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Abstract. Precipitation nowcasting is vital for protecting
lives and economic activities, yet accurate forecasts based
solely on past precipitation remain elusive. Conventional nu-
merical weather prediction models offer a solution but in-
cur substantial computational costs. Moreover, due to the
rapid pace of climate change, long-term time series data
are often inadequate for accurately addressing precipitation
forecasting for extreme weather events in a short period of
time, as past meteorological time series data may not ac-
curately reflect current atmospheric conditions. There is an
urgent need to rely on short-term time series for prediction
tasks. Existing studies have employed Spatio-Temporal In-
formation Transformation (STI) equations with iterative so-
lutions for short-term time series prediction. However, the
solution process involves relatively simple nonlinear opera-
tions, which are prone to cumulative errors and can result in
inaccurate forecasts. In response, the present work proposes
a dual encoder-decoder training framework based on the STI
equation and the idea of dual learning, which can map mul-
tidimensional spatial features to the temporal prediction of
future precipitation variables. This architecture addresses the
limitations of inaccurate predictions for short-term time se-
ries data. Additionally, an adaptive weighted gradient loss
(ADGLoss) is proposed to mitigate the prediction ambigu-
ity caused by the extension of prediction time and rectify
systematic underestimation of high-intensity precipitation re-

gions. Leveraging the SEVIR dataset, the proposed model
integrates multiple meteorological variables to generate 1h
precipitation forecasts via Vertically Integrated Liquid (VIL)
estimation. Experimental results demonstrate that the STI-
driven framework achieves superior predictive accuracy and
reduced error rates in hourly multi-step forecasting compared
to state-of-the-art deep learning benchmarks. The model ef-
fectively captures the spatio-temporal dependencies between
heterogeneous meteorological variables and VIL precipita-
tion patterns, offering a novel pathway for advancing spatio-
temporal prediction tasks in climate informatics.

1 Introduction

Precipitation prediction stands as a fundamental meteoro-
logical task in meteorological science, with its significance
spanning multiple dimensions including economic develop-
ment, ecological conservation, and so on (Zhang et al., 2023).
Despite notable advancements in forecasting methodolo-
gies in recent years, achieving high-precision precipitation
predictions remains one of the most persistent challenges in
contemporary atmospheric sciences (Brotzge et al., 2023).
In the atmospheric system, the closer the observed data
to the occurrence time of precipitation events can help fore-
casting methods to make more effective predictions, yet con-
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ventional methodologies remain insufficient to address the
growing demands for high-precision, rapid-update precipi-
tation nowcasting(An et al., 2025). The rapid evolution of
observational technologies has driven a surge in demand for
short-term precipitation nowcasting, particularly for opera-
tional applications requiring precise forecasting in time win-
dows from 30 min to 1h (Benziane and MB, 2024). This is
a popular direction in the field of short-term precipitation
forecasting in recent years (An et al., 2025) and is crucial
for operational meteorology, including emergency response,
agricultural planning, and traffic management. Timely infor-
mation can lead to better decision-making and risk mitiga-
tion (Zhao et al., 2025). The performance of forecasts beyond
two hours remains a highly challenging research area that re-
quires further study (An et al., 2025). Over the past decades,
numerical weather prediction (NWP), which is grounded in
solving physical equations, has served as the foundational
methodology driving the evolution of meteorological fore-
casting (Wagqas et al., 2024; Zheng et al., 2024). In detail,
it calculates atmospheric state evolution through numerical
solutions of the governing equations of fluid dynamics and
thermodynamics.

To mitigate the computational inefficiency of NWP, radar
echo extrapolation-based methods have emerged as a com-
plementary forecasting solution (Wang et al., 2025; Rahim-
pour et al., 2025). These techniques enhance spatiotempo-
ral resolution compared to NWP and reveal precipitation dy-
namics within convective systems, thereby advancing human
understanding of atmospheric processes. However, conven-
tional methodologies remain insufficient to address the grow-
ing demands for high-precision, rapid-update precipitation
nowecasting (Gettelman et al., 2025).

Recent existing state-of-the-art (SOTA) approaches in
deep learning have addressed numerous challenges in tradi-
tional machine learning tasks, prompting researchers to adapt
these techniques to precipitation forecasting (Kim et al.,
2024; Shi et al., 2017). However, meteorological forecast-
ing presents unique challenges, including the difficulty of
accurately modeling the temporal dynamics of precipitation
events from short-term data and the widespread underesti-
mation of heavy precipitation. These characteristics necessi-
tate continuous refinement of Al-based methods in meteoro-
logical research. Contemporary deep learning methodologies
predominantly depend on extracting spatio-temporal patterns
from precipitation data to facilitate forecasting (Amini et al.,
2022). The precipitation prediction problem closely paral-
lels the video prediction task in regression-based modeling,
both falling under the umbrella of spatio-temporal predic-
tion. Existing spatio-temporal models have yielded signifi-
cant methodologies, primarily based on Convolutional Neu-
ral Networks (CNNSs) (Zhao et al., 2024), Recurrent Neural
Networks (RNNs) (Mienye et al., 2024), and Transformer
(Islam et al., 2024) architectures. Long Short-Term Mem-
ory (LSTM) networks are inherently suitable for modeling
temporal dynamics in sequential data, capturing long-term
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dependencies, and addressing the nonlinear evolution pat-
terns present in time series (Kong et al., 2025). For instance,
pioneering models such as the ConvLSTM and PredRNN
catalyzed the integration of deep learning into precipitation
forecasting, establishing robust baselines for subsequent re-
search (Shi et al., 2015; Wang et al., 2017). Similarly, U-Net
and SimVP models, leveraging residual connections and con-
volutional operations, have demonstrated competitive perfor-
mance in spatiotemporal prediction tasks, representing mile-
stones in CNN-based approaches for precipitation forecast-
ing (Han et al., 2021; Gao et al., 2022b). Despite the ro-
bust feature learning capabilities of CNNs and RNNs, they
still exhibit degraded performance when relying solely on
short-term data and tend to underestimate intense precipita-
tion events.

As precipitation datasets now encompass longer temporal
sequences, Transformer-based architectures have been intro-
duced to address the limitations of CNNs in modeling tempo-
ral dependencies and the gradient vanishing issues inherent
in RNNs (Piran et al., 2024). Notable examples include the
MetNet (Sgnderby et al., 2020) and Earthformer (Gao et al.,
2022a) models, which have demonstrated enhanced predic-
tive accuracy. Despite their superiority in handling general
spatio-temporal sequences, these models struggle to reliably
forecast moderate-to-intense precipitation events as predic-
tion horizons extend.

Although current precipitation forecasting methods ac-
count for spatio-temporal features, the nonlinear character-
istics and causal spatio-temporal relationships embedded in
high-dimensional meteorological variables within historical
observational data remain underutilized. This oversight sig-
nificantly constrains model robustness and accuracy in pre-
cipitation prediction. From the perspective of chaotic dynam-
ics, the Spatio-Temporal Information Transformation (STI)
equations (Tao et al., 2023), derived from the delay embed-
ding theorem (Jaurigue et al., 2025), provide a rigorous math-
ematical framework to simulate such atmospheric spatio-
temporal dependencies. In time-series forecasting, prior
studies have leveraged STI equations to model atmospheric
dynamics — for instance, reservoir computing networks have
employed semi-linear STI transformations to enhance fea-
ture representation (Chen et al., 2020b). However, the itera-
tive solution of these semi-linear STI equations tends to ac-
cumulate errors and degrade predictive accuracy, and anal-
ogous methodologies remain scarce in computer vision. To
bridge this gap, we propose a Spatio-Temporal Information-
Dual Encoder-Decoder Network (STI-DEDN) that enables a
more accurate approximate of STI equations inspired by the
inherent conjugate duality of the STI equations. This frame-
work explicitly resolves the spatio-temporal causal relation-
ships between multivariate meteorological factors and pre-
cipitation dynamics. Crucially, it converts high-dimensional
spatial meteorological features into temporal projections of
future precipitation variables (Fig. 2a), thereby improving
prediction robustness. Furthermore, we design an adaptive
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Figure 1. Visualization of various variables in the SEVIR (Storm Event Imager) dataset. VIL, IR107, VIS, and IR069 represent the radar
vertical liquid water content, the satellite infrared longwave window, the visible satellite imagery, and the satellite mid-level water vapor,
respectively. Among them, VIL represents precipitation data, while VIS, IR107 and IR069 serve as additional meteorological information.

weighted gradient loss (ADGLoss) function to penalize un-
derestimation biases in precipitation intensity. This loss func-
tion dynamically adjusts error gradients based on rainfall
magnitude, effectively mitigating the precipitation underes-
timation and prediction ambiguity issue that models face as
prediction time extends, while preserving the fine-scale pre-
cipitation structures. In addition, due to the particularity of
VIL variables in the experimental dataset, all experiments in
our paper are VIL intensity forecasts. However, this does not
mean that our method cannot achieve excellent performance
on real precipitation data. To validate this, we conducted ad-
ditional experiments on the MeteoNet dataset containing real
precipitation measurements. The results demonstrate that our
method also achieves promising performance on real-world
precipitation data. Consequently, in subsequent chapters, we
use precipitation forecasts as an approximation for VIL fore-
casting.
Our principal contributions are threefold:

— Aiming at the prediction inaccuracies caused by exist-
ing STI equation solvers and the limitations of short-
term data in forecasting short-duration heavy precip-
itation, we have established a novel dual encoder-
decoder neural network that enables approximation of
the STI equations and robust nonlinear mapping of
high-dimensional meteorological and VIL precipitation
variables.

— To improve the issue of precipitation underestimation in
heavy rainfall areas and blurred predictions caused by
the error amplification of existing precipitation models
with extended prediction horizons, we propose an adap-
tive weighted gradient loss function that can effectively
enhance the model’s accuracy in spatiotemporal predic-
tion tasks.

— Through comprehensive benchmarking experiments
against state-of-the-art methods, we demonstrate a su-
perior performance and generalizability of our frame-
work. The experimental results show that the proposed
method has more practical significance for VIL precip-
itation forecasting in medium and heavy VIL regions.

https://doi.org/10.5194/gmd-19-7089-2026

2 Related Work

2.1 Nowcasting Precipitation Based on Artificial
Intelligence

ConvLSTM (Shi et al., 2015) introduced a groundbreak-
ing approach to integrating CNNs and LSTM networks by
incorporating convolutional operations within LSTM’s gat-
ing mechanisms. This innovation marked the first success-
ful application of deep learning to precipitation nowcasting,
achieving breakthroughs in short-term forecasting accuracy.
Building on ConvLSTM, Shi et al. (2015) further developed
the TrajGRU model, which enhanced accuracy by combining
temporal convolutional networks’ sensitivity to spatiotempo-
ral features with optical flow techniques for cloud motion
simulation (Hui et al., 2021). Subsequent advancements in-
clude Wang et al. (2017)’s PredRNN, which employs Spatio-
Temporal LSTMs to efficiently capture long-term depen-
dencies in spatiotemporal sequences, significantly improv-
ing nowecasting precision. Seo et al. (2022) proposed the
3D-UNet model to predict high-resolution radar data from
low-resolution inputs, while Ma et al. (2024) addressed pre-
diction blurring via a DB-RNN to enhance high-frequency
details. Wu et al. (2023) incorporated physical priors into
the PastNet model, leveraging inherent inductive biases to
boost prediction efficiency and effectiveness. Despite the ro-
bust feature learning capabilities of CNNs and RNNs, they
still exhibit degraded performance when relying solely on
short-term data and tend to underestimate intense precipita-
tion events.

Transformer’s self-attention mechanisms effectively ad-
dress long-range dependency challenges in spatio-temporal
sequence prediction, driving significant advancements in pre-
cipitation nowcasting. For instance, SmaAt-UNet (Trebing
et al., 2021) integrates depthwise separable convolutions
with scaled dot-product attention, substantially reducing the
parameter count and computational overhead of traditional
U-Net architectures. Earthformer (Gao et al., 2022a) en-
hances computational efficiency by hierarchically sharing
global-local spatio-temporal features through axial attention
blocks. Meanwhile, Rainformer (Bai et al., 2022) and MS-
RadarFormer (Geng et al., 2024) employ tokenization of
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temporal frames combined with GFUs and convolutional at-
tention layers, achieving notable improvements in predicting
light-to-moderate precipitation events. Despite their superior
performance, Transformer-based approaches struggle with
forecasting heavy precipitation under short forecast horizons,
and they suffer from quadratic computational complexity
scaling with sequence length.

2.2 Time Series Prediction Based On Spatiotemporal
Information Transformation Equation

In recent years, STI equations, derived from the delay em-
bedding theorem, have demonstrated remarkable potential in
regression-based forecasting. These equations establish bidi-
rectional mappings between high-dimensional spatial data
and future temporal dynamics of target variables, enabling
mutual conversion of spatio-temporal information (Chen
et al., 2020a). For instance, Chen et al. (2020b) proposed
an ARNN that leverages reservoir computing (RC) archi-
tecture and semi-linear STI transformations to achieve ac-
curate multi-step ahead predictions. Building on this, Tong
et al. (Tong et al., 2023) introduced Reservoir-based Spatio-
Temporal Information Transfer (RSIT), which integrates
nonlinear time-series forecasting with critical point detec-
tion to develop a high-precision earthquake early warning
framework. Furthermore, Peng et al. (2024) combined STI
equations with self-supervised attention mechanisms to pre-
dict future values of target variables from high-dimensional
inputs, achieving state-of-the-art robustness and accuracy in
scenarios with sparse observational data, achieving superior
and robust results. However, these methods are prone to cu-
mulative errors during the iterative solution of STI mappings,
and to date, no STI-based approach has been applied in the
precipitation forecasting domain.

3 Method
3.1 Precipitation Prediction Based on STI

Conventional precipitation forecasting approaches have
faced challenges in effectively leveraging spatio-temporal
patterns embedded within meteorological systems. Draw-
ing upon the theoretical framework of the STI equations,
this study proposes a novel approach for precipitation fore-
casting that enables simultaneous spatiotemporal feature fu-
sion within atmospheric phase-space dynamics. As shown in
Fig. 2a, we define historical observational data of different
meteorological variables in the atmospheric system as Z,,. It
is called a non-delayed embedding attractor in n-dimensional
space. In the original STI equations, these are represented
as a one-dimensional vector Z' = (2,25, -+, 2}), where €
{1,2,---,m}, denotes m historical time steps. In this work,
Z' specifically refers to radar echo image frames of various
meteorological factors recorded by radar sensors at time .
According to the delay embedding theorem, the correspond-
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ing delayed-embedded precipitation variable sequence is de-
noted as Y’ = (y', y'*!, ..., y'*¢~1), where the parameter e
indicates the number of future image frames to predict. Sep-
arately, we express the historical observation spatiotemporal
data of different meteorological variables input to the model
in matrix form, and the representation of Z' is as follows:

1 2 m
m
Z2 Zz e Zz
z=[22% 2= T (1)
1 2 m
Zn Zn t Zp nxm

where n is the number of variables in the atmospheric space
system, and m is the observation length of the historical ob-
servation image sequence. In addition, its Y expression after
delayed embedding is as follows:

yl y2 e ym
y2 y3 ym+1
Y= . . . 2
e el L ymtent
ye ye ym e oem

where Y’ is the delay embedding matrix with dimension
e xm, and e is the number of future image frames of the
precipitation variable to be predicted.

In the lower right corner of the delay embedding matrix
Y, the sequence (y"+!, y"12 ... ym+e=1) of the target vari-
able after the time point m are future image frames that
need to be predicted. Through this transformation, a sub-
stantial amount of spatial variables {Z, Z», ..., Z,} can be
utilized to enrich the temporal information of the target vari-
able (y"+1, ym+2 ... ym+e=1yin the low-dimensional space
via the delayed embedding process. While the generalized
delay theorem theoretically supports multi-variable forecast-
ing, the current implementation focuses on single-variable
spatio-temporal information transformation for precipitation,
as shown in Eq. (3).

F ([thm’ Zt7m+1’ e Zl]) —-Y!

F_l(Yt) — [2t—m’ Zt—m-i-l’_._’ 2t] 3)

The traditional process of realizing STI transformation
needs to iteratively solve the STI transformation equation. In
this process, the computational complexity is high, and the
cumulative error is large. To overcome these limitations, we
leverage the end-to-end automated learning capabilities of
deep learning to replace equation-solving procedures, which
has a positive effect on the improvement of predictive robust-
ness. Then the neural networks model used to fit the nonlin-
ear map F becomes the key to the transformation from the
known spatial information to the future target variable time
information.
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Figure 2. Schematic diagram of STI-DEDN. Panel (a) illustrates the transformation of the target variable z; into a delayed embedding
attractor using the delay embedding theorem, where the attractor exhibits a conjugate relationship with the non-delayed embedding attractor.
The two attractors are connected through a nonlinear function F, which maps the known spatial variable information to the temporal
information of the unknown target variable zj;. The future values of z; are represented as z;c”ﬁ =F (ztli , zg yeees zi{), L=0,1,...,e—1.
Therefore, the key to predicting z; lies in fitting the nonlinear function F. Panel (b) demonstrates the overall training architecture of our
proposed STI-DEDN, which mainly includes a space-time converter and a time-space converter, them are implemented using the same
neural architecture. Panel (¢) mainly illustrates the information flow process of STI-DEDN, the main STI equation corresponds to CgT, and

the conjugate STI equation corresponds to Cts.
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3.2 Overall Network Framework Based on STI

According to the structural characteristics of the conjugate-
dual of the spatiotemporal information transformation equa-
tion, we propose the Spatio-Temporal Information-Dual
Encoder-Decoder Network (STI-DEDN). This architecture
builds upon ConvLSTM as its backbone, which is adapted
to a dual-training framework to efficiently approximate the
nonlinear STI equations. The dual-based training method
leverages the inherent properties of the STI conjugate equa-
tion to establish mutual learning between two interdepen-
dent prediction tasks (Chen et al., 2020b). This synergis-
tic framework enhances model robustness through cross-task
knowledge transfer, effectively mitigating prediction overfit-
ting risks while strengthening the model’s generalization ca-
pability under varying meteorological conditions.

As shown in Fig. 2b, the STI-DEDN architecture com-
prises three primary components: the data preprocess-
ing module, the spatio-temporal converter Cst, and the
temporal-spatio converter Cts. To solve the problem of in-
consistent spatial and temporal resolutions between meteo-
rological data, we use the data preprocessing module to pro-
cess meteorological data into data with consistent resolution,
which can eliminate potential errors caused by resolution be-
tween meteorological data from different sources. Finally,
the input data is adjusted to a fixed form that conforms to
the STI equation according to the delay embedding theorem,
which is convenient for the effective extraction of subsequent
spatiotemporal features. In addition, the spatio-temporal con-
verter Cst and the temporal-spatio converter Cts for pro-
cessing spatiotemporal information belong to the encoding-
decoding prediction architecture, and the modules of the en-
coder and decoder are realized by the multi-layer adapted
ConvLSTM model. The encoder and decoder use the inter-
action of multi-layer convolution and LSTM to capture the
potential order and potential spatiotemporal information be-
tween the observation data of the input m time points.

The spatio-temporal information flow in the STI-DEDN
architecture is illustrated in Fig. 2c. The spatial-temporal
converter Cs transforms input spatial information into tem-
poral information (forward process), while the temporal-
spatial converter Cts converts temporal information back
into spatial information (reverse process). The detailed im-
plementations of Encoding and Decoding for both processes
are shown in Fig. 3. Specifically, in the STI-DEDN archi-
tecture, CNNs extract hierarchical spatial features from input
tensors, while RNNs convert these features into hidden states
encoding multi-scale temporal dependencies. This dual-
stream mechanism collectively extracts latent spatiotempo-
ral patterns. The decoder then employs transposed convolu-
tions to project high-level features back to the original input
space, enabling precipitation prediction. By stacking mul-
tiple CNN+RNN layers, the architecture comprehensively
captures intrinsic relationships between high-dimensional
spatiotemporal data and precipitation patterns and can play
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a positive role in approximating the STI equation. The main
formula of this structure is as follows:

Crs(Cst(2)) ~ 2 “4)

In this study, our ConvLSTM architecture largely follows
Shi et al. (2015)’s design, with all convolutional layers using
3 x 3 kernels. Each successive convolutional layer halves the
spatial dimensions of the input while doubling the number of
hidden features. We incorporate GroupNorm into Shi et al.
(2015)’s ConvLSTM to reduce feature scale discrepancies,
thereby making model training less dependent on batch size,
lowering hardware requirements, and enhancing the model’s
ability to capture inter-feature relationships. To mitigate van-
ishing gradients and information loss during precipitation
reconstruction, residual connections are added after Group-
Norm layers to stabilize training. The remaining ConvLSTM
parameters are initialized based on Shi et al. (2015)’s prior
work, with hyperparameter optimization conducted to im-
prove predictive performance. The detailed parameter set-
tings for all layers of the module are shown in Table 1.

3.3 Loss Function

A common problem in precipitation forecasting is that the
spatial distribution of precipitation data exhibits regional
heavy precipitation characteristics. Conventional regression-
based loss functions, such as MSE (Mean Squared Error) and
MAE (Mean Absolute Error), focus on minimizing pixel-
wise numerical discrepancies between predictions and the
ground truth. While they demonstrate competence in mod-
eling continuous, homogeneous precipitation fields, they ex-
hibit fundamental limitations in reconstructing the regional
spatial feature details which reconcile the non-stationary pat-
terns between heavy and light precipitation inadequately.
This results in a uniform distribution of errors, causing mod-
els to overpredict rainfall in light precipitation areas and un-
derpredict it in heavy precipitation zones. To address this,
we apply the Gradient Difference Loss (GDLoss) function
(Byeon et al., 2018), defined as the Equation:

m n
GDLoss = > Y ([I1X.j — Xi—1.jll = ¥i.j — Yie1,1l|”
i=1j=1

+ | 1X, -1 _Xi,j”_||Yi,j—1_Yi,j||‘ﬂ) (5)

where X; ; and Y; ; represent the pixel values of the predicted
image and the target image at position (i, j), X; j — X;—1,;
represents the layer change rate of the predicted image in the
horizontal direction, Y; j_1 —Y;, ; represents the layer change
rate of the target image in the vertical direction, where g is
an integer greater than or equal to 1, usually 1 or 2, used to
adjust the sensitivity of the loss.

The GDLoss quantifies spatial precipitation variations
by comparing gradients between predicted and the target
radar echo maps. It emphasizes the differences between

https://doi.org/10.5194/gmd-19-7089-2026
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Table 1. Detailed architectural configuration of STI-DEDN.
Network  Layer Name Layer Type Kernel/Stride Input Shape Output Shape  Activation
Module /Pad (T,C,H, W) (T,C,H,W) Function
Enc_Convl Conv2d 3x3/1/1 6 x4 x 256 x 256 6 x 16 x 256 x 256  LeakyReLU
Enc_CLSTM1 ConvLSTM + GN 5x5/1/2 6 x 16 x 256 x 256 6 x 32 x 256 x 256  Sigmoid & Tanh
Enc_Conv2 Conv2d 3x3/2/1 6x32x%x256%x256  6x32x128x 128 LeakyReLU
Encoder Enc_CLSTM2 ConvLSTM + GN 5x5/1/2 6 x 32 x 128 x 128 6 x 64 x 128 x 128  Sigmoid & Tanh
Enc_Conv3 Conv2d 3x3/2/1 6 x 64 x 128 x 128 6 x 64 x 64 x 64 LeakyReLU
Enc_CLSTM3  ConvLSTM + GN 5x5/1/2 6 x 64 x 64 x 64 6x 128 x 64 x 64  Sigmoid & Tanh
Enc_Conv4 Conv2d 3x3/2/1 6 x 128 x 64 x 64 6x 128 x 32 x32 LeakyReLU
Enc_CLSTM4 ConvLSTM + GN 5x5/1/2 6 x 128 x 32 x 32 6 x 256 x32x32 Sigmoid & Tanh
Dec_CLSTM1 ConvLSTM + GN 5x5/1/2 6 x 256 x 32 x 32 6 x 256 x32x32 Sigmoid & Tanh
Dec_Deconvl ConvTranspose2d 4x4/2/1 6 x 256 x 32 x 32 6 x 256 x 64 x 64  LeakyReLU
Dec_CLSTM2 ConvLSTM + GN 5x5/1/2 6 X 256 x 64 x 64 6x 128 x 64 x 64  Sigmoid & Tanh
Dec_Deconv2  ConvTranspose2d 4x4/2/1 6x 128 x64 x64 6x128 x 128 x 128 LeakyReLU
Decoder Dec_CLSTM3 ConvLSTM + GN 5x5/1/2 6x128 x 128 x 128 6 x 64 x 128 x 128  Sigmoid & Tanh
Dec_Deconv3  ConvTranspose2d 4x4/2/1 6 x 64 x 128 x 128 6 x 64 x 256 x 256  LeakyReLU
Dec_CLSTM4 ConvLSTM + GN 5x5/1/2 6 x 64 x 256 x 256 6 x 32 x 256 x 256  Sigmoid & Tanh
Dec_Conv5 Conv2d 3x3/1/1 6 x 32 x 256 x 256 6 x 16 x 256 x 256  LeakyReLU
Dec_Conv6 Conv2d 1x1/1/0 6 x 16 x 256 x 256 6x1x256x256 None
Note: GN stands for GroupNorm. The channel size (C) in the output shape of ConvLSTM layers represents the hidden state feature dimension.
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Figure 3. Implementation of Encoding Network and Decoding Predictive Network.
the horizontal and vertical gradients of precipitation inten-
sity, thereby better capturing spatial transitions in complex "
e . 1
precipitation patterns. When the local gradient of the pre- MAFELoss = — Z Ixi — yil (6)
dicted field is smaller than the corresponding gradient of the ni3
ground truth field, GDLoss penalizes such deviations, ensur- I y?
ing alignment between predicted and ground-truth precipita- n e YiZXi
. . .. . . o = 1711 ! 2 (7)
tion features during training, thus restoring the clarity of pre- D% Xi > i
dictions. On the basis of GDLoss and MAELoss, we propose Yiitel ! '
an adaptive-weighted gradient loss(ADGLoss) function, for- ADGLoss = « - MAELoss + GDLoss (8)

mulated as Eq. (8):
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where x; represents the model prediction result, y; represents
the true value, and n represents the number of samples. Com-
bining the MAE and GDL loss functions allows the model
not only to leverage MAE for maintaining balanced accu-
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racy in overall forecasts but also to enhance edge information
through GDL while addressing the issue of prediction ambi-
guity in complex precipitation regions. The parameter « is
a dynamic adaptive weighting factor for layer-wise adjust-
ments, improving the model’s sensitivity to heavy precipita-
tion forecasts. € is a tiny positive constant introduced to pre-
vent division-by-zero errors in extreme cases, although such
all-zero outputs were virtually absent in our experiments.
When the model underestimates or overestimates precipita-
tion in complex precipitation regions, & exceeds 1, which in-
creases the loss value, enhances the capability of MAE loss
to capture global high-frequency precipitation patterns, and
improves the prediction accuracy of heavy precipitation ar-
eas, thereby reducing the precipitation underestimation issue
in precipitation forecasting tasks. Specifically, the weighting
factors « is not a fixed hyperparameter, but is calculated dy-
namically during training. For each training batch, the model
first performs forward pass to generate the prediction x;.
Then it uses Eq. (7) to calculate the ratio weight between
the predicted image x; and ground truth y;. o then acts on
the MAE loss component in backpropagation. This mecha-
nism ensures that the model adapts to underestimating and
overestimating precipitation, forcing the model to pay more
attention to the absolute error between the prediction and the
true value.

4 Experiments Basis
4.1 Dataset

All experiments in this study utilize the multimodal radar
dataset SEVIR (Storm Event Imagery) (Veillette et al.,
2020), collected by the Massachusetts Institute of Technol-
ogy (MIT) and publicly available, which exhibits temporal
and spatial alignment. The SEVIR dataset contains approx-
imately 10000 weather events (including storms and ran-
dom weather patterns) across the continental United States
(CONUS) from 2017 to 2019. These events comprise high-
spatiotemporal-resolution radar image data captured by the
GOES-16 geostationary satellite and the NEXRAD weather
radar, respectively. Each event consists of a 4h radar im-
age sequence with a temporal resolution of 5 min and a spa-
tial resolution of 0.01° for precipitation data (equivalent to
a 1 km x 1 km horizontal resolution), providing detailed re-
gional meteorological information. By integrating heteroge-
neous sensing modalities into a unified framework, avoiding
the problem that traditional radar and meteorological satellite
datasets are too large to process and calculate data in batches.
The dataset includes four satellite sensor types and covers
five distinct data categories, as summarized in Table 2 and
Fig. 1.

In this study, we excluded lightning data and selected four
other data types for experimentation. Lightning data is stored
as site events (precise spatiotemporal coordinates), while the
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Table 2. The variable information of dataset.

Type Sensor Spatial Size
resolution

VIL NEXRAD radar 1 km 384 x 384

IR069  GOES-16 C09 6.9 ym 2km 192 x 192

IR107 GOES-16 C13 10.7um  2km 192 x 192

VIS GOES-16 C020.64pum  0.5km 768 x 768

LGHT GOES-16 GLM flashes 8km NA

NA — not available.

other modalities (IR, VIS, VIL) are all rasterized radar im-
ages. Lightning events that cannot be captured by meteo-
rological stations are set as no-lightning supervision infor-
mation. Converting sparse point events into raster format
requires additional interpolation and aggregation methods,
which inevitably introduce artificial patterns and noise, de-
viating from the true physical process. This spatiotemporal
mismatch can interfere with model learning and reduce the
reliability of predictions. Lightning is a byproduct of strong
convective activity, and strong convective activity does not
necessarily accompany lightning events (Zhao et al., 2025).
Moreover, the contribution of lightning data to precipitation
forecasting is very low (Yang and Li, 2024). For VIL pre-
cipitation data, abnormal echo values may occur in radar
image records due to factors such as mountainous terrain.
Therefore, We excluded weather events with less than 4 h of
weather duration and missing time points in weather events,
accounting for 3 % of total events. In addition to storing pre-
cipitation data, we employed a mask matrix to identify valid
and invalid data points, where 1 denotes normal values and O
denotes anomalous values in the matrix. Using the transfor-
mation formula proposed by Veillette et al. (2020), we con-
verted radar recorded values to physical VIL units (kg m~>2).
The formula reveals a positive correlation between VIL pixel
values and actual precipitation measurements, as expressed
below:

0, x <5,
VIL(x) = { &5&,  5<x <18, ©)
¢ WY, 18 < x <254,

To resolve spatial resolution inconsistencies among data
modalities in the SEVIR dataset, we uniformly resampled all
data types via bicubic interpolation, standardizing their di-
mensions to 256 x 256 (with a spatial resolution of 1.5 km)
to reduce model training complexity. Although bicubic inter-
polation may introduce slight artifacts or smooth fine-scale
features in the data, the original SEVIR dataset has already
been aligned in spatial location and time. Our interpolation
only changes the pixel resolution and does not affect the spa-
tial patterns between different variables. Moreover, bicubic
interpolation can balance computational efficiency, produc-
ing smoother results than nearest-neighbor or bilinear meth-
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Table 3. Comparison of results with and without interpolation for STI-DEDN on the SEVIR test set. NOP represents the number of parame-
ters of the model, and ET represents the training time of the model for each round of epoch.

Methods MSE| PSNRt+ FAR-M| CSI-M4t HSS-M1® NOP | ET|
STI-DEDN (Original resolution)  2.3847  46.5070 0.4781 0.4388 0.5579 34.2017M  1.897s
STI-DEDN (Interpolation) 23794  46.5231 0.4686 0.4410 0.5595 342016 M 1.697s

Table 4. Performance evaluation metrics used in this study.

Index  Equation Optimal value
1 PN 2
MSE 53 Yo (i — i) 0
2
PSNR  10log;q (M) +00
TP
CSI TP+FN-+FP 1
FP
FAR  1pipp 0
HSS TPxTN—FNxFP 1

(TP+FN) (EN+TIN)+(IP+EP) (FP+TN)

Note: N is the total number of outputs, x; ; represents the size of the true value of
image at weather radar image position (i, j), and ,\Af,-vj represents the size of the
predicted value at the same position; MAX represents the maximum value of all
pixel values; y; ; represents the size of the predicted value of weather radar echo
image position (i, j); true positive (TP) represents prediction = 1, true value= 1;
false negative (FN) represents prediction = 0, true value = 1; false positive (FP)
represents prediction = 1, true value = 0; true negative (TN) represents prediction =
0, true value = 0.

ods, which helps maintain the continuity of meteorological
fields. Additionally, we conducted extra experiments to re-
train and test the model without interpolation at the original
resolution. As shown in Table 3, there was almost no differ-
ence. Given the significant numerical discrepancies between
individual radar recordings, extrapolation models tend to suf-
fer from poor convergence. Therefore, we normalized the ini-
tial radar precipitation values to the range of [0, 1] (Tan et al.,
2024). Additionally, to assign precipitation values to areas
without radar echoes, we set such values to 0.

Finally, the dataset of 10 000 weather events was allocated
to training, validation, and test sets. Following random shuf-
fling, the first 8000 events were assigned to the training set,
events 8000-9000 comprised the validation set, and the re-
maining 1000 events formed the test set. In addition, due
to the 5 min resolution of the precipitation data, consecutive
5 min frames exhibit minimal variation. To make the precip-
itation map of each frame have greater differences, we per-
form skip sampling (every 10 min) for four sensor types, that
is, the period is 10 min, and then we use the 60 min meteoro-
logical data to predict the precipitation information over the
next 60 to 180 min horizon. In addition, we used the Meo-
teoNet dataset in the additional experiment, which contains
multiple types of meteorological elements such as radar pre-
cipitation observation data. The temporal resolution of the
precipitation data is 5 min, and the spatial resolution is 1 km.
We processed the dataset and verified that the classification
criteria were consistent with the SEVIR dataset.
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Table 5. Comparison of computational efficiency during the infer-
ence phase across different methods. FPS denotes frames per sec-
ond.

Methods Training Inference FPS
Epochs Time (s)
Rainymotion 0 148 12.16
ConvLSTM 200 0.52  34.61
PredRNN 200 2.37 7.59
PhyDNet 200 085 21.18
Rainformer 200 0.45 40.00
Earthformer 200 0.51 35.29
DGMR 200 048 37.50
TAU 200 0.65 27.69
SimVP 200 043 41.86
PastNet 200 022 81.82
STI-DEDN 200 0.54 33.33

4.2 Evaluation Metrics

In this study, we quantitatively evaluate our proposed STI-
DEDN training framework using evaluation metrics from
both the image domain of computer vision and the field of
meteorological science, as presented in Table 4. Specifically,
we employ the mean square error (MSE) (Hodson et al.,
2021) as a primary evaluation metric, which measures the
mean deviation between the predicted pixel values and the
true pixel values. This metric allows us to assess the over-
all pixel value discrepancy between the predicted image and
the actual image. Additionally, we utilize the peak signal-to-
noise ratio (PSNR) (Cheon et al., 2021) to analyze the ratio of
signal to noise between images, thereby evaluating the qual-
ity of the predicted image.

In the context of meteorological science, it is crucial to
forecast various levels of precipitation accurately. To facil-
itate this, we establish indicator discrimination thresholds
at [16, 74, 133, 160, 181, 219] based on the pixel values
of the vertically integrated liquid (VIL). The corresponding
true precipitation values are [0.15, 0.78, 3.53, 7.07, 12.14,
32.23]kg m~2, Furthermore, we select the Critical Success
Index (CSI) (Tan et al., 2024), False Alarm Rate (FAR) (Har-
nist et al., 2024), and Heidke Skill Score (HSS) (Ling et al.,
2025) as additional metrics to evaluate the false alarm rate
and accuracy of all methods employed for precipitation fore-
casting under varying threshold conditions.
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Table 6. Comparison of index results of each method under SEVIR test set, with the best results highlighted in bold.

Methods MSE | PSNR 4 FAR-M | CSI-M 1 HSS-M 1

Rainymotion ~ 4.065441.1439  44.5022+1.5833  0.55704+0.2556  0.3346£0.2315  0.4290 4 0.2307
ConvLSTM 27321 +£0.8672  46.0102+1.6259  0.5686+0.2838  0.37304+0.2413  0.4742+0.2352
PredRNN 241934+0.7457  46.470441.5367  0.5190£0.2966  0.4008 £0.2431  0.5038 +0.2388
PhyDNet 2.5362+£0.7526  46.14204+1.5120  0.5285+0.2626  0.38774+0.2364  0.4897 +0.2348
Rainformer  2.6323+0.7129  46.0267+1.3811  0.5569+0.2775  0.3768+0.2446  0.4785+0.2410
Earthformer ~ 2.5603 £0.6216  46.4447+1.1418  0.5604+0.2978  0.37424+0.2501  0.4755+0.2489
DGMR 2.5312+£0.6368  46.28334+0.8236  0.5481+£0.3004 03775402450  0.4766 +0.2438
TAU 2.59934+0.6657  46.023241.1414  0.5385+£0.2818  0.3698 £0.2352  0.4708 +0.2342
SimVP 26796+ 0.6609  46.222441.0962  0.5954+0.3085  0.3475+£0.2549  0.4403 +0.2571
PastNet 2.5256+£0.6956  46.42274+1.2967  0.5488+£0.3007  0.378840.2493  0.4768 +0.2488
STI-DEDN 23794 + 0.6775 46.5231 + 1.4467 0.4686 + 0.2403  0.4410 & 0.2236  0.5595 + 0.2034

4.3 Environment Setup

All code frameworks utilized in this study are based on
the PyTorch design. The training and testing of the over-
all model were conducted on an Ubuntu 20.04 system. The
CPU configuration employed is an Intel(R) Xeon(R) Gold
5218R CPU operating at 2.10 GHz, while the GPU hardware
configuration consists of an NVIDIA GeForce RTX 3090,
which features a video memory size of 24 GB. The parame-
ters for the other comparison models used in the experiment
are consistent with those specified in the official open-source
code. The optimizer we employ is Adaptive Moment Esti-
mation (AdamW) with decoupled weight decay. The learn-
ing rate is set to 0.0001, and the training step is configured to
200. The training batch size is set to 2. On a single NVIDIA
GeForce RTX 3090 (24 GB) GPU card, the average training
time per epoch is about 2.55h, and the total training time
for 100 epochs is about 255.55 h. For inference, the model
takes approximately 0.54 s to process a radar sequence (18
frames), corresponding to an inference speed of about 34
frames per second. After each training iteration, we evaluate
the model’s performance on the validation set. In our exper-
iments, all baseline models employed the same multi-modal
inputs, preprocessing pipelines, and dataset partitioning cri-
teria as STI-DEDN, ensuring a fair comparison without ar-
chitectural modifications. Additionally, Table 5 summarizes
the computational efficiency during the inference phase to
demonstrate practical operational viability.

5 Experimental Results and Analysis

5.1 Overall Forecast Performances on Testing Data

5.1.1 Quantitative Evaluation of Overall Predictive
Performance

To validate the quality and performance of our STI-DEDN
model for high-resolution short-term precipitation forecast-
ing, as well as to assess its applicability for short-term fore-

Geosci. Model Dev., 19, 7089-7110, 2026

casting across different levels of precipitation. We compared
our method with the optical flow method (Ayzel et al., 2019)
based on radar echo extrapolation and several state-of-the-
art methods in spatiotemporal forecasting, including ConvL-
STM, PredRNN, PhyDNet (Guen and Thome, 2020), DGMR
(Ravuri et al., 2021), Rainformer, Earthformer, SimVP, TAU
(Tan et al., 2023), and PastNet. Since our model is RNN-
based, comparisons with other RNN- and CNN-based ap-
proaches allow for a clear and direct evaluation of its fore-
casting capabilities, showing that STI-DEDN consistently
outperforms these methods across key performance metrics.
Furthermore, by comparing STI-DEDN with Transformer-
based architectures, we can assess our model’s ability to cap-
ture global contextual information relative to advanced atten-
tion mechanisms.

To ensure experimental accuracy in this study, we consis-
tently selected models exhibiting minimal loss function val-
ues post-training across all methods, while performing eval-
uations and testing on an identical test set. Table‘6 shows the
one-hour forecast results of our method in comparison with
the other methods on the SEVIR dataset. From the quantita-
tive evaluation metrics presented in the above table, it is evi-
dent that the model proposed in this study demonstrates supe-
rior performance in short-term forecasting compared to other
methods, with higher accuracy in the predicted precipitation
images. In the foundational one-hour precipitation forecast,
ConvLSTM and SimVP exhibit relatively MSE scores and
relatively low PSNR scores. This indicates that the capa-
bilities of CNN and RNN-based models in extracting pre-
cipitation information are comparatively weak. Furthermore,
the Rainformer and Earthformer models both demonstrate
higher MSE and lower PSNR values compared to the STI-
DEDN model. This suggests that our proposed method out-
performs Transformer-based methods in this context.

We calculated the average FAR, CSI, and HSS scores
across all methods at the 60 min lead time. The approach
demonstrated the lowest FAR-M value, reflecting its min-
imal false alarm rate. It achieved the highest CSI-M and
HSS-M scores, demonstrating its superior forecasting perfor-
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Figure 4. (a, b) scatter plots showing performance improvements at different measurement thresholds, using Rainformer as the baseline.
Panels (c¢)—(h) show the time effect of each evaluation indicators of the model under the condition of high threshold precipitation.

Table 7. Comparison of index results of each method under MeoteoNet test set, with the best results highlighted in bold.

MSE| PSNR4 FAR-M| CSI-M4t HSS-M 4

13.9703
10.9466

Rainymotion
STI-DEDN

27.4228
29.1939

0.4880
0.4563

0.3798
0.4339

0.5175
0.5708

mance and higher prediction accuracy. Specifically, for short-
term forecasting, the STI-DEDN model surpassed PredRNN,
which is the top-performing alternative, with improvements
of 10.03% in CSI-M, 11.07 % in HSS-M, and 9.71 % in
FAR-M. Finally, Table 7 is an additional experiment on the
MeteoNet dataset — a high-resolution meteorological dataset
from France containing multi-source meteorological data in-
cluding real radar precipitation observations with 5 min tem-
poral resolution. This supplementary experiment was not part
of our primary evaluation but served to validate STI-DEDN’s
effectiveness for real precipitation forecasting. The experi-
ment uses one hour of radar precipitation observations as in-
put to predict precipitation for the following hour. The exper-
iment is compared with the traditional optical flow method
Rainymotion, and the results show that STI-DEDN is still
valid for real precipitation forecasting, which is an effective
step for us to use real-world precipitation as a forecasting
condition in future studies.

https://doi.org/10.5194/gmd-19-7089-2026

5.1.2 Qualitative Evaluation Under Different
Precipitation Thresholds

Generally, meteorology emphasizes model performance
across varying precipitation thresholds and it is essential to
assess effectiveness under different precipitation intensities
for all methods. We achieved it with the scores of CSI and
HSS, which are illustrated in Fig. 4a, b. Rainformer is used
as the baseline and calculated the percentage improvements
in the CSI and HSS scores of all other methods. The result
demonstrates that our STI-DEDN method achieves consis-
tent performance improvements over the Rainformer base-
line across all thresholds, with enhancement values attain-
ing their maximum levels at each measurement point. No-
tably, as the precipitation thresholds increase, the challenge
of precipitation forecasting intensifies; however, the percent-
age improvements of our method exhibit a positive corre-
lation with the precipitation thresholds. It suggests that the
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Figure 5. Visual precipitation maps and error heatmaps for all methods in common precipitation events.

STI-DEDN model demonstrates particular efficacy in fore-
casting medium-to-high-intensity precipitation.

Based on the experimental analysis above, we conclude
that our method achieves superior predictive performance for
moderate to heavy precipitation of short-term forecasts. To

Geosci. Model Dev., 19, 7089-7110, 2026

further validate the STI-DEDN model’s predictive accuracy
specifically for moderate-to-heavy precipitation events, we
plotted temporal performance analysis graphs at precipita-
tion thresholds of 181 and 219, as illustrated in Fig. 4c-h.
The figure demonstrates that extended forecast horizons cor-
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Figure 6. The radial mean power spectral densities (RAPSDs) for all methods in Case 1 were compared with the observed RAPSDs at 10,
30, 40, and 60 min lead times. The observed RAPSDs are shown as solid black lines.

relate with amplified model uncertainty, resulting in progres-
sive deterioration of predictive accuracy across all method-
ologies over time. As shown in the results, our STI-DEDN
outperformed the other methods in all thresholds, demon-
strating a less pronounced decline in predictive metrics. No-
tably, as the forecast horizon extends, the difference of per-
formance between the STI-DEDN model and others becomes
pronounced increasingly. And it means that this proposed ap-
proach is highly competitive in short-term prediction. When
compared to the PredRNN model, which exhibits strong
overall predictive capabilities among other models, our STI-
DEDN model achieved a 27.77 % improvement in the CSI
score at the threshold of 181 and an impressive 82.64 % im-
provement at the threshold of 219. Similarly, the HSS score
improved by 25.75 % at the threshold of 181 and by 84.06 %
at the threshold of 219.

5.2 Case Studies

To evaluate the warning capability of the STI-DEDN model
in real-world precipitation scenarios, we randomly selected
a range of test cases, encompassing routine rainfall occur-
rences and infrequent extreme precipitation phenomena. Er-
ror heatmaps were integrated into the visual analysis to quan-
titatively evaluate the model’s prediction bias tendency. This
heatmap compares the sixth predicted frame with the cor-
responding ground truth frame. In the heatmap, red regions
indicate underestimation phenomena, while blue regions in-
dicate overestimation phenomena.

5.2.1 Case 1: Evaluation of Common Precipitation
Events

The first case is a large-scale conventional rainfall event
across the continental United States. We believe it serves as a
baseline for evaluating our model’s forecasting performance
under typical precipitation conditions. This is essential for
establishing the reliability of our method in everyday scenar-
ios. Figure 5 shows its visual prediction results. The green
area of the ground truth shows very clearly the spatial distri-
bution of precipitation intensity, and the precipitation range
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narrows over time progressively. Compared to other meth-
ods, STI-DEDN demonstrates higher accuracy in capturing
both the spatial structure and temporal dynamics of precipita-
tion distribution. Especially in the morphology and boundary
part of the precipitation area (the area marked by the red cir-
cle in the figure), STI-DEDN shows better modeling ability
of regional dynamic evolution than other methods. The er-
ror analysis shown on the figure’s right side reveals that the
STI-DEDN’s red and blue regions display the lightest col-
oration, indicating lower error magnitudes. Furthermore, the
error sources across all methods are concentrated along pre-
cipitation boundaries predominantly, where precipitation ex-
hibits significant spatial-temporal variability that challenges
modeling efforts. Despite this, the overall error produced by
the STI-DEDN remains relatively small and is distributed
more uniformly, indicating that our method possesses sta-
bility in spatiotemporal predictions. This stability effectively
addresses the issues of overestimation and underestimation
of precipitation, thereby enhancing the reliability of the fore-
casts.

The Radial Average Power Spectral Density (RAPSD)
(Ayzel et al., 2020) is utilized to assess the smoothness
and ambiguity of precipitation fields across different spa-
tial scales, where lower spectral power values correspond
to more smoothness and ambiguity in precipitation patterns.
Figure 6 presents the RAPSD curves for all methods at fore-
cast lead times of 10, 30, 40, and 60 min. The STI-DEDN
outperforms these state-of-the-art methods in predictive per-
formance across various spatial scales. As illustrated in the
figure, within the range of all lead times, the STI-DEDN’s
predictions in the large wavelength range (> 64 km) nearly
overlap with the true values. In the medium to small scale
range (< 32km), all methods exhibit a significant loss in
power spectral density; however, the blurring effect produced
by the STI-DEDN is lower than that of the existing deep
learning methods. It is worth noting that deep learning mod-
els inherently possess stochasticity, and some degree of fluc-
tuation is normal when forecasting highly non-linear precip-
itation, but PastNet’s architectural traits make these artifacts
more pronounced at small scales. Overall, the results indi-
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cate that the STI-DEDN is capable of providing robust tech-
nical support for multi-scale forecasting tasks in the context
of conventional precipitation events. This demonstrates the
model’s effectiveness in maintaining accuracy and reliabil-
ity across varying spatial resolutions, thereby enhancing the
overall quality of precipitation forecasts.

5.2.2 Case 2: Evaluation of Extreme Precipitation
Events

The second case involves a localized heavy precipitation
event, which highlights our model’s capability in predict-
ing severe weather events. From Fig. 7, all methods expe-
rience a progressive loss of predictive detail in precipitation
forecasting as forecast time extends. Notably, the PhydNet
method exhibits the most severe information loss concern-
ing precipitation events. All methods exhibit a higher inci-
dence of underestimation or overestimation when compared
to actual precipitation imagery, although they achieve foun-
dational predictive capabilities. They exhibit larger errors
in precipitation spatial distribution and general morphology
within darker regions described as yellow and above particu-
larly, where predictions appear blurred and displaced. In con-
trast, although the STI-DEDN model inevitably still encoun-
ters some issues of underestimation and overestimation, its
predictive results are significantly closer to the actual val-
ues. Moreover, the STI-DEDN model demonstrates reduced
overestimation and underestimation, evidencing its capac-
ity to capture intricate spatiotemporal information within the
data effectively. The demonstrated efficacy in spatiotempo-
ral data transformation indicates the superior spatiotemporal
modeling of STI-DEDN, compared to alternative approaches
in processing medium- to high-intensity precipitation events.

Figure 8 presents the PSD scores of all methods at dif-
ferent spatial scales. As the forecast lead time extends, the
STI-DEDN model maintains optimal accuracy in predicting
weather events across varying precipitation thresholds. Fur-
thermore, in this case study, the power spectral curve of the
STI-DEDN model closely aligns with the true values within
the wavelength range of 64 to 256 km, whereas other mod-
els begin to deviate from the true values at a wavelength
of 128 km. This observation indicates that the STI-DEDN
model provides information that is nearly consistent with the
ground truth over large spatial scales. In contrast, at smaller
spatial scales, all methods yield lower PSD scores, which ap-
pear to be independent of the forecast lead time. This sug-
gests that deep learning methods tend to introduce smoother
and more ambiguous precipitation fields at smaller scales;
however, the blurring effect of the STI-DEDN model is com-
paratively lower than that of the other methods. Overall, STI-
DEDN is more suitable for forecasting precipitation under
large-scale spatial conditions.

Geosci. Model Dev., 19, 7089-7110, 2026
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Figure 7. Visual precipitation maps and error heatmaps for all methods in Case 2.

5.3 Results of Long-Term Forecasting

Furthermore, to emphasize the long-term forecasting capa-
bilities of all methods, we performed an extended forecast
lasting three hours, utilizing one hour of input data to pre-
dict precipitation information for the subsequent three hours.

https://doi.org/10.5194/gmd-19-7089-2026

Table 8 and Fig. 9 presents the forecasting results of our
proposed method alongside other methods on the SEVIR
dataset for the three-hour prediction interval. In the above
experimental analysis, STI-DEDN achieved the best perfor-
mance in the 1h precipitation forecast. However, in the ad-
ditional long-term forecasting experiments, our STI-DEDN

Geosci. Model Dev., 19, 7089-7110, 2026
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Figure 8. At the lead times of 10, 30, 40, and 60 min, the RAPSD curves at different precipitation thresholds for all methods in Case 2 were

obtained.

method did not achieve optimal results, and all RNN-based
methods exhibited poor predictive performance. In contrast,
the Transformer-based model achieved the highest MSE and
PSNR values, which corresponded to the clearest image res-
olution obtained by Earthformer in Fig. 9. However, the task
we conducted was weather precipitation forecasting, which
does not fully align with the objectives of image process-
ing. We place greater emphasis on meteorological indicators.
Specifically,

the HSS score for the 2h forecast improved by 20.38 %
compared to the second-ranked model, Earthformer, while
the HSS score for the 3 h forecast showed a 5.72 % enhance-
ment over the second-ranked model, PastNet. These results
further validate the forecast potential of the STI-DEDN in
precipitation forecasting tasks.

In summary, the Transformer-based model is capable of
reconstructing smoother radar echo images in forecasting,
which enables it to achieve excellent performance in terms
of MSE and PSNR. However, it exhibits poor performance
in terms of indices such as the CSI and HSS, which charac-
terize the distribution and structural details of precipitation
regions. By contrast, the STI-DEDN model can predict rela-
tively large local precipitation amounts. The inherent limita-
tions of RNN-based methods restrict STI-DEDN’s ability to
capture long-term dependencies, while the attention mecha-
nism can effectively model long-range spatiotemporal depen-
dencies by directly establishing correlations among global
pixels, thus demonstrating significant advantages in long-
lead-time, pixel-level forecasting tasks. These points pave the
way for our future research areas.

5.4 Ablation Study
5.4.1 The Impact of Additional Meteorological Factors

The SEVIR dataset contains additional meteorological vari-
ables. In the aforementioned experiments, we utilized four
different meteorological variables as inputs to the model,
such as satellite mid-level water vapor, satellite infrared long-
wave window, satellite visible light, and radar vertical lig-
uid water content. To assess the impact of incorporating ad-

Geosci. Model Dev., 19, 7089-7110, 2026

ditional dimensions of meteorological variables on the STI
training framework, we systematically eliminated each type
and quantity of the input meteorological variables. The ex-
perimental results are presented in Fig. 10. According to the
delay theorem, increasing the spatial dimensionality of in-
put data enables models to learn more spatial interaction fea-
tures, thereby enhancing their capacity to establish nonlin-
ear mapping relationships for future precipitation temporal
information. The figure demonstrates that as meteorological
variables diminish progressively, the STI-DEDN model ex-
hibits a declining trend across all performance metrics with
this degradation being most pronounced in the FAR indi-
cator. This pattern suggests that employing more meteoro-
logical variables enhances the model’s ability to remap spa-
tial information onto future temporal patterns of precipita-
tion variables effectively. Furthermore, the inclusion of ad-
ditional variables enables better capture of intricate interac-
tions and dependencies within atmospheric precipitation pro-
cesses, thereby improving prediction accuracy.

5.4.2 The Results of Removing The STI Framework

To assess the optimization role of the STI framework in pre-
cipitation forecasting enhancement, we performed ablation
studies through both framework exclusion (remove dual ar-
chitecture and use only one-way training process) and its
integration with other high-performing prediction models.
While contemporary deep learning approaches have achieved
commendable forecasting outcomes, climate change makes
historical meteorological input data not reflect current at-
mospheric conditions accurately. Consequently, existing pre-
cipitation forecasting methods dependent on short-term tem-
poral data frequently demonstrate inadequate performance
in predicting extreme precipitation events. Integrating STI
equations into precipitation forecasting methodologies en-
ables the transformation of multidimensional spatial data into
future temporal projections, thereby mitigating limitations
that stem from short-term datasets. Ultimately, this approach
enhances the performance of short-term precipitation fore-
casts. The experimental results are summarized in Table 9.

https://doi.org/10.5194/gmd-19-7089-2026
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Figure 9. Visualization of precipitation maps and error heatmaps for all methods in the long-term experiment of Case 3.

The experimental results demonstrate that it yields signif-
icant improvements across all quantitative metrics for each
evaluated method incorporated STI. Notably, the ConvL-
STM method exhibited enhancements of 13.05 % in MSE
and 9.20 % in CSIL

All results highlight the efficacy and adaptability of the
STI framework for spatiotemporal dynamic modeling. Mod-

https://doi.org/10.5194/gmd-19-7089-2026

els incorporated in the STI have higher performance on pre-
diction accuracy and robustness, thereby yielding more pre-
cise precipitation forecasting outcomes.

Figure 11a, b show HSS and CSI improvements at all
thresholds to assess how the STT architecture enhances pre-
cipitation events across intensity levels. The results indicate
that the integration of the STI training framework yields

Geosci. Model Dev., 19, 7089-7110, 2026
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CSI and HSS are all gradually decreasing with time increasing.

Table 9. Comparative experimental results after different methods ablated the STI frame, the best results are shown in bold.

Methods MSE| PSNR+ FARM| CSI-M4 HSS-M ¢
PredRNN 24193 46.4704 0.5190  0.4008 0.5038
PredRNN-STI ~ 2.3172  46.6105 05172 0.4111 0.5191
SimVP 2.6796  46.2224 0.5954  0.3475 0.4403
SimVP-STI 2.5819  46.4946 0.5660  0.3681 0.4680
PastNet 2.5256  46.4227 0.5488  0.3788 0.4768
PastNet-STI 2.4717 46.4663 0.5311 0.3869 0.4861
DEDN 2.3945  46.4667 04704  0.4282 0.5429
STI-DEDN 23794  46.5231 0.4686  0.4410 0.5595

positive enhancements in both CSI and HSS for all meth-
ods evaluated. Notably, The improvements are most signif-
icant for moderate-to-high-intensity precipitation events. It
demonstrates the efficacy of the STI dual training structure
in mitigating short-term data limitations while improving the
models’ overall predictive performance.

5.4.3 The Results of Removing The ADGLoss Loss
Function

Conventional regression-based loss functions fail to ade-
quately capture abrupt extreme rainfall events frequently
which is caused by climate change, resulting in systematic
underestimation of moderate-to-severe precipitation events.
To address this issue, we propose the ADGLoss, which ef-
fectively optimizes the model’s sensitivity to the occurrence
of extreme precipitation events, thereby enhancing predictive
accuracy. We employed L1 Loss, L2 Loss, and a version of
ADGLoss without weighting as loss functions to train the

Geosci. Model Dev., 19, 7089-7110, 2026

model and assess its performance. The experimental results
are presented in Table 10 and Fig. 11c, d.

The ablation results of the loss function quantitatively
demonstrate that the proposed loss function achieves the op-
timal performance. In particular, it improves the False Alarm
Rate (FAR) by 6.41 % compared to the suboptimal loss func-
tion. Furthermore, the performance curves for different time
horizons reveal that ADGLoss maintains a leading position
under high-threshold precipitation conditions. Notably, as the
forecast time increases, the decline in ADGLoss performance
is minimal, indicating that our loss function effectively mit-
igates the exacerbation of errors associated with increasing
forecast time, thereby enhancing the accuracy of moderate to
severe precipitation predictions. Furthermore, to verify the
impact of the loss function on the underestimation of precip-
itation, we randomly selected a set of events from the test
set and plotted qualitative visualization analysis diagrams, as
shown in Fig. 12. It can be seen from the figure that after ap-
plying GDLoss, the clarity of the boundary parts of the pre-

https://doi.org/10.5194/gmd-19-7089-2026
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Figure 11. Panels (a) and (b) show the performance improvement of other methods after fusing the STI dual training framework at different
thresholds compared with the original method. O value is equivalent to the original method without STI. Panels (c¢)—(d) show ablation
experiments of different loss functions at thresholds 181 and 219.

Table 10. Results of ablation experiments for loss of function, the best results are shown in bold.

Methods MSE| PSNRt FAR-M| CSI-M4t HSS-M+®
L1Loss 24054  46.4285 0.5008 0.4280 0.5434
L2Loss 24178  46.2472 0.5007 0.4161 0.5292
L1Loss+GDLoss  2.4041  46.4355 0.4923 0.4294 0.5465
ADGLoss 2.3794  46.5231 0.4686 0.4410 0.5595

cipitation field at all lead times is significantly improved, and
the image blurring effect is effectively suppressed. This is
because GDLoss imposes explicit constraints on the gradient
information of precipitation structures, which can better pre-
serve the detailed texture features of precipitation areas. Fur-
ther observation reveals that with the introduction of adaptive
weight parameters, the intensity of heavy precipitation areas
is closer to the real field, which successfully alleviates the
problem of heavy precipitation underestimation.

https://doi.org/10.5194/gmd-19-7089-2026

6 Conclusions

Current precipitation forecasting faces two key challenges:
the limited accuracy of medium-to-heavy precipitation pre-
dictions based on short-term data, and a general tendency
to underestimate precipitation intensity. To address these is-
sues, we propose the STI-DEDN training framework, which
combines the transformational principles of STI equations
with the spatiotemporal modeling strengths of ConvLSTM
to enable multi-step precipitation prediction from multidi-

Geosci. Model Dev., 19, 7089-7110, 2026
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Figure 12. Visualization of precipitation maps and error heatmaps for all methods in the loss ablation experiments.

mensional meteorological inputs. The core innovation lies in
leveraging dual learning to approximate the nonlinear STI
mappings, enhancing the expressiveness and efficiency com-
pared to traditional linear solutions. Additionally, we intro-
duce ADGLoss, which adaptively reweights loss based on
prediction difficulty, improving model focus on extreme pre-
cipitation regions and mitigating the issues of error ampli-
fication and precipitation underestimation caused by the ex-
tension of prediction time. Extensive experiments on mul-
timodal datasets demonstrate that STI-DEDN outperforms
existing deep learning methods in one-hour precipitation
forecasting. Furthermore, integrating STI into other models
yields up to an 8.60 % improvement in HSS, confirming the
effectiveness of the STI formulation. It is worth considering
that our work uses a SEVIR dataset that cannot be correlated
at the temporal, seasonal, regional, or storm system levels.
The randomized division of this dataset may overestimate
the generalization ability of the model, which provides a di-
rection for our future research. Future work will explore in-
corporating richer meteorological variables and addressing
data imbalance issues and long-term forecasting error accu-
mulation through improved augmentation strategies and ef-
fective attention mechanisms. In addition, future work will
also break through the limitations of the SEVIR dataset to
carry out more real-world precipitation forecasts, and con-
duct experimental analysis under relevant constraints such as
different time, season, and region to improve the generaliza-
tion ability of the model.

Geosci. Model Dev., 19, 7089-7110, 2026
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