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Abstract

Weather forecasting is one of the cornerstones of
meteorological work. In this paper, we present
a new benchmark dataset named Weather2K,
which aims to make up for the deficiencies of
existing weather forecasting datasets in terms of
real-time, reliability, and diversity, as well as the
key bottleneck of data quality. To be specific,
our Weather2K is featured from the following as-
pects: 1) Reliable and real-time data. The data is
hourly collected from 2,130 ground weather sta-
tions covering an area of 6 million square kilo-
meters. 2) Multivariate meteorological variables.
20 meteorological factors and 3 constants for po-
sition information are provided with a length of
40,896 time steps. 3) Applicable to diverse tasks.
We conduct a set of baseline tests on time series
forecasting and spatio-temporal forecasting. To
the best of our knowledge, our Weather2K is the
first attempt to tackle weather forecasting task by
taking full advantage of the strengths of observa-
tion data from ground weather stations. Based on
Weather2K, we further propose Meteorological
Factors based Multi-Graph Convolution Network
(MFMGCN), which can effectively construct the
intrinsic correlation among geographic locations
based on meteorological factors. Sufficient ex-
periments show that MFMGCN improves both
the forecasting performance and temporal ro-
bustness. We hope our Weather2K can signifi-
cantly motivate researchers to develop efficient
and accurate algorithms to advance the task of
weather forecasting. The dataset can be available
at https://github.com/bycnfz/weather2k/.
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1 INTRODUCTION

The changing weather has been profoundly affecting peo-
ple’s lives since the beginning of mankind. Weather con-
ditions play a crucial role in production and economic in-
dustries such as transportation, tourism, agriculture and en-
ergy. Therefore, reliable and efficient weather forecasting
is of great economic, scientific and social significance. The
weather forecasting task deserves extensive attention.

Meteorological factors, such as temperature, humidity, vis-
ibility, and precipitation, can provide strong support and
historical information for researchers to analyze the vari-
ation tendency of weather. For the past few decades, Nu-
merical Weather Prediction (NWP) is the widely used tra-
ditional method, which utilizes physical models to simulate
and predict meteorological dynamics in the atmosphere or
on the Earth’s surface (Miiller and Scheichl, 2014). How-
ever, the prediction of NWP may not be accurate enough
due to the uncertainty of the initial conditions of the dif-
ferential equation (Tolstykh and Frolov, 2005), especially
in complex atmospheric processes. In addition, NWP has
high requirements on computing power.

In recent years, meteorological researchers have achieved
considerable breakthroughs and successes in introducing
data-driven approaches, most prominently deep learning
methods, to the task of weather forecasting. Data-driven
approaches exploit the historical meteorological observa-
tion data aggregated over years to model patterns to learn
the input-output mapping. In the task of time series fore-
casting, Transformers have shown great modeling ability
for long-term dependencies and interactions in sequential
data benefiting from the self-attention mechanism. In the
more challenging task of spatio-temporal forecasting, the
classical Convolutional Neural Networks (CNNs) which
work well on regular grid data in Euclidean domain have
been greatly challenged to handle this problem due to the ir-
regular sampling of most spatio-temporal data. The Graph
Neural Networks (GNNs), which have already been exten-
sively applied to traffic forecasting, yield effective and ef-
ficient performance by properly treating the variables and
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the connections among them as graph nodes and edges, re-
spectively. However, studies focusing on the field of mete-
orology are relatively scarce, while the demand for weather
forecasting is increasing dramatically.

For data-centric deep learning method, the performance
of the model heavily depends on the quality of the avail-
able training data. High-quality benchmark datasets can
serve as “catalysts” for quantitative comparison between
different algorithms and promote constructive competition
(Ebert-Uphoff et al., 2017). In the field of meteorologi-
cal science, reanalysis dataset cannot ensure the authentic-
ity of the data. Remote sensing dataset cannot reliably re-
flect complexities of near-surface weather conditions. Fu-
sion dataset cannot guarantee real-time performance. In-
adequacies of existing datasets also include diversity of
meteorological factors and applicable tasks. In this work,
we present a new benchmark dataset named Weather2K,
aiming at advancing the progress on weather forecasting
tasks based on deep learning methods. As far as we know,
our Weather2K is the first attempt to tackle the challeng-
ing weather forecasting task by entirely using the observa-
tion data from the ground weather stations. Concretely, our
Weather2K has the following characteristics:

Reliable and Real-time Data The raw data is built on
the one-hourly observation data of 2,130 ground weather
stations from the China Meteorological Administration
(CMA), which can be updated hourly in real-time. We have
spent considerable time on data processing to ensure con-
tinuous temporal coverage and consistent data quality.

Multivariate Meteorological Variables Based on meteo-
rological consideration, 20 important near-surface meteo-
rological factors and 3 time-invariant constants for position
information are provided in the Weather2K.

Applicable to Diverse Tasks We provide two versions of
Weather2K for different application directions: time series
forecasting and spatio-temporal forecasting. Well-arranged
spatio-temporal sequences can be easily selected and ac-
cessed for different tasks of weather forecasting.

As a benchmark, we conduct a set of baseline tests on
two application directions to validate the performance of
our Weather2K. 4 representative transformer-based mod-
els and 8 state-of-the-art spatio-temporal GNN models are
set up for comparison in time series forecasting and spatio-
temporal forecasting, respectively. We further propose Me-
teorological Factors based Multi-Graph Convolution Net-
work (MFMGCN). Considering utilizing multivariate me-
teorological information, MFMGCN fuses 4 static graphs
representing different types of spatio-temporal informa-
tion and 1 dynamic graph to model correlations among
geographic locations, and also uses a complete convolu-
tional structure followed time-space consistency. We val-
idate both the improvement and temporal robustness of
MFMGCN on Weather2K through extensive experiments.

We hope our Weather2K can significantly motivate more
researchers to develop efficient and accurate algorithms and
help ease future research in weather forecasting task.

2 PREVIOUS WORK

2.1 Meteorological Science Datasets

There are many types and sources of data commonly used
in the meteorological science community. Tropical Rain-
fall Measuring Mission (TRMM) precipitation rate dataset
(Kummerow et al., 2000) and the Integrated Multi-satellite
Retrievals for GPM (IMERG) (Huffman et al., 2015) are
developed on remote sensing data from satellites. Multi-
Source Weighted-Ensemble Precipitation (MSWEP) (Beck
etal., 2017) merges satellite and reanalysis data. The ERAS
(Hersbach et al., 2020) is the most advanced global reanal-
ysis product created by the European Center for Medium
Weather Forecasting (ECMWF). The Global Land Data
Assimilation System (GLDAS) (Rodell et al., 2004) and
the Canadian Land Data Assimilation System (CaLDAS)
(Carrera et al., 2015) are well-known gridded datasets at
global and regional scales, respectively. It is worth not-
ing that the China Meteorological Forcing Dataset (CMFD)
(He et al., 2020) is the first gridded near-surface meteoro-
logical dataset with high spatio-temporal resolution. Dif-
ferently, our Weather2K is the first truly meaningful mete-
orological science dataset entirely based on the observation
data from ground weather stations in China.

2.2 Weather Forecasting Datasets

In the task of weather forecasting, different datasets are
constructed in various ways. And the number of involved
meteorological factors varies widely. ExtremeWeather
(Racah et al., 2017) is an image dataset for detection, lo-
calization, and understanding of extreme weather events.
CloudCast (Nielsen et al., 2021) is a satellite-based im-
age dataset for forecasting 10 different cloud types. Jena
Climate (https://www.bgc-jena.mpg.de/wetter/) is made up
of 14 meteorological factors recorded over several years at
the weather station of the Max Planck Institute for Biogeo-
chemistry. Climate Change (http://berkeleyearth.org/data/)
provided by the Berkeley Earth focuses on global land
and ocean temperature data. WeatherBench (Rasp et al.,
2020) is a benchmark dataset for data-driven medium-
range weather forecasting, specifically 3-5 days. Notably,
our Weather2K is a spatio-temporal dataset with 20 op-
tional multivariate meteorological factors, which can be ap-
plied to different directions of weather forecasting.

2.3 Transformers in Time Series Forecasting

Due to the special characteristics of time series forecast-
ing task, the innovation of Transformer (Vaswani et al.,
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Table 1: Definitions and physical descriptions of the variables in the Weather2K dataset.

Long Name | Short Name | Unit |  Physical Description

Latitude lat The latitude of the ground observation station

Longitude lon The longitude of the ground observation station

Altitude alt (m) The altitude of the air pressure sensor

Air pressure ap hpa Instantaneous atmospheric pressure at 2 meters above the ground

Water vapor pressure Wwvp hpa Instantaneous partial pressure of water vapor in the air

Air Temperature t (°C) Instantaneous temperature of the air at 2.5 meters above the ground where sheltered from direct solar radiation
Maximum / Minimum temperature mxt/ mnt (°C) Maximum / Minimum air temperature in the last one hour

Dewpoint temperature dt (°C) Instantaneous temperature at which the water vapor saturates and begins to condense

Land surface temperature st (°C) Instantaneous temperature of bare soil at the ground surface

Relative humidity rh (%) Instantaneous humidity relative to saturation at 2.5 meters above the ground

Wind speed ws (ms 1) The average speed of the wind at 10 meters above the ground in a 10-minute period

Maximum wind speed mws (ms 1) Maximum wind speed in the last one hour

Wind direction wd ©) The direction of the wind speed. (Wind direction is O if wind speed is less than or equal to 0.2)
Maximum wind direction mwd (°) Maximum wind speed’s direction in the last one hour

Vertical visibility Vv (m) Instantaneous vertical visibility

Horizontal visibility in 1 min / 10 min hvl /hv2 (m) 1/ 10 minute(s) mean horizontal visibility at 2.8 meters above the ground

Precipitation in 1h/3h/6h/12h/24h pl/p2/p3/pd/p5 (mm) Cumulative precipitation in the last 1 /3 /6 /12 /24 hour(s)

2017) and its variants based on the self-attention mecha-
nism shows great capability in sequential data. MetNet
(Sgnderby et al., 2020) uses axial self-attention to aggre-
gate the global context from radar and satellite data for pre-
cipitation forecasting. LogTrans (Li et al., 2019b) and Re-
former (Kitaev et al., 2020) propose the LogSparse atten-
tion and the local-sensitive hashing attention to reduce the
complexity of both memory and time, respectively. AST
(Wu et al., 2020a) utilizes a generative adversarial encoder-
decoder pipeline. Autoformer (Wu et al., 2021) proposes
a seasonal-trend decomposition architecture with an auto-
correlation mechanism. Informer (Zhou et al., 2021) uti-
lizes Kullback-Leibler divergence based the ProbSparse
attention. Pyraformer (Liu et al., 2021) captures differ-
ent ranges of temporal dependencies in a compact, multi-
resolution fashion. FEDformer (Zhou et al., 2022) uses
Fourier transform and wavelet transform to consider the
characteristics of time series in the frequency domain.

2.4 Spatio-temporal Graph Neural Networks.

Spatio-temporal forecasting models are mostly based on
GNNss due to their ability to learn representations of spa-
tial irregular distributed signals by aggregating or diffus-
ing messages from or to neighborhoods. GNNs have al-
ready brought a huge boost in traffic forecasting, such as
STGCN (Yu et al., 2017), DCRNN (Li et al., 2017), MST-
GCN (Guo et al., 2019), ASTGCN (Guo et al., 2019),
TGCN (Zhao et al., 2019), AGCRN (Bai et al., 2020),
and GMAN (Zheng et al., 2020). Moreover, LRGCN (Li
et al., 2019a), 2s-AGCN (Shi et al., 2019) and MPNN
(Panagopoulos et al., 2021) highlight the usefulness of
GNNs in path failure in a telecommunication network,
skeleton-based action recognition and epidemiological pre-
diction, respectively. In the field of meteorological science,
DeepSphere(Defferrard et al., 2020) introduces a method
based on a graph representation of the sampled spheri-
cal meteorological data. PM2.5-GNN (Wang et al., 2020)

and CLCRN (Lin et al., 2022) are used to predict PM2.5
concentrations and meteorological factors including tem-
perature, cloud cover, humidity, and surface wind compo-
nent. In general, researches on the application of GNNs to
weather forecasting are relatively scarce.

3 THE DATASET OF WEATHER2K

The raw data comes from CMA’s observation data of
China’s ground weather stations. Observation instruments
and sensors of different weather stations all follow the stan-
dard of Specifications for surface meteorological observa-
tion—General (GB/T 35221-2017) and Quality control of
surface meteorological observation data (QX/T 118-2010).
While collecting the original data, basic quality control
(QC) technologies are first used for different meteorolog-
ical factors to correct for sensor noise, bias, and external
factors. Focusing on missing values, defaults, outliers, we
performed rigorous filtering and processing to ensure the
quality of our dataset. The main steps of our data process-
ing procedure are provided in Supplementary Material C.1.

3.1 Dataset Statistics

Weather2K contains the observation data from 2,130
ground weather stations throughout China, covering an
area of more than 6 million square kilometers. The data are
available from January 2017 to August 2021 with a tem-
poral resolution of 1 hour, in which we can ensure the use
of unified meteorological observation instruments and sen-
sors for data collection. All stations use CST time (UTC +
8h). Based on the consideration of building a representative
and comprehensive dataset for meteorological forecasting,
Weather2K contains 3 time-invariant constants: latitude,
longitude, and altitude to provide position information and
20 important meteorological factors with a length of 40,896
time steps. The definitions and physical descriptions of
the chosen variables are listed in Table 1. The current






