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Abstract. Earth system consists of complex physics-based models to
cover the various physical properties and stochastical patterns. In or-
der to overcome the high complexity of existing methods, several studies
attempt to predict the weather based on a large amount of observa-
tion data. However, they only focus on improving the prediction per-
formance using deep learning models, and few studies analyze various
meteorological characteristics. In this paper, we analyze what meteo-
rological characteristics should be reflected in deep learning techniques
to understand atmospheric phenomena. To predict weather conditions,
we consider the following characteristics: (i) spatial features, (ii) tempo-
ral features, and (iii) the diversity of scale and shape of meteorological
phenomena. The convolutional neural network is extended for extract-
ing spatial patterns in the three-dimensional atmospheric fields, and a
convolutional attention module is adopted to reflect the distinguished
form of each atmospheric phenomenon. Then, dynamic patterns are ex-
tracted by the recurrent neural network-based time series model. We
evaluated the performance of the proposed model with existing models
by predicting the forecast fields. The experimental results showed that
the synergy of various meteorological properties has a positive effect on
weather prediction.
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temporal Prediction - Convolutional Attention module

1 Introduction

In modern society, weather forecasting is inseparable from the planning and
management strategies of various resources in the retail markets, agriculture,
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aviation, and other industrial fields [19]. Weather forecasting is also the basis
for dealing with issues related to smart cities and intelligent transportation [17]
such as traffic flow prediction, medical treatment, intelligent buildings, and so
on. The primary method for weather prediction is numerical-based systems (i.e.,
Numerical weather prediction), which solve large systems consisting of nonlinear
mathematical equations based on specific physical models [7]. As enhancing tech-
nical expertise, the range and quality of observation data (e.g., weather satellite,
aircraft data, ground-based global navigation satellite systems (GNSS), smart
Seoul data of things (S-DoT), and so on) available to use are increasing, which
contributes to improved forecasting performance [12].

Therefore, there are various studies not only for improving prediction accu-
racy by assimilating new observation data into the numerical-based systems [15]
but also for applying deep learning methods [1, 8] that effectively predict using
large amounts of historical data are conducted. The conventional prediction sys-
tem still have difficulty with error caused by information loss in the process of
generating initial conditions, and an incomplete understanding of atmospheric
physical processes [2]. The novel data-driven approaches overcome the limitations
of the conventional prediction systems which require highly complex physics-
based models since various physical properties and the stochastic patterns of
the Earth system need to be reflected [13].

This study aims to analyze what meteorological characteristics should be re-
flected in deep learning techniques to understand atmospheric phenomena. We
propose a prediction model considering (i) spatial features, (ii) temporal fea-
tures, and (iii) the diversity of scale and shape of meteorological phenomena.
In recent years, a convolutional neural network (CNN) [10] captures complex
non-linear relationships of neighboring regions based on a large amount of at-
mospheric spatial datasets. However, the existing two-dimensional CNN model
cannot consider the spatial distribution in the vertical direction. Although Ka-
mangir et al. [11] introduces a three-dimensional CNN, an additional dimension
is only used to consider temporal dependency with neighboring regions. There-
fore, in this study, three-dimensional CNN is applied to reflect both vertical and
horizontal spatial distribution, and the correlation between meteorological vari-
ables in neighboring regions is also reflected by extending the channel. Then,
we extract dynamic patterns of the spatial distribution with multiple variables
by the time series model. In addition, although various deep learning backbones
such as VGG network [9] and U-net [20] have been applied to the prediction
model and showed high accuracy, various experiments that could analyze me-
teorological characteristics were not performed [18]. Therefore, we expand the
model by applying the attention module [23] to reflect multi-scale meteorological
phenomena with distinct forms, and conduct experiments that can analyze which
meteorological characteristics are important for weather forecasting. This result
can be used in various tasks such as observation evaluation or preprocessing in
the future.
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2 Methodology

In this study, we propose a novel weather forecasting model that considers (1)
spatial features, (2) temporal features, and (3) the variety of scales and shapes
of atmospheric phenomena. First, we prepare the data set from the NWP data
in three-dimensional form. Then, we modify and extend the conventional CNN
and GRU models to analyze the various meteorological characteristics.

2.1 Data

The numerical-based prediction model defines a coordinate system that divides
the earth into three-dimensional grids [22]. Meteorological variables are mea-
sured within each grid, and atmospheric characteristics are predicted based on
interactions with adjacent grids. Here, the data assimilation technique [16] is
used to quantify the uncertainty of observations. In other words, the technique
allows us to explain the changes in atmospheric characteristics without large
amounts of historical data, and prediction models can obtain higher accuracy
using assimilated information, called analysis field, than using observed data
directly. Also, various types of meteorological variables collected from different
observed species are assimilated into four variables (i.e., u-component of wind
(U), v-component of wind (V), temperature (T), and relative humidity (R))
through the data assimilation process. Thus, data assimilation systems are de-
pendent on prediction models. In this study, we analyzed which meteorological
features are important to evaluate the effect of the analysis field of the KIM vari-
ational data assimilation system (KVAR) [14] on the Korean Integrated Model
(KIM) [7].

2.2 Problem Statement

The prediction model needs to consider extracting the spatial and temporal
meteorological features at the same time. Thus, the assimilated data in a specific
geographic region over time is used as the input sequence for the prediction task.
The proposed model can be defined as:

Y;S(Ji)l :f(Xt(Z)v aXt(z—)n)aXt(Z) € RVXDXWXH (1)
where Yt(i)l indicates the target forecasts in time t+1 at i** geographic region, and
f () refers to the proposed model which extracts the meteorological features from

historical data. Xt(i) indicates the assimilated data composed of meteorological
variables V' = {vy,--- ,v;} at it" geographic region in time t. Each assimilated

data Xt(fgj € REXWXH for j = 1,2,---,J (i.e. the number of meteorological
variables) represented by a tensor, which consists of a D x W x H grid map,
where D, W, and H indicate the level, latitude, and longitude of the analysis
fields, respectively. The sequence length of the assimilated data is represented

by n.
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2.3 Architecture of the Prediction Model

Considering Multi-scale Spatial Features The 3D-CNN part of our predic-
tion model extracts spatial features by reflecting the interaction between meteo-
rological variables V' in the adjacent region. The 3D-CNN extends the convolu-
tion kernel to three dimensions to perform convolution operations on the earth
grid map. The operation of 3D-CNN can be expressed as follows:

Vi—1D;—1W;—1H;—1
Clk,w,y,z -9 (Z Z Z Z Wlifgw}LCz)E?+d)(y+w)(z+h) +bf> (2)

v=0 d=0 w=0 h=0

where W/lqjj‘-lwh indicates the value of the cell at position (d,w,h) of v*" variables

in the k* kernel connected to the 1" layer. CF**¥* represents the value of the
cell in the v'" variables at position (d,w, k) in the [ — 1*" layer. D;,W;, and H,
denote the level, latitude, and longitude of the three-dimensional kernel. The
activation function is 9, and b is a bias parameter.

One three-dimensional kernel only captures a local feature, and multiple lay-
ers with multiple three-dimensional kernels can be used to extract global features
in the grid map. We used a three-dimension convolutional network with 3 x 3 x 3
kernel which shows the best results considering the consumption of parameters
and time according to the existing study [4].

The meteorological data has three-dimensional patterns with different spa-
tial resolutions which can be captured by using different sizes of kernels and
receptive fields. Dilated convolutional layer using an expanded receptive field
extracts multiscale contextual information without loss of resolution or cover-
age [9]. Therefore, we propose a multiscale 3D dilated convolutional module to
reflect more complicated spatial features of meteorological data such as various
scales of atmospheric phenomena.

Considering Various Shapes of the Atmospheric Phenomena Each at-
mospheric phenomenon has its own distinguishing shape. For example, the rain
front has an elongated shape on both sides, and the typhoon has a round shape
with a huge volume. To consider the various shapes of the phenomena, we apply
the attention module that extracts detailed and wide spatial features even for re-
gions that exceed the size of the convolutional filter. In this study, we propose an
attentive 3D-convolutional neural network that extracts meaningful regions with
important meteorological variables. The proposed attentive 3D-CNN consists of
two parts; variable attention module and spatial attention module.

The variable attention module generates the feature vectors which are re-
flected in the inter-variable relationship in meteorological characteristics. The
module can effectively learn meaningful variables in each grid since the feature
vector is the result of training with more heavy weights on the important vari-
ables. The variable attention is computed as:

Ay (C) = o(g(AvgPool(C)) + g(MaxPool(C))), (3)
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where C' € R¥®¥:% ig the intermediate feature vector as input from the previous
CNN modules, o denotes the ReLU activation function, and ¢(-) represents three
dense layers.

And then, we produce a spatial attention vector by reflecting the interac-
tions with each grid map. Here, we use both the average and max pooling layers
simultaneously to extract the distinguishable spatial information of the mete-
orological features. Different from the variable attention, the spatial attention
module concentrates on the informative region which is complementary to the
variable attention. To focus on the informative regions we apply the pooling
layer along the variable axis. And then, the convolutional layer is used to pro-
duce a spatial feature vector that compresses where to highlight. Thus, spatial
attention is formulated as:

As(C) = o(f([AvgPool(C)); MaxPool(C))), (4)

where o represents the ReLU activation function and f(-) indicates a convolu-
tional layer.

According to input variables in a grid map, two attention modules aggregate
complementary attention, focusing on the meaningful variables and regions, re-
spectively. In the previous study [23], a sequential arrangement of the two mod-
ules achieved a better performance than a parallel arrangement. In addition,
the variable attention module before the spatial attention module has shown
slightly better performance than the reverse order. We arranged the sequence of
our proposed model following the previous study.

Considering Temporal Features The recurrent neural network (RNN) is
widely used to extract temporal features in speech recognition and action recog-
nition tasks. Most of the weather prediction tasks (e.g., precipitation, wind
power, solar irradiance) which can be defined as time series problems have
adopted various RNN models (i.e., LSTM or GRU) to avoid the long-term de-
pendency problem [3,21]. Although a structure such as FC-LSTM, ConvLSTM,
and CRNN in which the output of a fully connected layer or a convolutional layer
is fed into an RNN has been developed to handle spatiotemporal data [5], it has
difficulty in considering the spatial data in the vertical direction. In addition, the
LSTM model has more parameters than the GRU model [6]. In this paper, an
attentive three-dimensional convolutional GRU that is improved for time series
learning of three-dimensional space is introduced to capture temporal informa-
tion in our model. The GRU layers consist of the reset and update gates. The
reset gate r; at time t is applied to control the amount of temporal information
of the previous time periods that will be forgotten or remembered. Likewise,
the update gates u; at time ¢ are used to control how much past information
should be reserved. The proposed three-dimensional convolutional GRU can be
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formulated as:

(0. [C) b)), (
J(GU[Ct(N)v hi-1]), (6
(
(

ﬁ
o~
|

g
[

cr = B0 O (re + b)),
hy =g *he—1 + (1 —wy) * ¢y,

where o(+) refers to a sigmoid function. ¢(---) indicates the hyperbolic tangent
function. * denotes the Hadamard product. C't(N) is a spatial feature matrix
captured by N; using the last convolutional layer. 6,., 6,, and 6, are learnable
weight matrices. After the GRU layer, one fully connected layer is used to predict
the future atmospheric states from h; with linear activation.

Attentive 3D Convolutional GRU Model The attentive 3DCNN extracts
the spatial features of the meteorological variables related to the assimilated
data. Then, the GRU captures the progressive relationship of the e atmospheric
motion. The two modules are combined to form a 3DCGRU model for weather
forecasting, where the features extracted by the 3DCNN, the position of the
atmospheric phenomena, and the interaction of the multiple variables are con-
catenated as the input of the GRU model. As the result, the 3DCGRU model can
understand not only the horizontal advection but also the vertical convection of
the atmospheric motion.

In general, the proposed method learns spatiotemporal features from histor-
ical data to achieve more accurate predicted weather in time ¢ while maintain-
ing the performance of each model. The 3DCGRU model computes and back-
propagates the loss to update the weights and biases in the training process.
Therefore, the loss function is formulated as:

—\2
L= Z <Yt(fr)1 - Yt(—:-)1> ) (9)
it

where, Yt(i) represents the real forecast states at i*" geographical region in time

t+1, and Yt(i)l refers to the predicted forecast states at i'” geographical region
in time ¢t + 1.

3 Evaluation

3.1 Experimental setup

In this study, we used four accuracy metrics to evaluate the performance of the
proposed models: root mean square error (MSE), mean absolute error (MAE),
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R-squared (R?), and variance (). These metrics can be measured as follows:

1
2

1 0) 2 1 0 0
MSE = TiﬂZ(YtH_C) 7MAE:T7H 4Yt+1_Y;+17
Vt,i Vt,i
. "5 2 ) —
ZVt,i <Yt(fr)1 - Ytil) g (i/t(-&l-)l - )/t(—iz-)l>
R*=1- ——4—, o=1- 5 (10)
va‘ (Yt(i)l - Y) o (Ytﬂ>

where Y;(_f_)l and Yt(_f_)l indicate the true forecast states and predicted forecast
states at i*" region in time ¢, respectively. T and I denote the total number of
time points and grid point, respectively. Y denotes the average Y;(i)l for Vt €
[0,T], Vi € [0,I], and o(+) indicates variance.

3.2 Experimental results

We evaluate the proposed model by comparing its accuracy with the baseline
methods. The models were trained to predict the forecast field at time t by
analyzing the previous analysis field from ¢ — 1 to ¢t — 8. We evaluated the per-
formance of the proposed and existing deep learning models. Table 1 shows the
experimental results.

Table 1: A performance comparison of the proposed model with the baseline
models. The bold means models with the best performance on each metric.

| MAE MSE R’ o
GRU 003 002 094 09
2DCGRU 002 002 096  0.96
3DCGRU 0.02 001 097 097

3DCGRU (w/att.) | 0.01  0.01  0.99  0.99

In case of GRU which consider only the time series of meteorological vari-
ables excluding spatial features showed the lowest accuracy. If we provide only
the time sequence of variables, the model cannot obtain enough information for
understanding weather conditions. Comparing the performance of 3DCGRU and
2DCGUR, 3DCGRU which the model learns the vertical structure of the atmo-
sphere showed better results. Therefore, we can assume that vertical convection
can be an informative feature for the proposed model. The proposed prediction
model outperformed the other baseline models in every evaluation metric. Thus,
the high performance of the proposed model supports that the model could
understand the meteorological properties by overcoming the variety scale and
shapes the atmospheric phenomena have.



688 Jeon et al.

4 Conclusion and future work

In this paper, we have proposed a weather prediction model with multiple
meteorological variables. We have defined the atmospheric field by the three-
dimensional grid. By extending the convolutional filter to three-dimension, the
spatial distribution was captured by considering not only horizontal advection
but also vertical convection. The variable and spatial attention module are
adopted to extract the relationships with multiple variables in the neighboring
grids. The experimental results show that the proposed model can reflect various
features of atmospheric phenomena and synergy of various meteorological prop-
erties has a positive effect. However, it is difficult to determine the importance
of various features. Future research will focus on the systematic designing of our
experiments with other conventional prediction methods. Also, we extend our
study to estimate the how sensitive forecast field changes as the analysis field
changes.
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