR ANALYSIS DOWNSCALING RESULTS FOR WIND SPEED (gust),
SSIM? 09263 0.9289 09341 0.9258 0.9404 SURFACE PRESSURE (sp), ANIL\)/IQ/IHEIIE)I\SERATURE (t2m ) OF VARIOUS
MSE/} 4813.1685 3824.2467 2508.9448  3424.2675 968.9953
o MAE| 51.1968 429804  34.5225 39.2877 21.8904 Metric ™. Method
PSNR? 64.8282  65.8998  67.9306 65.9887 72.0241 EDSR RCAN SwinlR ~ VMambalR*  MambaDS
SSIMt 0.9698 0.9745 0.9887 0.9768 0.9958 Variable [58] [59] [32] [45] (Ours)
MSE| 0.3710 0.3654 0.3208 0.3775 0.2998 MSE| 3.4764 3.2453 3.3408 3.5433 2.9848
tom MAE} 0.3795 0.3628 0.3443 0.3813 0.3126 gust MAE| 1.3534 1.3088 1.3256 1.3457 1.059
PSNRT 55.0898 55.3287 55.8428 54.2487 56.3302 PSNR? 28.8034 29.0973 28.9535 28.8523 29.4590
SSIMT 0.9772 0.9814 0.9876 0.9759 0.9946 SSIMt 0.8596 0.8515 0.8585 0.8588 0.8675
MSE| 0.0624 0.0644 0.0607 0.0622 0.0598 MSE/| 125528.79  150519.64 123167.52  126434.65 10474.476
toun MAE] 0.0544 0.0556 0.0534 0.0542 0.0515 o MAE] 171.7839 2032089  171.3848 172.2387 124.3965
PSNRT 49.6796 49.4785 50.1078 49.6822 50.6245 PSNRT 50.6081 49.8205 50.6904 50.5886 50.9918
SSIMt 0.9848 0.9837 0.9854 0.9843 0.9886 SSIMt 0.9776 0.9763 0.9877 0.9777 0.9924
* Qurs implementation. MSE| 3.9440 3.9130 3.7390 3.9385 3.4432
. MAE| 13778 1.3715 1.3506 1.3724 1.3047
PSNR?T 440257  44.8907 450114 442584 45.8654
SSIM? 0.9817 0.9828 0.9833 0.9824 0.9846

used in various meteorological benchmark tasks [84], [85].
Although ERAS data is difficult to obtain in real-time for
practical applications, its widespread use and accessibility
make experiments based on it meaningful for research and
application. Therefore, as shown in Table I, following our
previous work, we selected five important near-surface vari-
ables as our research subjects and conducted experiments in
the China mainland region. For comparison, we selected four
different downscaling models, covering CNN-based [58], [59],
Transformer-based [32], and the recent Mamba-based super-
resolution model [45].

Table II displays the test metrics for five variables using
different methods. The results show that the proposed Mam-
baDS method outperforms other methods across all metrics.
The results also indicate that different downscaling methods
effectively recover known downsampling processes. For in-
stance, with the ¢, variable, various models stabilize the
MAE around 0.3K. This suggests that the experimental setup
is relatively simple. Although different models still show
some performance differences, this indicates that even simple
tasks can effectively validate the performance of various
models. It should be noted that another Mamba-based super-
resolution model, VMambalR [45], performed worse than the
CNN model in this task. We believe that this is because the
VMambalR model is based on the UNet structure, which
can improve the efficiency of calculations and reduce the
complexity of calculations under the premise of the same
number of parameters, but also reduces the model capacity.

* Ours implementation.

2) HRRR Analysis Downscaling: The downscaling of the
HRRR analysis field is a process of learning from the low-
resolution ERAS reanalysis field to the high-resolution anal-
ysis field. The two data are obtained from two different
modes, so the degradation process of the meteorological field
is unknown, which is similar to the real-world image super-
resolution task in image super-resolution. It should be noted
that since the HRRR analysis field only provides the absolute
value of wind speed, but does not provide the component
data of wind speed, we merged the wind speed components
in ERAS and obtained the wind speed information at the
corresponding location as the input of the model, i.e. gust =
VuZ, + v,

10 10

Table IIT shows the experimental results of different down-
scaling methods. From the results, we can see that the error
of this experiment is significantly increased compared with
the ERAS downscaling experiment with known degradation
processes. For example, for the temperature variable, the MSE
increases by about 10 times (from about 0.3K to about 3K). We
believe that this is due to the significant differences between
the regional assimilation model of HRRR and the global-scale
assimilation model of ERAS in terms of parameterization and
discrete grid settings. In addition, as the spatial resolution
increases to the kilometer scale, the state of meteorological
variables will be more affected by fine-grained scale factors
such as topography, thus generating some high-frequency



JOURNAL OF IKTEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

Vio

LR Field Ground Truth

LR Field

Ground Truth LR Field

*

¢
4
P

[
-
—t

’

b
s

Pred Absolute Error Pred

i
J A

g

4

. bz
HEREEE

}

i
q
ad

i

e
bz

i
q
Lo

»

M R

tpin

Ground Truth

sp

Ground Truth

t2m

Ground Truth LR Field LR Field

Absolute Error Absolute Error

Pon Fe
.

Fig. 4. Visualization comparison of ERAS reanalysis downscaling using different methods. The first row contains the low-resolution meteorological fields
of each variable (obtained by downsampling the high-resolution meteorological fields) and the high-resolution GT fields. The following lines show the input
results of different downscaling methods and the absolute error map with GT. As can be seen from the figure, the MambaDS proposed in this paper shows
the smallest error for all variables, that is, the downscaling performance is optimal.

texture information, which is mostly smoothed at the global
scale. Although the indicators have changed significantly, the
relative performance ranking of different downscaling models
remains unchanged. Our proposed MambaDS method still
significantly outperforms other methods in all metrics.

Fig. 5 shows the downscaling results of different methods.
From the figure, we can see that the output results (LR field
and ground truth) of different scale modes are obviously
different. This is mainly because the input LR field smoothes
most of the high-frequency textures, and the state values
at some positions are significantly lower than the HRRR
analysis values. Especially for wind speed variables, the ERAS
reanalysis field has obvious underestimates. Therefore, the re-
construction process is more complicated than the downscaling
process of ERAS. It can also be seen from the results in the
figure that the error distribution range of different variables is
closely related to terrain factors. For example, for temperature
variables, there is obviously a large error at the junction of
land and sea. For pressure, it is more concentrated near the
lake (upper right corner). Therefore, it is very important to
include terrain data in the downscaling process.

3) Fengwu Forecast Downscaling: In order to further verify
the effectiveness of the proposed method and get close to the
actual downscaling business application scenario, we designed
a downscaling task for the forecast field. Instead of using
the existing numerical forecast results, we chose Fengwu [6],
an artificial intelligence medium-term forecast model that has
developed rapidly in recent years, as our forecast model.

TABLE IV
FENGWU FORECAST DOWNSCALING RESULTS FOR WIND SPEED (gust),
SURFACE PRESSURE (sp), AND 2M TEMPERATURE (%2,,,) OF VARIOUS

METHODS.
Metric Method
EDSR RCAN SwinIR VMambalR* MambaDS$S
Variable [58] [59] [32] [45] (Ours)
MSE] 3.9195 3.8374 3.7461 3.8137 3.7031
gust MAE| 1.4411 1.4027 1.4050 1.4298 1.3924
PSNR?T 28.2947 28.6243 28.7245 28.5749 28.7425
SSIMt 0.8524 0.8544 0.8564 0.8523 0.8573
MSE| 94139.38  121930.62 91899.40 101245.76 80295.97
) MAE| 162.9230  195.6916  162.2511 163.5641 135.3585
6]7 PSNR?T 51.4932 49.2467 50.2414 50.2453 52.3823
SSIMt 0.9777 0.9734 0.9755 0.9786 0.9793
MSE| 5.3664 4.6805 6.1633 6.8214 4.5310
tor MAE| 1.7275 1.5707 1.8705 1.9156 1.5080
PSNRT 42.5323 43.4257 42.1425 42.2465 43.6783
SSIM T 0.9828 0.9822 0.9824 0.9812 0.9884

* Ours implementation.

Specifically, we used ERAS5 as the forecast initial field of
Fengwu and selected the 6-hour forecast results as the input
of the downscaling model. It should be noted that we directly
use the HRRR analysis field downscaling model to perform
zero-shot inference instead of training from scratch, so as
to verify the generalization ability of the model to a certain
extent. There are three reasons for this setting: First, we believe
that the previous two experiments have fully demonstrated
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Fig. 5. Visualization comparison of HRRR analysis downscaling using different methods. The first row contains the low-resolution meteorological fields of
each variable (obtained by downsampling the high-resolution meteorological fields) and the high-resolution GT fields. The following lines show the input
results of different downscaling methods and the absolute error map with GT. As can be seen from the figure, the MambaDS proposed in this paper shows
the smallest error for all variables, that is, the downscaling performance is optimal.

the ability of different methods to reconstruct the target input
field, and it is redundant to train or fine-tune from scratch
based on the Fengwu forecast results. In addition, in actual
applications, we usually face forecast results from different
models, and their distributions are also different. Therefore,
the generalization ability of different downscaling methods
for different inputs is more important. Finally, compared with
multi-temporal forecast results, the acquisition and storage
of the analysis field at time ’fO0’ is more convenient and
economical. A large number of previous works [5], [6] are
also mostly based on analysis/reanalysis fields for pre-training
to adapt to different downstream inputs.

Table IV and Fig. 6 show the zero-shot inference results
of Fengwu forecast results using different methods. From the
results, we can see that the relative performance rankings
of different methods for different variables have changed
to a certain extent. For example, for the to,,, the CNN-
based methods EDSR [58] and RCAN [59] outperform the
Transformer-based SwinIR [32], which is different from the
results in the first two experiments. Despite this, the MambaDS
model proposed in this paper still shows a stable advantage
in all variables, especially for sp, which is more obvious. We
believe that this is also due to the positive effect of adding

topography information on surface pressure, a variable that is
highly correlated with terrain. The results of this experiment
show that the MambaDS proposed in this paper has a stronger
generalization ability on the basis of better reconstruction
ability than other models. This ability is inseparable from the
addition of geographic information and the advantages of the
model structure.

E. Ablation Studies

To further analyze the impact of different components of the
proposed MambaDS on the model performance, we conducted
ablation experiments. The experimental results listed in Table
3 show that each component in MambaDS improves the
performance of the model to varying degrees, and adding all
innovative components to MambaDS will achieve the best
downscaling performance. Specifically, it can be seen that
the addition of the MCE-VSSM module has improved all
variables to varying degrees, which proves that compared with
the vanilla VSSM module, the enhanced branch of multivariate
correlation does provide additional modeling capabilities and
model capacity for the downscaling process. As for the addi-
tion of the scanning mechanism of 5D-SSM, it can be seen
that although it does not show a positive effect on all variables
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Fig. 6. Visualization comparison of Fengwu forecasts downscaling using different methods. The first row contains the low-resolution meteorological fields
of each variable (obtained by downsampling the high-resolution meteorological fields) and the high-resolution GT fields. The following lines show the input
results of different downscaling methods and the absolute error map with GT. As can be seen from the figure, the MambaDS proposed in this paper shows
the smallest error for all variables, that is, the downscaling performance is optimal.

TABLE V

ABLATION STUDY RESULTS OF MAMBADS.

Method Settings tom sp u10 V10 tpin
MCE-VSSM  5D-SSM  Topo. MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
X X X 0.3406  0.3552  2137.8452 329356 0.1016 02173  0.1048 0.2217 0.0612  0.0539
MambaDS 4 X X 0.3256  0.3462  1844.8749  28.8756  0.1008  0.2025 0.1044 0.2145 0.0602  0.0541
v v X 0.3148 0.3414 1749.3832 27.9723  0.1012  0.2137 0.1037 0.2128  0.0606  0.0533
v v v 02998 0.3126  968.9953  21.8904 0.0935 0.1951 0.0989 0.2046 0.0598 0.0515

(such as wuqg), it has a positive effect on other variables. This
also reflects to a certain extent that this module helps to
improve the global modeling capabilities for meteorological
downscaling tasks. Finally, the addition of the topography
constraint layer can be seen to have the most significant effect
on the performance improvement of the model. In particular,
for temperature and pressure variables, which are closely
related to topography, the addition of terrain information can
greatly improve the downscaling performance.

FE. Comparison of different topography prior integration meth-
ods

In the downscaling of meteorological variables, topography
data is important prior information. To verify the effectiveness
of the topography constraint layer (’soft-Topo.” in Table VI)
proposed in this paper, we compare our approach with pre-
vious topography fusion methods based on feature extraction
[36] (hard-Topo.” in Table VI). Previous feature extraction-
based methods use an independent CNN encoder to extract
multi-scale topography features and fuse the features of the
corresponding scales into the downscaling model. This can
be seen as a soft constraint to achieve the constraints on
the topography. We compare the downscaling performance of
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the two methods under the ERA5 downscaling setting and
further compare the performance of using the two methods
simultaneously ("hard&soft-Topo.” in Table VI).

From the results in Table 3, it can be seen that compared
with the model without incorporating topography informa-
tion Cwo Topop.’), the introduction of terrain information
can significantly improve the downscaling effect of different
variables. For the a priori integration methods of different
approaches, it can be seen that the proposed topography
constraint layer achieves downscaling results that are similar
to or even exceed those of other methods without a significant
increase in the number of parameters. This also further verifies
the effectiveness and efficiency of using topography data as a
hard constraint weight on the output.

TABLE VI
ERAS5 FORECAST DOWNSCALING RESULTS FOR WIND SPEED (gust),
SURFACE PRESSURE (sp), AND 2M TEMPERATURE (t2,,) OF VARIOUS
TOPOGRAPHY PRIOR INTEGRATION METHODS.

Metric Method
MambaDS ~ MambaDS w/ MambaDS w/ MambaDS w/
Variable wo Topo. soft-Topo. hard-Topo. hard&soft-Topo.
(Ours)
Params.(M) 14.96 17.04 14.96 17.04
MSE| 0.1012 0.0997 0.0935 0.0933
MAE] 0.2137 0.2015 0.1951 0.1947
o PSNRT 38.0154 38.2467 38.5232 38.5217
SSIMT 0.9362 0.9402 0.9432 0.9433
MSE| 0.1037 0.1004 0.0989 0.0993
MAE| 0.2128 0.2085 0.2046 0.2050
o PSNRT 37.9488 38.1958 38.3097 38.3846
SSIMT 0.9369 0.9396 0.9404 0.9411
MSE| 1749.3832 1032.8832 968.9953 988.2949
MAE| 27.9723 24.5729 21.8904 22.4638
° PSNRT 68.4298 70.2472 72.0241 72.3533
SSIMt 0.9913 0.9923 0.9958 0.9965
MSE| 0.3148 0.3073 0.2998 0.2977
fom MAE] 0.3414 0.3156 0.3126 0.3122
PSNRt 56.0368 56.2465 56.3302 56.3422
SSIMT 0.9903 0.9924 0.9946 0.9953
MSE] 0.0606 0.0593 0.0598 0.0588
toun MAE| 0.0533 0.0524 0.0515 0.0517
PSNRT 49.9935 50.2567 50.6245 50.6105
SSIM?t 0.9842 0.9857 0.9886 0.9893

V. DISCUSSION

This work is the first to introduce state-space mod-
els like Mamba into meteorological variable downscaling
tasks. Through task-specific design for downscaling, our pro-
posed MambaDS method surpasses previous CNN-based and
Transformer-based downscaling models in both performance
and efficiency. In this section, we will further analyze the
limitations of our work and discuss future directions for
Mamba-based downscaling methods.

The overall framework of our proposed MambaDS method
follows SwinlIR [32], which maintains the spatial dimensions
of input images without downsampling, rather than using
the encoder-decoder structure of UNet which is more com-
mon in the image super-resolution field. While this approach
maximally preserves spatial texture information and thus im-
proves downscaling performance, it increases computational

complexity. Therefore, further research is needed on how to
effectively embed the Mamba structure into UNet-like archi-
tectures to further reduce model computational complexity
while maintaining model performance. Although there have
been some early attempts in natural image restoration and
super-resolution tasks [45], based on our reproduction of these
related methods, we found that model performance still has
certain limitations. Furthermore, for state-space models, the
scanning pattern is crucial. Currently, most improvements to
Mamba in computer vision-related work are primarily focused
on enhancing scanning methods [47], [67], [70]. Therefore,
how to design scanning patterns suitable for multivariate
meteorological fields is another direction that needs further
research.

VI. CONCLUSION

In this paper, we pioneer the selective state space model
into meteorological field downscaling and propose a novel
downscale model namely MambaDS. Compared to previ-
ous downscaling methods based on CNN and Transformer
super-resolution models, MambaDS can model long-range
dependencies while maintaining efficient linear computational
complexity. Building on this, we made specific designs and
improvements tailored to the characteristics of the down-
scaling task. Specifically, we first designed the MCE-VSSM
to enhance the modeling of correlations between different
meteorological variables, addressing the need for downscaling
multiple variables simultaneously. Additionally, we designed
a model-agnostic efficient topography constraint layer that
uses hard constraints to directly guide the restoration of fine
texture details in meteorological fields with high-resolution
topography data, which ensures performance while avoiding
additional computational overhead. Through extensive experi-
mental comparisons of three different downscale settings and
two study areas, we have verified the effectiveness of our
proposed model for multivariable near-surface meteorological
field downscaling.
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