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Abstract

Forecasting geostationary infrared brightness temperature se-
quences from historical observations is a significant and chal-
lenging task. By analyzing these predictions, cloud evolution,
convective activity, and atmospheric radiative states can be
revealed in advance, offering high potential value in domains
such as weather nowcasting, energy management, and dis-
aster monitoring. Recently, artificial intelligence techniques
have provided valuable insights into this task. However, as
a nascent research area, the lack of a standardized, high-
quality benchmark has significantly impeded progress. More-
over, training existing deep learning models for this task
remains computationally expensive due to the complexity
of their network architectures and modeling mechanisms.
To address these challenges, we introduce a new bench-
mark, FY4ABT, and propose a lightweight prediction model,
WavePredNet. Specifically, FY4ABT comprises three sub-
datasets designed to respectively evaluate prediction perfor-
mance under short-term, medium-term, and long-term sce-
narios. Meanwhile, WavePredNet effectively captures multi-
scale dynamics, including both low- and high-frequency com-
ponents with low computational costs while delivering excep-
tional performance.

Code — https://github.com/Applied-IAS/WavePredNet
Datasets — https://zenodo.org/records/17577328

Introduction

Geostationary satellite infrared brightness temperature val-
ues reflect the radiative temperature of cloud tops and
Earth’s surface. Compared with traditional radar and au-
tomatic station observations (Turner, Zawadzki, and Ger-
mann 2004; Ravuri et al. 2021; Zhang et al. 2023), the
satellite brightness temperature data offer broad and con-
tinuous coverage, making them vital for monitoring atmo-
spheric convection, cloud evolution, and surface thermal
conditions in data-sparse regions such as developing coun-
tries. Accurate forecasting of brightness temperature se-
quence provides valuable information for weather (Lebedev
et al. 2019; Leinonen et al. 2023), energy (Hatanaka et al.
2023; Xia et al. 2024), and agriculture (Tarasiou, Chavez,
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Figure 1: The FLOPs and MSE scores of our WavePredNet
and state-of-the-art Al prediction models for 4-hour bright-
ness temperature sequence forecasting results. Notably, the
point size denotes the model’s parameter scale.

and Zafeiriou 2023; Benson et al. 2024; Garnot and Lan-
drieu 2021) applications. As a result, this task has attracted
increasing attention in recent years (Shukla, Kishtawal, and
Pal 2013; Lee et al. 2019; Xu et al. 2019).

Existing brightness temperature sequence forecasting ap-
proaches can be broadly classified into two main tax-
onomies, namely, advection-based methods (Bowler, Pierce,
and Seed 2006; Zach, Pock, and Bischof 2007; Pulkkinen
et al. 2019) and deep generative methods (Shi et al. 2015;
Wang et al. 2017; Guen and Thome 2020). Advection-based
methods such as STEPS (Bowler, Pierce, and Seed 2006)
and pySTEPs (Pulkkinen et al. 2019) employ physical ad-
vection equations to model the motion field of two consec-
utive historical frames, and then warp the estimated mo-
tion field with the latest input frame to produce the next
predicted frame. These approaches are relatively simple to
implement and require minimal computational resources,
making them widely deployed in practical scenarios. How-
ever, the methods tend to produce inaccurate prediction re-
sults due to idealized model assumptions that are easily dis-
rupted under complex atmospheric conditions. In contrast
to advection-based methods, deep generative methods can
effectively leverage large amounts of training data with ad-
vanced neural networks (Shi et al. 2015; Wang et al. 2019;
Gao et al. 2022; Tan et al. 2023a) guided by determinis-
tic loss functions such as mean squared error (MSE) and
mean absolute error (MAE). This data-driven learning man-
ner enables statistically optimal results, and better models



spatial features and temporal variations of brightness tem-
perature sequences, resulting in more accurate prediction re-
sults, especially in long-term conditions. Hence, deep gen-
erative methods have become the mainstream approach for
brightness temperature sequence forecasting.

Though previous works have made notable progress
in brightness temperature sequence forecasting, challenges
persist in this task, which can be summarized into two main
aspects. On the one hand, a high-quality and standardized
dataset is urgently needed to comprehensively evaluate ex-
isting prediction models. The lack of such a benchmark
significantly hampers progress in the field. On the other
hand, training existing deep generative prediction models
for brightness temperature sequence forecasting is compu-
tationally expensive, due to the complicated network archi-
tecture and the high-dimensional nature of sequence data.
The high computational costs are not economic and severely
limit the feasibility of lightweight deployments, such as
space-borne operations. Furthermore, brightness tempera-
ture sequences contain rich appearance features and com-
plex motion patterns, placing high demands on the spa-
tiotemporal modeling capabilities of deep learning predic-
tion models. As illustrated in Figure 1, our lightweight
model, WavePredNet, achieves the best performance with
significantly lower FLOPs and fewer parameters. While one
exhibits even lower computational cost, its forecasting accu-
racy is significantly inferior to our method.

In this work, we aim to address the two aforementioned
problems by presenting a standard dataset and an efficient
prediction model. As for the new benchmark, we first col-
lect and process the data of 2019 & 2020 from the Ad-
vanced Geostationary Radiation Imager (AGRI) in the Chi-
nese FengYun-4A geostationary satellite, and then extract
the long-wave infrared channel (10.7 ym waveband) to con-
struct the FY4ABT series datasets. In particular, it contains
three sub-datasets for 1-hour (short-term), 2-hour (medium-
term), and 4-hour (long-term) brightness temperature pre-
diction. Notably, each frame of the sequence is 128 x 128-
size, each pixel denotes an area of 16 x 16 square kilometers,
and the interval between two consecutive frames is 1 hour.
With the evaluation benchmark, we can comprehensively
validate the prediction performance of models under short-
term, medium-term, and long-term prediction requests. In
terms of the methodology, we carefully design and present
a lightweight predictive framework WavePredNet, which
can efficiently model the complex temporal variations of
brightness temperature sequences by innovatively introduc-
ing Wavelet Transform techniques. Specifically, WavePred-
Net consists of a spatial encoder, a Temporally-Cascaded
Wavelet Transform Block (TCWTB), and a spatial decoder.
The spatial encoder and decoder account for modeling the
appearance features of each frame, while the TCWTB aims
to accurately capture the temporal patterns of sequences.
With the specially designed temporally-cascaded architec-
ture, the TCWTB can finely capture temporal evolution
patterns in a progressive manner. In addition, as a key
designed structure of the TCWTB, the MultiScale Dual-
Branch WaveConv (MSDBWC) structure can model low-
and high-frequency elements at various scale levels with low
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computation cost, which efficiently preserves multi-grained
dynamics. Comprehensive experiments conducted on the
FY4ABT benchmark show that, compared with state-of-the-
art models, our model WavePredNet consistently delivers
the best performance across the short-term, medium-term,
and long-term prediction, with low computation costs. In ad-
dition, corresponding ablation studies show the effectiveness
of key components and structures in WavePredNet.

Overall, the contributions of this paper can be summa-
rized as follows:

* To the best of our knowledge, we present the first stan-
dardized evaluation benchmark, FY4ABT, for brightness
temperature sequence forecasting.

The proposed temporally-cascaded wavelet transform
block and multiscale dual-branch waveconv structure ef-
fectively model complicated temporal patterns of bright-
ness temperature sequences, with low computation costs.

Extensive experiments across short-term, medium-term,
and long-term conditions demonstrate the superiority of
WavePredNet over state-of-the-art prediction models in
both performance and efficiency.

Related Work
Brightness Temperature Sequence Forecasting

Dataset Challenge. Recent studies (Xu et al. 2019; Dai
etal. 2022, 2023) have explored short-term forecasting using
satellite cloud imagery, particularly for convective weather
scenarios. The approaches deliver impressive prediction re-
sults in cloud appearance and motion, yet they focus on
perceptual quality rather than overall physical accuracy. In
contrast, forecasting brightness temperature sequences, es-
pecially in the long-wave infrared band, offers broader ap-
plications such as radiative transfer modeling, surface tem-
perature analysis, and disaster detection. Unlike cloud pre-
diction, brightness temperature forecasting emphasizes the
accurate prediction of continuous and physically meaning-
ful spatial fields. However, the existing related works (Hart-
man et al. 2021; Jiang et al. 2022) rely on proprietary or
closed datasets, which impede progress in the field. To ad-
dress this gap, we present FY4ABT, a benchmark dataset
constructed from the FengYun-4A geostationary satellite,
which can comprehensively validate and analyze the fore-
casting models.

SpatioTemporal Forecasting Models. In the past few
years, Al-based spatiotemporal techniques have provided
valuable insights for brightness temperature sequence fore-
casting. According to the forecasting architecture, the mod-
els are categorized into two groups, namely, recurrent-based
models (Shi et al. 2015; Wang et al. 2017, 2022) and
recurrent-free models (Gao et al. 2022; Tan et al. 2023a).
First, among the recurrent-based models, PredRNN (Wang
etal. 2017) designs a unified memory pool to simultaneously
memorize the spatial features and temporal variations. Based
on PredRNN, its enhanced version PreRNN++ (Wang et al.
2018a) proposes a causal LSTM module and gradient high-
way unit to strengthen the short-term dynamics modeling
and alleviate the vanishing gradient issue, respectively. SA-
ConvLSTM (Lin et al. 2020) introduces the self-attention



mechanism to learn global spatiotemporal dynamics. PhyD-
Net (Guen and Thome 2020) proposes to disentangle spa-
tiotemporal dynamics into known physical dynamics and
unknown factors, and designs a special recurrent cell to learn
physical dynamics. Based on PredRNN and PredRNN++,
PredRNN-V2 (Wang et al. 2022) further presents a memory
decoupling scheme and a reverse scheduled sampling strat-
egy to effectively model spatiotemporal patterns. Second,
for the recurrent-free methods, SimVP (Gao et al. 2022) de-
signs an inception-unet module to model multi-scale tempo-
ral patterns. Inspired by this, TAU (Tan et al. 2023a) presents
a temporal attention module, decomposed into intra-frame
statical attention and the inter-frame dynamical attention, to
effectively model long-term temporal evolution.

Overall, recurrent-based models can accurately capture
temporal patterns but come with high computational costs,
while recurrent-free models are more efficient but provide
relatively coarse temporal modeling. Therefore, balancing
computational cost and predictive accuracy for brightness
temperature sequence forecasting remains a significant chal-
lenge. In this work, we aim to develop an efficient and pow-
erful prediction model to address this issue.

Wavelet Transform

Wavelet Transform (WT) (Daubechies 1992) has wide ap-
plications in the computer vision domain, such as image un-
derstanding, segmentation, super-resolution, and compres-
sion (Zhao et al. 2024). Compared with CNN, WT can ef-
fectively deal with time-frequency analysis and has advan-
tages in capturing non-stationary signals (Wang et al. 2021).
As a common paradigm, WT operation is usually incorpo-
rated with CNN to enlarge the receptive field and preserve
appearance details (Finder et al. 2024). Specifically, (Liu
et al. 2018) presents a multi-level wavelet-CNN (MWCNN)
architecture for image restoration, which can effectively en-
large the receptive field with low computation cost. (Alaba
and Ball 2022) designs a wavelet-based 3D object detec-
tion mode (WCNN3D), which shows the advantages of WT
in lightweight and small object detection tasks. (Yao et al.
2022) integrates WT and self-attention within a ViT archi-
tecture, effectively mitigating information loss caused by
downsampling operations prior to the self-attention layers.
Similarly, (Xu et al. 2023) presents a Harr wavelet-based
downsampling (HWD) module to replace the conventional
downsampling operations, which significantly promotes the
prediction accuracy in image segmentation.

Though the previous works demonstrate the effectiveness
of wavelet transform in modeling images, the potential of
WT in modeling spatiotemporal sequences, especially in
brightness temperature sequence forecasting, has yet to be
explored. In this work, we introduce the wavelet transform to
model the complex temporal patterns of brightness temper-
ature sequences, which can gain performance improvement
with fewer computational costs.

Problem Definition

Formally, brightness temperature sequence forecasting can
be regarded as a special case of spatiotemporal sequence
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predictive learning. Given the past ¢-length brightness tem-
perature sequence X 1t = {x1, 29, , 3} € RI¥exmxn
we aim to accurately predict the next k-frame sequence
yt+lk {jt-‘rh Tiga, - 7i't+k} c kamxn’ which
should be as similar to the ground-truth sequence Y'+1:F =
{Ti11, %10, -, Teip} € RFXMXT a5 possible. ¢, m, and
n denote the channel, width, and length of the brightness
temperature frame at each time step, respectively.

The aforementioned mapping procedure X ¢ — Yt+1F
can be learned with a deep learning prediction model P with
parameters 6 by modeling spatial features and temporal vari-
ations of brightness temperature sequences. The optimal pa-
rameters 6* is obtained through the mini-batch gradient de-
scent algorithm, which is defined as follows:

0* = argmeinﬁ(Pg(Xl’t),YtH’k), (1)
L(+) is the loss function that guides the training process of
the prediction model P.

Methodology
Overall Layout

Figure 2 (a) illustrates the overall framework of WavePred-
Net, which comprises a spatial encoder, a Temporally-
Cascaded Wavelet Transform Block (TCWTB), and a spa-
tial decoder. First, the spatial encoder extracts spatial fea-
tures from each frame in the input sequence. Next, the
encoded features are concatenated along the channel di-
mension before being passed into the temporally-cascaded
wavelet transform block, which can effectively model the
complex temporal variations of brightness temperature se-
quences, with its temporally-cascaded architecture and a
specially designed module, MultiScale Dual-Branch Wave-
Conv (MSDBWC). Finally, the hidden states generated by
the TCWTB are reshaped along the batch dimension, and
the spatial decoder is responsible for decoding these features
into the predicted frames.

The spatial encoder contains four convolution layers to
model spatial features. Notably, the second and fourth con-
volution layers with strides of 2 are employed to aggregate
the spatial features and simultaneously reduce the compu-
tation cost. Correspondingly, the spatial decoder comprises
four deconvolution layers to decode the spatial features into
predicted frames, with the second and fourth layers con-
figured with a stride of 2. In addition, spatial features pro-
duced by the first convolution layer in the spatial encoder are
passed to the final convolution layer in the spatial decoder
via a skip connection, to better preserve the appearance de-
tails. Next, we introduce the temporally-cascaded wavelet
transform block in detail.

Temporally-Cascaded Wavelet Transform Block Given
the two consecutive input frames {z;_1, x:}, the spatial en-
coder transforms the frames into feature maps {F;_; €
REOXHXW [, ¢ REXHXW1 - Concatenate the features
along the channel dimension, and we can get the input ele-
ments F*~1t € REXC)XHXW for the temporally-cascaded
wavelet transform block (TCWTB).
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Figure 2: (a) The overall layout of WavePredNet. The red font highlights the tensor dimension transformation process, where
B, T, C, H, and W denote the batch, temporal, channel, height, and width dimensions, respectively. (b) The structure of the
temporally-cascaded wavelet transform block. For simplicity, only the two consecutive branches are presented here. (c) The

architecture of the multiscale dual-branch waveconv.

As shown in Figure 2 (b), the TCWTB contains three
phases in total. First, the concatenated feature F =1t g
fed into a combination of point-wise convolution layer and
activation layers to reduce channel size and obtain en-
hanced features F*~' = ReLU(BN(Conv,:(F))) €

RE*H*W The ReLU(-) and BN(-) denote the activation

function and batch normalization layer, respectively. The C
represents the reduced channel size.

Second, F'~' are divided into p equal parts
Aq feol Ag Yol A~
{Flt l’tERPXHXW,FQt l,teRprxW"__’Fpthte

B
R7*H#*W1 “along the channel dimension. The TCWTB
then adopts a temporally-cascaded architecture to capture
the evolution patterns of these split features. It consists
of p branches, each dedicated to modeling its respective
split part, with the output of one branch passed to the
next through a point-wise addition operation. This design
enables the block to efficiently model temporal patterns in
a progressive manner. Compared with directly modeling
temporal variations across the entire feature maps through a
convolution layer, the new structure can more finely model
the temporal patterns. Moreover, each branch incorporates
a specially designed convolutional structure, the multi-
scale dual-branch waveconv, which leverages the wavelet
transform to effectively capture low- and high-frequency
temporal patterns at different levels. Similarly, this new
structure further promotes the performance and efficiency
in modeling temporal patterns. In particular, the modeling
procedure of the (p — 1)-th and p-th branches is formally
defined as follows:

branch,,_; = MSDBWC(F/_}"),
branch, = MSDBWC(branch,_; & F;fl’t).

@
3

The MSDBWC(-) denotes the designed multiscale dual-
branch waveconv operation, where the & denotes the point-
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wise add operation, and branch,,_; represents the output of
(p — 1)-th branch.

Third, the output results of previous branches are
concatenated and fed into a point-wise convolution
layer, to obtain entire temporal variations Fepre =
BN(ReLU(Convy x1(branch,_; concat branch,))) €
R2XCxHXW To further enhance the modeling of temporal
dynamics, a skip connection is employed, enabling the con-
struction of a deeper temporal modeling network. Hence,
the final output of one TCWTB is computed as Fyinqi =
ReLU(F.ptire ® F'~11). In addition, by stacking the K
TCWTB modules, we can further enhance the temporal
modeling ability. Next, we elaborate on the computation pro-
cedure of multiscale dual-branch waveconv.

MultiScale Dual-Branch WaveConv The architecture of
the multiscale dual-branch waveconv is shown in Figure 2
(c). Overall, its basic structure is similar to a standard UNet
(Ronneberger, Fischer, and Brox 2015) model and can ex-
tract and aggregate dense temporal features at different lev-
els. First, the wavelet transform is utilized to recursively
decompose the low-frequency components, extracting both
low- and high-frequency elements across multiple levels.
Second, at each level, two dedicated branches are specifi-
cally designed to model low- and high-frequency temporal
dynamics, respectively. Finally, the inverse wavelet trans-
form is employed to integrate the temporal dynamics across
all levels. Due to the efficiency of wavelet transform, our
carefully designed MSDBWC module can effectively model
complex temporal variations with low computation costs.
Specifically, each MSDBWC module consists of two
parts: one, referred to as the base branch, is designed to
model temporal patterns from the perspective of spatial fea-
tures, while the other focuses on modeling multiscale tem-
poral patterns from the frequency angle. Assume ﬁ';j ot rep-
resents the input of the MSDBWC module in the (p — 1)-th



branch, its computation procedure is formally defined as fol-
lows:

MSDBWC(F!_1"") = Py(Fi_ 1) @ Py (F,1). @)
The Py (-) is a depth-wise convolution layer. The P, (-) rep-
resents multiscale wavelet transform structure. Its recurrent
computation process is as follows:

lowfreq , highfreq; = WT(F';:}’t), )
lowfreq;, highfreq; = WT (lowfreq;_;), (i > 2), (6)
lowtemporal, = ReLU(DDWConv(lowfreq;)), (7)
hightemporal, = DWConv (highfreq,), (8)
temporl, = IWT (lowtemporal,® )

temporal,, ; Concat hightemporal,).

The WT(-) denotes the wavelet transform operation, and
lowfreq; and highfreq; represent the initial low- and high-
frequency elements, respectively. The DDWConv(-) de-
notes the dilated depth-wise convolution layer (Yu and
Koltun 2016), and the combination of ReLU(:) and
DDWConv(-) can better capture temporal patterns of low-
frequency elements. We employ the standard depth-wise
convolution layer to model temporal patterns of high-
frequency ones. This design difference can better model the
temporal dynamics of low- and high-frequency elements,
respectively. The temporl; is the output of the ¢-th layer
in P, (-). The IWT(-) is the inverse wavelet transform to
fuse the learned low- and high-frequency temporal patterns.
By literally conducting the formulae (6) - (9), the designed
multiscale wavelet transform structure can effectively model
temporal dynamics at various scale levels.

Training

Due to its architecture, the predicted sequence length of
WavePredNet is equal to the input sequence length at a sin-
gle prediction step. However, WavePredNet is capable of
generating a sequence of arbitrary length in an autoregres-
sive manner. For instance, to produce k predicted frames,
WavePredNet can generate the k frames in [%] recurrent
prediction steps, using the given ¢ frames. Specifically, we
utilize the combination of MSE and MAE loss functions to
optimize the proposed WavePredNet.

Experiments
Experimental Setup

FY4ABT Series Datasets We present FY4ABT series
datasets by collecting and processing AGRI-L1-4KM data
from the Chinese FengYun-4A (FY-4A) geostationary satel-
lite. It scans the China region and full disk area in 4 minutes
and 15 minutes, respectively, to achieve continuous obser-
vation of the China region. With the advanced geostationary
radiation imager (AGRI), the FY-4A satellite can produce
14-channel data in different wavebands. Specifically, chan-
nels 1-3, 4-6, 7-8, 9-10, and 11-14 denote visible & near-
infrared type, short-wave infrared type, mid-wave infrared
type, water vapor type, and long-wave infrared type, respec-
tively. Here, we utilize the 12th channel (10.7 ym waveband)
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Dataset Ntrain Nyat Ngest T L

FY4ABT-S 443100 23180 48440 1
FY4ABT-M [1,128,128] 332325 17385 36330 2 2
FY4ABT-L 110775 5795 12110 4

(C,H,W)

Table 1: (C, H,W) denotes the shape of each processed
brightness temperature frame. Nyyqin, Nyai, and Ny, de-
note the sample size of training, validation, and test datasets,
respectively. T and L are the input and output lengths.

to construct brightness temperature sequences, as this band
provides stable observations. Moreover, it is the most con-
sistent and comparable channel across other geostationary
satellites such as GOES and Himawari series.

In particular, each pixel in original satellite data denotes
the 4km x 4km-size region, and its value indicates the tem-
perature brightness. First, the brightness temperature images
are made by mapping the temperature brightness into stan-
dard gray values, ranging in [0, 255], and the higher gray
value denotes lower temperature brightness. Then, we ex-
tract a series of 24-frame brightness temperature sequences
{24105, Tt—00, -+ Tt—15, Tty Tt 415, Tt4305 -+ Tt4240
with an interval of 15 minutes. Additionally, we use 95%
of the samples extracted from the 2019 data as the training
set, with the remaining 5% serving as the validation set, and
10% of samples from the 2020 data are used as the test set.
To save the computational cost, we first crop 512 x 512-size
parts of the whole brightness temperature data and then
resize the 512 x 512-size sequences into 128 x 128 ones, and
finally resample the sequences with an interval of 1 hour. In
this manner, we obtain the resampled brightness temperature
sequences  {Ty—105, Tt—45, Tt+15; T14+755 Lt+135, T14+195 |
with a period of 6 hours, covering local areas of approx-
imately 512 x 512 square kilometers. In this work, we
aim to predict the next brightness temperature frames
with the historical 2-hour sequences. Based on previous
studies (Mecikalski and Bedka 2006; Han et al. 2019)
on atmospheric evolution, especially for convective cloud
initiation and development, we create three sub-datasets,
FY4ABT-S (predicting the next 1 hour), FY4ABT-M (2
hours), and FY4ABT-L (4 hours), to validate the forecasting
ability of our method under short-, medium-, and long-term
conditions, respectively. The basic statistics of the datasets
are shown in Table 1.

Baselines To comprehensively validate the performance
of the proposed WavePredNet, we compare it against di-
verse and strong baselines, including classic Non-DL pre-
diction methods and state-of-the-art DL spatiotemporal pre-
dictive models. First, we compare WavePredNet with two
typical non-deep learning baselines, Persistence (Trebing,
Stanczyk, and Mehrkanoon 2021) and pySTEPs (Pulkki-
nen et al. 2019), both of which are widely used in prac-
tical weather nowcasting scenarios. Persistence (Trebing,
Stanczyk, and Mehrkanoon 2021) adopts the last frame
of the input sequence as the prediction results at the next
time step, which is established on the assumption that
weather conditions won’t change abruptly during a short



Performance

Prediction Method

short-term (1h)

Performance
long-term (4h)

Performance
medium-term (2h)

MSE | PSNR 1 SSIM 1 LPIPS | MSE PSNR SSIM LPIPS MSE PSNR SSIM LPIPS FLOPs #param Memory

Persistence 62.459 25.702 0.802 0.0565 88.08024.3500.761 0.0754 132.330 22.670 0.710 0.1056 - - -

pySTEPs 46.681 26.854 0.836 0.0663 69.369 25.350 0.790 0.0838 110.221 23.504 0.732 0.1110 - - -
ConvLSTM 27.680 29.182 0.877 0.2279 39.601 27.710 0.842 0.2936 56.291 26.278 0.814 0.2909 59.779G 15.08M 0.638GB
E3DLSTM 33.815 28.415 0.854 0.2635 44.88027.184 0.821 0.3170 66.656 25.573 0.788 0.3643 0.131T 52.92M 1.600GB
PredRNN-V2  29.098 29.420 0.883 0.1879 38.39727.949 0.847 0.2612 54.128 26.485 0.816 0.2984 0.123T 23.59M 1.032GB
SimVP 26.213 29.500 0.888 0.1634 40.378 27.640 0.835 0.3431 58.821 26.216 0.809 0.3057 17.862G 14.22M 1.032GB
TAU 24.097 29.742 0.893 0.1835 34.838 28.379 0.860 0.2234 56.335 26.379 0.812 0.3193 13.371G 9.97M 1.320GB
MGVP 37.707 27.813 0.856 0.1443 54.83426.307 0.813 0.2143 81.648 24.578 0.763 0.3213 0.864G 0.60M 0.542GB
WavePredNet (ours) 24.035 29.849 0.894 0.1484 34.34228.478 0.862 0.2089 53.263 26.631 0.818 0.3013 7.832G 0.53M 0.580GB

Table 2: Quantitative prediction results of baseline methods and WavePredNet. The MSE, SSIM, and PSNR are low-level
metrics to evaluate prediction accuracy, while the LPIPS score is a high-level metric to judge the visual quality of prediction
results. Notably, the MSE score measures the image-level error between the prediction (normalized to 0-1) and the ground
truth. The FLOPs represents the computational cost, and #params indicates the number of trainable parameters. Memory is the
consumed training GPU memory with batch size of 1. Bold and underline denote the best and the second-best results.

period. pySTEPs (Pulkkinen et al. 2019) is an advection-
based prediction approach that utilizes physical equations
to model complicated motion fields of two consecutive
frames and then extrapolates the states into the future.
Second, we evaluate WavePredNet against state-of-the-art
deep learning spatiotemporal predictive models, including
competitive recurrent-based architectures: ConvLSTM (Shi
et al. 2015), E3DLSTM (Wang et al. 2018b), PredRNN-
V2 (Wang et al. 2022), recurrent-free architectures: SimVP
(Gao et al. 2022), TAU (Tan et al. 2023a), and a recent base-
line MGVP (Zhong et al. 2024).

Implementation Details We utilize the Adam optimizer
with a learning rate of 1e-3 to train the proposed WavePred-
Net. Notably, we employ the Haar wavelet to implement
the wavelet transform operations. In particular, the channel
of spatial features for each frame is 64, and the reduced

channel size C' is 64. The input sequence’s split number,
the TCWTB’s stacking depth, and the MSDBWC module’s
wavelet-decomposing level are set to 2, 4, and 2, respec-
tively. The kernel size of each point-wise convolution layer
is 3 x 3, and the dilated size of the dilated point-wise con-
volution layer is set to 3. In addition, we employ a standard
framework OpenSTL (Tan et al. 2023b) to train and evalu-
ate baselines. All the experiments are conducted on a GPU
server of CPU 19-10920X @ 3.50GHz with 64G memory
and two RTX-3090 cards.

Comparison Results

As shown in Table 2, we have the following findings here.
First, WavePredNet consistently delivers the best perfor-
mance across all MSE, PSNR, and SSIM metrics under
short-, medium-, and long-term prediction scenarios. This
demonstrates its superior ability to accurately model and
predict the temporal patterns of sequences under different
forecast horizons. Second, while the traditional methods
(Persistence and pySTEPs) achieve the best and second-
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best LPIPS scores, respectively, their performance on the
other three metrics is significantly inferior to the deep
learning models. This suggests that while visually appeal-
ing (low LPIPS), their predictions are inaccurate. Notably,
WavePredNet also achieves near-best performance on the
LPIPS score among the deep learning approaches, indicat-
ing better preservation of visual details. Third, although
some deep learning baselines show competitive perfor-
mance, the computational cost remains a significant lim-
iting factor. Specifically, while the recurrent-based base-
line PredRNN-V2 achieves the second-best performance for
long-term prediction, and the recurrent-free baseline TAU
for short- and medium-term predictions, WavePredNet con-
sistently outperforms both with substantially lower compu-
tational requirements. For the 4-hour prediction, WavePred-
Net achieves a 1.60% improvement in MSE score over
PredRNN-V2, using 6.37% FLOPs and 2.25% parameters.
Similarly, it achieves a 5.45% MSE improvement over TAU,
using 58.56% FLOPs and 5.32% parameters. At last, though
the recent baseline MGVP takes a minor computational cost,
it delivers quite inaccurate prediction results. All the afore-
mentioned observations consistently highlight the superior-
ity of our model in both performance and efficiency.

Figure 3 presents the representative 4-hour prediction
samples. First, as shown in the error map, the baseline
TAU delivers the most inaccurate results among the three
deep learning models. Second, compared to the baseline
PredRNN-V2, our proposed WavePredNet better preserves
appearance details. Additionally, by comparing the error
maps, we can see that WavePredNet more accurately pre-
dicts the locations and intensity of clouds (low brightness
temperature). Figure 4 shows metric curves w.r.t lead time.
First, E3ADLSTM and MGVP are significantly inferior to
other models during the 4-hour lead time, even at the 1-hour
time step. This suggests the limitation of E3DLSTM and
MGVP in modeling brightness temperature sequences. Sec-
ond, our proposed WavePredNet outperforms the other deep
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Figure 3: Visualization of representative 4-hour prediction
results. The error map measures the difference between the
last predicted frame and the ground truth.
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Figure 4: The forecasting curves w.r.t 4-hour lead time.

learning models in MSE, PSNR, and SSIM scores, and the
advantages become more obvious as lead time increases. For
the LPIPS score, WavePredNet delivers competitive results
that are close to the best. The previous observations suggest
that WavePredNet can better preserve appearance details and
more accurately predict long-term temporal patterns.

Ablation Study

We conduct ablation experiments to verify the effectiveness
of the two key structures, temporal-cascaded wavelet trans-
form block (TCWTB) and multiscale dual-branch waveconv
(MSDBW), by answering the following four questions.

(1) How does the number of temporal cascades in
TCWTB affect the performance? This element deter-
mines the granularity for extracting temporal patterns of
brightness temperature sequences. The different numbers
denote different-grained temporal modeling. By setting var-
ious split numbers (1, 2, 4, 8), we obtain corresponding vari-
ants of WavePredNet. Figure 5 (a) shows the 4-hour predic-
tion results of these variants. We can see that a too-small
split number, such as 2, or a too-large value, such as 8, de-
grades prediction accuracy, even underperforming non-split
(number 1). Notably, a split number of 4 yields the best re-
sults. The 2-branch setting lacks sufficient temporal decom-
position to improve over the baseline, while the 8-branch
setting suffers from over-fragmentation and results in sub-
optimal performance. This observation highlights the signif-
icance of a suitable branch setting for the cascaded setting.

(2) How does the decomposing level of MSDBW affect
the performance? The large decomposing level represents
finer-grained spatial modeling. Overall, increasing the split

(a) split number i (b) wavelet-decomposing level
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Figure 5: The ablation experiment results in terms of the split
number and wavelet-decomposing level.
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Figure 6: Visualization comparison in ablating the wavelet-
decomposing and temporally-cascaded structures.
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number leads to better results. The 4-hour prediction results
for variants employing different wavelet decomposition lev-
els (0, 1,2, 3) are illustrated in Figure 5 (b). While increasing
the decomposition level generally improves predictive accu-
racy, excessively high levels, such as 3, lead to performance
degradation. Notably, a decomposition level of 2 achieves
optimal results. This observation demonstrates the effective-
ness of the multiscale dual-branch waveconv structure.

(3) Is the temporally cascaded structure necessary? To
explain the function of this architecture, we remove the tem-
poral structure in a pre-trained WavePredNet model, whose
corresponding prediction samples are shown in Figure 6
(a). Intuitively, without the cascaded structure, the accu-
racy for predicting pixel locations and intensity significantly
degrades. This is reasonable, as without the structure, our
model cannot progressively increase the temporal recep-
tive field, leading to inaccurate predictions. This observa-
tion demonstrates the significance of the temporal cascaded
structure in capturing temporal patterns.

(4) Is the wavelet-decomposition useful? Similarly, we
remove the wavelet-decomposition architecture, and Figure
6 (b) shows comparison samples. Without this structure, pre-
dictions become much blurrier, and the motion patterns are
also much more inaccurate. This highlights the importance
of the designed architecture in capturing multi-scale dynam-
ics across low- and high-frequency components.

Conclusion

In this work, we present an evaluation benchmark, FY4ABT,
and a novel, efficient model, WavePredNet, for brightness
temperature sequence forecasting. Comprehensive experi-
ments validate the superiority of WavePredNet and the effec-
tiveness of its key structures. We hope our work will inspire
further research and development in this task.
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