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aDepartment of Urban and Environmental Engineering, Ulsan National Institute of Science and Technology, Ulsan, South Korea; bNational 
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ABSTRACT
Skillful quantitative precipitation nowcasting (QPN) is important for predicting precipitation in the 
upcoming few hours and thus avoiding significant socioeconomic damage. Recent QPN studies 
have actively adopted deep learning (DL) to generate precipitation maps using sequences of 
ground radar data. Although high skill scores in forecasting precipitation areas of weak intensity 
(~1 mm/h) have been achieved, the horizontal movement of precipitation areas could not be 
accurately simulated, exhibiting poor forecasting skills for stronger intensities. For lead times up to 
120 min, this study suggests using an improved radar-based QPN model that utilizes a state-of-the- 
art DL model termed simpler yet better video prediction (SimVP). An independent evaluation using 
ground radar data in South Korea from June to September 2022 demonstrated that the proposed 
model outperformed the existing DL models in terms of critical score index (CSI) with a lead time of 
120 min (0.46, 0.23, and 0.09 for 1, 5, and 10 mm/h thresholds, respectively). Three case analyses 
were conducted to reflect various precipitation conditions: heavy rainfall, typhoons, and fast- 
moving narrow convection events. The proposed SimVP-based QPN model yielded robust perfor
mance for all cases, producing a comparable or highest CSI at the lead time of 120 min with a 1  
mm/h threshold (0.49, 0.69, and 0.29 for heavy rainfall, typhoon, and narrow convection, respec
tively). Qualitative evaluation of the model indicated better results in terms of displacement 
movement and reduced underestimation than other models under the high variability of pre
cipitation patterns of the three cases. A comparison of model complexity among DL-QPN models 
was conducted, taking into consideration operational applications across various study areas and 
environments. The proposed approach is expected to provide a new baseline for DL-based QPN, 
and the improved prediction using the proposed model can lead to reduced socioeconomic 
damage incurred as a result of short-term intense precipitation.
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1. Introduction

Quantitative precipitation nowcasting (QPN) is a weather 
forecasting technique that focuses on predicting the 
amount and location of precipitation over a brief period 
of time, generally up to 6 h (Cuomo and Chandrasekar  
2021; Choi and Kim 2022; Franch et al. 2020; Chen et al.  
2020). The main purpose of QPN is to reduce the socio
economic damage caused by heavy rainfall that falls 
within a short period of time. As the precipitation pattern 
becomes more extreme (more precipitation in a shorter 
time), the significance of QPN increases.

Numerical weather prediction (NWP), based on the 
governing equations of atmospheric dynamics and 
continuous data assimilation, is the basic method 
used to forecast future precipitation. Synoptic NWP 

can predict the occurrence of heavy rainfall several 
hours or even days in advance, which is incredibly 
useful for preparing disaster management policies 
and ensuring public safety. However, it has been 
consistently reported that NWP has limitations in 
QPN of the near future (<6 h) in terms of accuracy, 
spatiotemporal resolution, and computation time for 
operational purposes (Imhoff et al. 2020; Jihoon et al.  
2022; Trebing, Staǹczyk, and Mehrkanoon 2021; Yoon  
2019; Haiden et al. 2011; Foresti et al. 2019). Owing to 
the characteristics of short-term forecasting, which 
relies heavily on very recent precipitation trends, 
QPN has been developed using statistical approaches. 
Without using complex physical calculations based on 
external datasets, statistical methods can predict 
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future precipitation for the next few hours with higher 
accuracy than NWP (Bowler, Pierce, and Seed 2004; 
Bechini and Chandrasekar 2017; Han et al. 2022; 
Haiden et al. 2011).

QPN utilizes various data sources, including 
weather rain gauges and ground weather radar. 
Although some QPN studies have used high-quality 
in situ measurement data for model fitting, they only 
provided station-oriented forecasting without 
2-D spatial coverage. Because ground weather radar 
data provide spatial information on precipitation with 
finer spatial (0.5–1 km) and temporal (5–10 min) reso
lutions than NWP or satellite data, previous QPN stu
dies have frequently used ground radar data as both 
input and target data (Shi et al. 2015; Ayzel, Scheffer, 
and Heistermann 2020; Ravuri et al. 2021; Choi and 
Kim 2022). Studies have demonstrated that statistical 
extrapolation using radar sequences can generally 
produce more accurate forecasts than NWP for lead 
times<3–6 h (Germann and Zawadzki 2002; Sideris 
et al. 2020; Bechini and Chandrasekar 2017; Bowler, 
Pierce, and Seed 2004).

Because of the recent enormous success of artificial 
intelligence, it has replaced mainstream data-driven 
extrapolation in QPN. Empowered by improvements 
in computational resources of both hardware (i.e. 
graphic processing unit) and software (i.e. open- 
source deep-learning libraries; active code and data 
sharing), deep learning (DL)-based spatiotemporal 
prediction has been actively proposed. For spatial 
modeling, convolutional neural networks (CNNs) 
have been adopted widely because of their high per
formance and computational efficiency (LeCun et al.  
1998; Liu et al. 2018; Tao et al. 2022; Ham, Kim, and 
Luo 2019; Sadeghi et al. 2019). In contrast, recurrent 
neural networks (RNNs) have been regarded as repre
sentative time series models due to their unique char
acteristic of reusing output as input (Hochreiter and 
Schmidhuber 1997; Cho et al. 2014; Park et al. 2022; 
Kang et al. 2020; Kumar et al. 2019). However, as the 
original RNN models are not designed for spatial 
information, they are typically used for precipitation 
forecasting based on station measurements (Kang 
et al. 2020). Therefore, by integrating CNN and RNN 
into a single model, Shi et al. (2015) proposed the 
convolutional long short-term memory (ConvLSTM) 
model that combines the advantages of CNN and 
LSTM RNN models and outperforms the traditional 
optical flow model. The authors extended this work 

in Shi et al. (2017), in which they suggested 
a convolutional gated recurrent unit (ConvGRU) and 
trajectory GRU (TrajGRU), which incorporated GRU 
rather than LSTM into the CNN. ConvLSTM has been 
the baseline model for spatiotemporal video predic
tion since its introduction and has been adopted in 
several QPN studies (Kim et al. 2017; Jeong et al. 2021; 
Chen et al. 2020). However, recent research has 
attempted to develop fully CNN-based models, such 
as U-Net (Agrawal et al. 2019; Ayzel, Scheffer, and 
Heistermann 2020; Trebing, Staǹczyk, and 
Mehrkanoon 2021). U-Net consists of an encoder 
and decoder with multiple layers capturing various 
spatial features (Ronneberger, Fischer, and Brox  
2015). Although U-Net is not explicitly designed to 
maintain temporal information, skillful prediction can 
be achieved using only convolutional layers.

In addition to the CNN and RNN models, the gen
erative adversarial network (GAN) was proposed for 
more realistic image generation (Goodfellow et al.  
2014). Because DL-QPN is similar to time series 
image generation, GAN generates more realistic pre
cipitation predictions. GAN is essentially unsupervised 
learning, which generates an output based on ran
dom noise instead of using an external input distribu
tion. To reflect domain-specific information, Mirza and 
Osindero (2014) suggested a conditional GAN (cGAN) 
that generates output from the distribution of input 
data. Because cGAN can predict future precipitation 
from past input data, it has been actively adopted in 
recent DL-QPN studies (Choi and Kim 2022; Ravuri 
et al. 2021; Kim and Hong 2021). Ravuri et al. (2021) 
reported that the success of GAN in DL-QPN relied on 
both quantitative evaluation and visual interpreta
tion. However, the model training using GAN is notor
iously difficult. When the balance between the 
generator and discriminator is not guaranteed, 
a stable output cannot be generated because of 
model collapse or non-convergence issues (Kodali 
et al. 2017).

Despite the improved performances reported in 
previous studies, common limitations exist in the DL- 
QPN, irrespective of the type of the DL model. First, 
most DL-QPN models suffer from more severe under
estimation problems as the lead time increases (Ayzel, 
Scheffer, and Heistermann 2020; Choi and Kim 2022; 
Kim and Hong 2021; Ravuri et al. 2021). Another major 
common limitation is that the spatial distribution of 
the QPN becomes increasingly blurry with longer lead 
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times. The blurry effect generally occurs along with 
the underestimation problem. Several attempts have 
been made to reduce the smoothing effect by 
employing loss functions other than mean absolute 
error or mean squared error. Other loss functions that 
have been adopted include the blended loss function 
(Shi et al. 2017; Kim and Hong 2021; Franch et al. 2020; 
Xiong et al. 2021), logcosh (Ayzel, Scheffer, and 
Heistermann 2020; Cuomo and Chandrasekar 2021), 
cross entropy (Agrawal et al. 2019; Shi et al. 2015), and 
custom spatial and temporal losses (Ravuri et al.  
2021). Although alternative loss functions have miti
gated the underestimation and blurry effect, the 
inherent nature of neural networks to minimize the 
total loss has prevented complete resolution of these 
problems in DL-QPN models.

As DL-QPN can be perceived as a video prediction 
task, state-of-the-art video prediction models can be 
crucial to improving its performance. In this context, 
we propose DL-QPN models based on the simpler yet 
better video prediction (SimVP) suggested by Gao 
et al. (2022). SimVP uses only convolutional layers to 
learn both spatial and temporal features effectively, 
which is a notable advantage. In addition to an enco
der – decoder structure similar to the structure of 
U-Net, SimVP has a powerful translator network 
between the encoder and decoder. By incorporating 
multiple inception modules with various kernel sizes, 
the translator significantly contributes to the 

transition of prediction between frames, which is 
a characteristic of RNNs.

The main goal of this study was to investigate the 
possibility of improving the forecasting skill of QPN 
using SimVP. First, we evaluated the models over the 
entire summer and early autumn (i.e. June – 
September) to test the overall performance. Next, 
three cases with different precipitation backgrounds 
were analyzed quantitatively and qualitatively. Finally, 
we conducted a comparison of model complexity to 
assess performance and efficiency together and inves
tigate whether increased complexity results in 
improved performance.

2. Data and experimental design

2.1. Radar data over the Korean Peninsula

Ground weather radar data provided by the Korea 
Meteorological Administration (KMA) were used in 
this study. We used constant altitude plan position 
indicator (CAPPI) data, which represent the reflectivity 
at an altitude of 1.5 km (Figure 1a). The KMA provides 
composited CAPPI data from 11 radar sources with 
a spatial resolution of 1 km every 10 min. The radar 
reflectivity was converted to the precipitation rate 
(Figure 1b) based on the Z – R relationship (Marshall 
and Palmer 1948) and coefficients provided by the 
KMA (Equation 1):

Figure 1. Examples of data used in this study acquired at 09:50 KST on August 8, 2022. (a) Radar reflectivity, (b) radar precipitation 
intensity, and (c) AWS ground precipitation measurements. Gray area in (a) and (b) is the blank pixel area of radar coverage. Black 
rectangles in (a) and (b) indicate the area cropped to exclude blank pixels for model training. The entire area was used at the inference 
phase. Black triangles in (c) mark the AWS where no precipitation was measured.
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Z ¼ 1:48R1:59 (1) 

where Z is the radar reflectivity (mm6m−3) and R is 
the precipitation intensity (mm/h). As the original 
data contained blank pixels outside the radar cov
erage, we used only the data between 124.36 
E and 130.42 E longitude and 33.64 N and 39.70 
N latitude (black rectangles in Figure 1a,b) in the 
model training phase. The cropped radar area cov
ered the entire mainland, the neighboring sea of 
South Korea, and some parts of North Korea. To 
evaluate the models, precipitation events during 
the latest summer and early autumn and all 
CAPPI data for June, July, August, and September 
(JJAS) in 2022 were used as the test dataset. CAPPI 
data of JJAS during 2019–2021 were used for train
ing and validation.

2.2. Ground measurement data

We also evaluated model results using ground mea
surement data from automatic weather stations 
(AWS) provided by the KMA. The AWS measure wind 
speed and direction, temperature, humidity, surface 
pressure, and precipitation every minute. As the pre
cipitation gauge in the AWS provides in situ surface 
precipitation, comparisons with AWS data can 

demonstrate model reliability and robustness. The 
total number of stations used in this study was 642 
(Figure 1c).

2.3. Data split and evaluation cases

The CAPPI dataset was divided into training, valida
tion, and testing datasets (Figure 2). During 2019– 
2021, radar data between the 1st and 25th of each 
month from June to September were used to train 
the DL-QPL models. The remaining data from the 
26th to the end of each month were used for inter
nal validation of the model performance by optimiz
ing their hyperparameters. The entire explicitly 
separated test dataset for June – September 2022 
was only used to evaluate the final performance of 
the models. The evaluation of predicted precipita
tion relies heavily on the characteristics of the pre
cipitation, such as the precipitation area, speed of 
shift, and intensity distribution. Because of the over
lap between the precipitation in successive time 
steps, the probability of obtaining a higher skill 
score increases as the precipitation over the target 
area increases. To examine various conditions, four 
cases with different durations and types of precipi
tation were evaluated in detail (Table 1). With 

Figure 2. Training (Train), validation (Val), and test data split scheme. Test data were totally separated as unseen from the model 
training and validation phases.

Table 1. Experimental design of the four test cases. The ratio represents the average pixel ratio over the given threshold for each 
scene.

Test
Period 

(2022) Features
Ratio 

> 1 mm/h (%)

Ratio 
> 5 mm/h 

(%)

Ratio 
> 10 mm/h 

(%)

Case 1 Jun–Sep Korean summer and early autumn 11.8 3.80 1.15
Case 2 Aug 7–11 Heavy rainfall 10.2 3.49 1.5
Case 3 00:00 Sep 05–12:00 Sep 06 Typhoon Hinnamnor 39.1 10.1 2.4
Case 4 20:00 Sep 22–16:10 Sep 23 Narrow convection 3.2 1.19 0.6

4 D. HAN ET AL.



t-m and t+n representing the past m minutes of 
input data and n minutes of lead time, respectively, 
the radar sequence from t-110 to t-0 was used as the 
input sequence and that between t + 10 and t + 120 
was employed as the target data.

As performance evaluation depends highly on the 
period and pattern of rainfall events, both long-term 
and case-level validations are essential for measuring 
model performance. Case 1 covers all radar scenes 
through JJAS of 2022. The overall performance of 
the proposed model was evaluated based on case 1. 
Case 2 represents a historic heavy rainfall in South 
Korea that caused severe socioeconomic damage. 
Because of the strongly developed stationary front 
(in Korean, jangma) that remains in the middle of 
the Korean Peninsula, 578.5 mm of precipitation fell 
in Seoul, the capital city of South Korea, within four 
days, and the daily cumulative precipitation recorded 
reached a maximum of 381.5 mm on 8 August 2022. 
In this case, a large quantity of water vapor continu
ously flowed into a narrow area from the west as an 
atmospheric river formed due to high pressure in the 
northern Pacific Ocean and the northern part of the 
Korean Peninsula. Case 3 is the precipitation event 
induced by typhoon Hinnamnor, which developed 
on 27 August 2022. It was the first super typhoon of 
2022 in the western North Pacific region. After weak
ening due to concentric eyewall cycles, it re- 
intensified as a super typhoon before approaching 
Okinawa, Japan, and then progressed to South 
Korea, where it produced more than 540 mm of pre
cipitation, caused 13 deaths, and resulted in socio
economic losses exceeding 1 billion USD. Finally, case 
4 represents very narrow local convection that moved 
rapidly from west to east. The precipitable cloud was 
formed due to large quantities of warm water vapor 
brought by typhoon Talas from the Western Pacific to 

encountering cold air from a continental high pres
sure region located in the north (or continental 
Eurasia). Strong cumulonimbus clouds developed in 
a line from south to north, and the clouds moved 
rapidly from west to east while releasing heavy down
pours of rain. This case can be used to measure model 
performance, especially for the rainfall shift and its 
phase change.

3. Methodology

3.1. Proposed SimVP-based model

Similar to other encoder – decoder models, such 
as U-Net, SimVP consists of an encoder, 
a translator, and a decoder with only CNN mod
ules (Figure 4a and Table 2). The expected roles of 
the three components are as follows: the encoder 
is used for extracting spatial features, the transla
tor is for learning spatiotemporal change over 
time, and the decoder is for integrating spatio
temporal information (Gao et al. 2022). The 
unique feature of SimVP is its translator, which 
employs N inception modules to learn temporal 
movements. By adopting the inception module 
(Szegedy et al. 2015), a translator can employ 
multiple sizes of convolutional kernels and their 
corresponding receptive fields. This feature is 
expected to significantly enhance the robustness 
of spatial modeling for input feature size. As spa
tial changes in QPN can vary at each time step, 
the ability to address various receptive areas can 
indirectly contribute to the coverage of various 
temporal data. The mean squared error (MSE) 
was used as a loss function. For model fitting, 
we used the Adaptive Momentum (Adam) optimi
zer (Kingma and Ba 2014) with a learning rate of 

Table 2. Models used in this study. S-PROG stands for spectral prognosis suggested by (Seed 2003).
Model Encoder Translator Decoder GAN discriminator Non-DL module

pySTEPS 
(Pulkkinen et al. 2019)

- - - - S-PROG 
STEPS

ConvLSTM 
(Shi et al. 2015)

ConvLSTM - ConvLSTM - -

U-Net 
(Ayzel, Scheffer, and Heistermann 2020)

CNN CNN CNN - -

Rad-cGAN 
(Choi and Kim 2022)

CNN CNN CNN Patch GAN -

PhyDNet 
(Guen and Thome 2020)

CNN ConvLSTM, PhyCell CNN - -

SimVP 
(Gao et al. 2022)

CNN CNN 
Inception

CNN - -

GISCIENCE & REMOTE SENSING 5



0.001 and 100 iterations. The Adam optimizer has 
been adopted widely as a representative optimi
zer in geoscientific modeling because of its fast 
and stable optimization properties (Lee et al.  
2021; He et al. 2022; Franch et al. 2020; Gibson 
et al. 2021). As most of the dataset contained no 
precipitation, we set the batch size to 1 and 
skipped the training process when the ratio of 
precipitation pixels over 5 mm/h was less than 
1% of each batch to avoid being optimized with 
zero-filled data. Hyperparameters, including opti
mizer, loss function, number of iterations, batch 
size, and blank data filtering conditions, were also 
adopted for all DL-QPN models used in this study 
in cases of no explicit description.

Generally, a more complex model can be expected 
to have better modeling capacity. The original SimVP 
model has 4 layers for each encoder and decoder and 
8 layers in the translator with a set of different kernel 
sizes of 3 × 3, 5 × 5, 7 × 7, and 11 × 11 (Figure 3). To 
test whether higher complexity produces better 
results, we doubled the number of encoder and 

decoder layers from 4 to 8 and quadrupled the num
ber of inception layers from 8 to 32 with additional 
15 × 15 and 21 × 21 kernels, which can be expected to 
count a larger area. However, the deeper SimVP 
model did not produce improvement in the validation 
metrics. Therefore, after several tests for optimal 
model structure, the original SimVP structure was 
adopted. A comparison and discussion of model com
plexity is included in Section 4.3.

3.2. Comparison models

3.2.1. Python short-term ensemble prediction system 
(pySTEPS)
The pySTEPS (Pulkkinen et al. 2019) is an open- 
source Python framework for short-term ensemble 
prediction (https://pysteps.github.io) based on 
spectral prognosis (Seed 2003) and STEPS (Bowler, 
Pierce, and Seed 2006). It calculates the motion 
field from given radar data and conducts an extra
polation to generate future sequences. Post- 
processing includes statistical property matching 

Figure 3. Model structure for the proposed nowcasting model utilizing simpler yet better video prediction.
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between prediction results and the latest input. 
This can directly contribute to preventing the 
underestimation problem of DL-QPN models 
(Ravuri et al. 2021; Han et al. 2022). In this study, 
the motion field was obtained using the Lucas – 
Kanade optical flow method implemented in 
pySTEPS. The radar sequence from t-110 to t-0 
was used to calculate a motion vector. Based on 
the motion vector, the future sequence from t + 10 
to t + 120 was predicted.

3.2.2. ConvLSTM
In recent years, ConvLSTM has emerged as one of the 
most representative baseline models for spatiotem
poral video prediction (Lin et al. 2020; Wang et al.  
2018; Xiang et al. 2020). By incorporating 
a convolutional process into the LSTM module, 

ConvLSTM can handle spatial and temporal informa
tion (Shi et al. 2015). Several studies that adopted 
ConvLSTM and its successors in DL-QPN have reported 
their superiority over other baseline models (Shi et al.  
2015, 2017; Franch et al. 2020; Ravuri et al. 2021; Xiong 
et al. 2021; Cuomo and Chandrasekar 2021; Jeong 
et al. 2021). To build a successful rainfall forecasting 
model, we used the seq2seq architecture suggested 
by Sutskever, Vinyals, and Le (2014). Seq2seq has been 
used widely for models utilizing time series data and 
natural language processes and can be considered 
a robust baseline forecasting model (Shengdong 
et al. 2020; Masood et al. 2022; Sutskever, Vinyals, 
and Le 2014). Seq2seq converts inputs to outputs 
using an LSTM-based encoder – decoder structure. 
As the original seq2seq model was not designed to 
reflect spatial information, its LSTM module was 

Figure 4. CSI performance from June to September 2022 in South Korea (case 1). Evaluation results with (a) radar CAPPI and (b) AWS 
in situ measurements.

GISCIENCE & REMOTE SENSING 7



replaced with ConvLSTM for the spatiotemporal mod
eling of rainfall. Four ConvLSTM layers were used for 
each encoder and decoder. The size of the convolu
tional kernel was 3 × 3, and the numbers of kernels for 
each ConvLSTM layer were 32, 64, 64, and 32, respec
tively. A 3D convolutional layer with a linear activation 
function was used at the last output layer.

3.2.3. U-Net
U-Net (Ronneberger, Fischer, and Brox 2015) has 
been used widely in DL-QPN because of its robust 
ability to model not only segmentation but also the 
regression of future frames. Several studies have 
reported that U-Net achieved competitive perfor
mance in DL-QPN compared to the case without 
the RNN module (Agrawal et al. 2019; Ayzel, 
Scheffer, and Heistermann 2020; Trebing, Staǹczyk, 
and Mehrkanoon 2021). For comparison, in this 
study, we used RainNet v1.0, which is available with 
open-source codes (Ayzel, Scheffer, and 
Heistermann 2020). The original RainNet adopted 
a recursive prediction design, whose input sequence 
was four radar scenes for t-15, t-10, t-5, and t-0, to 
predict the next time step, t + 5. To predict t + 10 
precipitation, the input sequence was updated with 
t-10, t-5, t-0, and t + 5. This recursive prediction 
approach is intuitive and may perform well in the 
near future within a few time steps. However, the 
prediction error is likely to accumulate as the lead 
time increases (Ayzel, Scheffer, and Heistermann  
2020). We compared recursive and multiple- 
prediction designs using the RainNet structure (not 
shown here) and found that multiple predictions 
yielded significantly better performance with longer 
lead times. Hence, we adopted a multiple-prediction 
design for comparison with the proposed model. 
Based on RainNet, we designed U-Net to have four 
symmetric encoders and decoders, with 64, 128, 256, 
and 512 convolutional filters of 3 × 3 size, 
respectively.

3.2.4. Rad-cGAN
Choi and Kim (2022) proposed and tested a radar- 
based DL-QPN model with cGAN, namely Rad- 
cGAN, over the Korean Peninsula. We selected 
Rad-cGAN over the study area as a comparative 
model to examine the ability of cGAN because it 
uses the recent trend. The model architecture is 
based on the image-to-image translation model 

Pix2Pix, which consists of U-Net as the generator 
and PatchGAN as the discriminator (Isola et al.  
2017). The original Rad-cGAN uses a recursive pre
diction approach with four past input frames to 
predict the subsequent frame. However, Rad- 
cGAN suffered from significant underestimation 
with longer lead time, resulting in a critical score 
index (CSI) of nearly zero when a 1 mm/h thresh
old was applied. In our pilot test between multi
step and recursive prediction approaches, 
recursive prediction suffered from cumulative 
errors and lost its signal faster than did the multi
ple-prediction. Hence, as in other models, 12 radar 
inputs were used to generate 12 future 
sequences. The model structure of Rad-cGAN was 
the same as the original except for the input and 
output sequence length. Rad-cGAN was optimized 
with the Adam optimizer and binary cross-entropy 
function, as per Choi and Kim (2022). To optimize 
the GAN model fully, Rad-cGAN was trained with 
200 iterations, which is twice the number for 
other DL-QPN models.

3.2.5. PhyDNet
PhyDNet integrates statistical (DL) and physical 
approaches within a translator. By combining partial 
differential equations and ConvLSTM, PhyDNet aims 
to derive a synergy between DL and non-DL models 
(Guen and Thome 2020). PhyDNet decomposes the 
input latent space into physical dynamic and residual 
factors. Physical dynamic factors are processed in 
a physical cell (PhyCell) with a recurrent structure 
based on data assimilation. PhyCell learns known 
physical dynamics at a coarser level, whereas 
ConvLSTM captures unknown fine-grained factors, 
such as appearance, texture, and details. As PhyDNet 
is a hybrid of physical and statistical approaches, it 
was used as a reference model for comparison. The 
original PhyDNet consists of a single PhyCell layer 
with 7 × 7 kernel size and 49 hidden dimensions and 
three ConvLSTM layers with 3 × 3 kernels and 128, 
128, and 64 convolutional filters (Guen and Thome  
2020). We also doubled the number of each PhyCell 
and ConvLSTM layer to test whether there was any 
model enhancement attributable to greater complex
ity; however, there was no significant improvement in 
the validation results, as reported in Section 4.3. 
Hence, the original PhyDNet structure was used in 
this study.
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3.3. Evaluation

Model evaluation was performed using both quanti
tative and qualitative approaches. General metrics 
used in the DL-QPN, such as Pearson correlation (R), 
root-mean-squared error (RMSE), mean bias, and CSI, 
were used for the quantitative evaluation: 

R ¼

PN
i yi � �yið Þ ŷi � ŷi

� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
PN

i yi � �yið Þ
2PN

i ŷi � ŷi

� �2
r (2) 

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
PN

i yi � ŷið Þ
2

N

s

(3) 

mean bias ¼
PN

i yi � ŷið Þ

N
(4) 

CSI ¼
TP

TP þ FN þ FP
;where 

TP ¼
PN

i 1; if yi � α and ŷi � α; 0; otherwiseð Þ

FN ¼
PN

i ð1; if yi � α and ŷi < α; 0; otherwiseÞ
FP ¼

PN
i ð1; if yi <α and ŷi � α; 0; otherwiseÞ

8
<

:
(5) 

where y and ŷ denote the truth and prediction of the 
ith pixel, respectively. TP, FN, and FP represent the 
sum of true positive, false negative, and false positive 
pixels with the given precipitation threshold α, 
respectively. The range of CSI is from 0 to 1, and 
higher CSI indicates better model performance.

4. Results and discussion

4.1. Performance evaluation of all models for case 1

Figure 4a depicts the CSI with different lead times for 
the thresholds of 1, 5, and 10 mm/h in comparison 
with radar CAPPI. With a lead time of 10 min, all DL- 
based models, with the exception of Rad-cGAN, 
yielded similar CSI for all three thresholds. SimVP 
showed higher CSI than the other models with 
a threshold of 1 mm/h and with increasing lead 
time. As the CSI measures the correctness of an area 
match with a given threshold, this result implies that 
SimVP demonstrated improved performance com
pared to the other DL models for predicting overall 
precipitation. However, with the threshold of 5 mm/h, 
PhyDNet and SimVP yielded better performance than 
the other models. Although SimVP also demonstrated 
better performance for the 10 mm/h threshold, the 

performance gap became negligible when the lead 
time was approximately 120 min.

The comparison with AWS in situ measurements 
showed a similar CSI pattern of radar data 
(Figure 4b). Evaluation using in situ data is crucial for 
operational purposes. The SimVP model also outper
formed the others in terms of CSI in validation with 
AWS data, implying that the proposed model can 
predict upcoming precipitation in the area where 
the AWS is located with higher performance, as mea
sured by CSI, than the others.

Table 3 shows the overall performance of the mod
els in terms of R, RMSE, CSI, and mean bias. To sepa
rate the overall rainfall (>1 mm/h) from that with 
stronger intensities, we separated the CSI and bias 
scores using thresholds of 1, 5, and 10 mm/h. Each 
metric followed by a number (e.g. RMSE1, CSI5, or 
Bias10) indicates that the metric was evaluated with 
the threshold indicated by the corresponding num
ber. As determined by the RMSE with the 1 mm/h 
threshold (RMSE1), SimVP yielded slightly higher 
errors than other DL-based models for lead times of 
10, 60, and 120 min. However, with the higher thresh
olds of 5 and 10 mm/h, the gap narrowed. The R of all 
models was approximately 0.8, demonstrating a high 
correlation despite a significant decrease with the 
increase in lead time. In addition to SimVP, PhyDNet 
also yielded higher correlations than other models for 
lead times of 60 and 120 min. The magnitude of the 
mean bias can indicate how the average intensity 
increases or decreases compared to that of radar 
data (Zhang et al. 2021). Except for pySTEPS, all DL- 
based models showed a significantly increasing mag
nitude of negative mean bias as the threshold and 
lead time increased. SimVP showed the lowest mag
nitude of Bias10 among the DL models, indicating 
a lesser underestimation problem than other models. 
However, the suggested SimVP model still suffered 
from the common underestimation problem of the 
DL-QPN, which has been reported in many studies 
(Ayzel, Scheffer, and Heistermann 2020; Choi and 
Kim 2022).

4.2. Evaluation over precipitation events

Figures 5–7 show the CSI scores with lead times of 
10, 60, and 120 min for cases 2–4, respectively. As 
shown in Figure 5, for case 2, the suggested SimVP 
outperformed the other models for all three 
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thresholds with lead times of 60 and 120 min. As the 
average rainfall intensity was higher than that in 
case 1 (all precipitation events in June – 
September 2022), all models showed relatively bet
ter performances in general compared to that in 
case 1 because of the long-lasting heavy rainfall 
event. ConvLSTM and U-Net yielded a higher CSI1 
than PhyDNet in case 2. As CSI1 is directly related to 
the match of all precipitation areas, PhyDNet failed 

to model the area of precipitation successfully in 
this case.

The CSI scores for case 3 are shown in Figure 6. 
During typhoon Hinnamnor, a large portion of the 
radar coverage area contained precipitation pixels. 
When the change in precipitation areas was relatively 
small compared to the total precipitation area, the 
probability of achieving inflated performance without 
meaningful prediction increased. For instance, even 

Figure 5. Performance in terms of CSI for the heavy rainfall event of August 7–11, 2022, KST in South Korea (case 2).

Table 3. Evaluation with radar data for case 1. Numbers after each metric indicate the thresholds of 1, 5, and 10 mm/h. The 
precipitation pixels lower than the threshold in both radar and predicted values were not counted in the performance calculation. The 
best performance for each metric is indicated in bold font.

Lead time R RMSE1 RMSE5 RMSE10 CSI1 CSI5 CSI10 Bias1 Bias5 Bias10

10 min
Persistence 0.56 7.41 11.47 15.96 0.67 0.49 0.36 0.00 −0.01 −0.02
pySTEPS 0.82 4.76 7.46 10.46 0.78 0.65 0.56 −0.11 −0.28 −0.57
ConvLSTM 0.83 4.47 7.22 10.33 0.77 0.65 0.53 −0.46 −1.47 −3.10
U-Net 0.79 4.84 7.64 10.87 0.74 0.61 0.49 −0.23 −0.95 −2.54
Rad-cGAN 0.81 6.38 10.47 15.11 0.71 0.41 0.27 −3.03 −6.71 −11.17
PhyDNet 0.84 4.25 6.78 9.57 0.77 0.66 0.56 −0.15 −0.65 −1.59
SimVP 0.84 4.35 6.82 9.66 0.77 0.66 0.56 0.16 −0.10 −0.96
60 min
Persistence 0.13 10.04 15.37 21.40 0.41 0.22 0.12 0.05 0.14 0.28
pySTEPS 0.25 9.45 14.51 20.12 0.48 0.29 0.18 −0.45 −0.86 −1.37
ConvLSTM 0.31 6.77 11.98 18.82 0.48 0.26 0.09 −0.94 −4.57 −12.15
U-Net 0.35 6.43 11.41 17.72 0.48 0.30 0.13 −0.28 −3.11 −9.38
Rad-cGAN 0.16 9.58 16.01 23.04 0.26 0.02 0.00 −5.10 −11.69 −19.04
PhyDNet 0.43 6.45 11.37 17.49 0.47 0.35 0.16 −0.76 −3.69 −9.93
SimVP 0.43 6.88 11.29 16.54 0.57 0.38 0.22 −0.51 −2.36 −6.09
120 min
Persistence 0.02 10.33 15.93 22.36 0.32 0.15 0.08 0.20 0.50 0.91
pySTEPS 0.03 10.37 15.94 22.20 0.34 0.16 0.08 −0.71 −1.29 −1.88
ConvLSTM 0.12 6.54 13.34 21.14 0.37 0.11 0.01 −0.93 −7.06 −16.52
U-Net 0.14 6.57 12.95 20.37 0.38 0.13 0.03 −0.85 −5.88 −14.29
Rad-cGAN −0.01 9.84 16.45 23.55 0.08 0.00 0.00 −5.59 −12.45 −19.84
PhyDNet 0.22 6.45 11.77 20.16 0.37 0.23 0.03 −0.61 −3.85 −14.85
SimVP 0.20 7.36 12.66 19.02 0.46 0.23 0.09 −1.16 −4.44 −10.32
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the persistence scheme achieved a score that was 
relatively high or comparable to those of the DL 
models. Hence, performance analysis should be con
ducted carefully with consideration of the character
istics of each precipitation event, such as the 
coverage ratio, intensity distribution, duration, and 
shift and development speed. Compared with the 
vast precipitation area with a threshold of 1 mm/h, 
the precipitation area with a threshold of 10 mm/h 
rapidly decreased in case 3, as shown in Table 1. This 
could result in a large CSI difference between the 
thresholds of 1 mm/h and 10 mm/h (Figure 6). Most 
models showed similar prediction performance at the 

lead time of 10 min. With lead times of 60 and 120  
min, SimVP showed the best performance (Figure 6).

The results for the narrow convection event with 
a rapid shift are shown in Figure 7. As shown in the 
figure, the overall performances of all models were sig
nificantly lower than those observed in previous cases, 
especially case 3. There is a much lower probability of 
obtaining a high CSI by chance because of the fast- 
moving precipitation cell. PySTEPS showed the best 
performance in CSI10 with a 120 min lead time, whereas 
all the other models showed nearly zero performance.

Figures 8–10 show the prediction maps for cases 2–4, 
respectively. Figure 8 shows the prediction map for the 

Figure 6. CSI performance for typhoon Hinnamnor on September 5–6, 2022, in South Korea (case 3).

Figure 7. CSI performance for the narrow convection during September 22–23, 2022, in South Korea (case 4).
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Figure 8. Prediction maps of the severe rainfall event in South Korea from 9:50–11:40 KST on August 8, 2022 (case 2). Each subfigure is 
a forecast with a lead time in minutes. The lead time t+10 min is 09:50, and the lead time t+120 min is 11:40. The location where the 
precipitation pixels vanished in the 120 min lead time is shown by a black dotted circle in radar t+10.
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extreme rainfall event starting at 11:40 on 
8 August 2022, with lead times from 10 to 120 min. In 
Figure 8, PhyDNet shows a different developing shape 
than the other models. In terms of precipitation inten
sity, all DL models showed a decreasing trend, unlike 
pySTEPS. When the shape and intensity did not change 
significantly until the target lead time, pySTEPS 
appeared to provide better performance than other 
models, especially in terms of precipitation intensity. In 
Figure 9, for case 3, blurry patterns of DL-QPN can be 
observed clearly over the vast area as the lead time 
increases. Even though SimVP showed the highest 
CSI1 with lead times longer than 60 min, the smoothing 
effect should be improved further to convey detailed 
information.

In Figure 10, no precipitation remains in the radar 
CAPPI map 120 min ahead when compared to that at 
the 10 min lead time (black dashed rectangle in radar 
CAPPI t + 120). ConvLSTM failed to simulate horizontal 
movement, and the precipitation intensities decreased 
without the advantage of hovering precipitation. The 
results of pySTEPS showed almost linear movement 
from west to east; however, the CSI performance did 
not increase by chance because of the narrow precipita
tion area. Among the DL models, PhyDNet and SimVP 
clearly showed changes in displacement and shape. 
Both displacement movements and shape shifts 
occurred; however, neither of these successfully 
mimicked the actual distribution of precipitation areas 
and intensities. They predicted development of new, 
although weak, precipitation with a larger precipitation 
area over time (black dashed circle in Figure 10).

4.3. Model complexity

The importance of complexity of a DL model lies in its 
implementation, accessibility to various computational 
resources, and reduced optimization time through mul
tiple trials. We evaluated the complexity of the DL mod
els (Table 4) using the PyTorch FLOPs counter library 
(https://github.com/sovrasov/flops-counter.pytorch). 
GPU memory usage for all models ranged from approxi
mately 2.7 to 4.6 GB for a single batch, with dimensions 
of 12 × 1 × 304 × 304 (time, channel, height, and width, 
respectively) for each input and output sequence during 
the training phase. Floating operations (FLOPs) account 
for the total operation counts utilizing the weights, and 
the number of parameters (Params) represents the total 
weights in the model. In general, a more complex model 

has larger FLOPs and Params, resulting in larger model 
size and higher training time. Among the DL-QPN mod
els, ConvLSTM exhibited significantly lower Params and 
model size (Table 4). The small Params in RNNs can be 
attributed to their inherent property of weight sharing 
across time steps, potentially leading to a more compact 
model (Goodfellow, Bengio, and Courville 2016). Despite 
having lower FLOPs and Params than other models, 
ConvLSTM did not have a significantly lower training 
time (383 s), even exceeding that of U-Net (297 s). The 
sequential nature of RNN models makes parallelization 
difficult (Hochreiter and Schmidhuber 1997; Cho et al.  
2014), which may result in longer training times for 
relatively simple models. The extended training time of 
PhyDNet could be partly due to its integration of 
ConvLSTM. Conversely, the CNN-based models (e.g. 
U-Net, Rad-cGAN, and SimVP) demonstrated relatively 
fast training times, considering their FLOPs and Params. 
The saved model size correlates almost linearly with 
Params, with each parameter occupying approximately 
12 bytes in the saved files.

The model structure optimization and hyperpara
meter tuning were performed by monitoring the CSI5 
of the very first (t+10) and last (t+120) time steps of the 
validation dataset, taking into account the moderate 
precipitation intensity at both ends of the forecast. To 
ensure that the test data remained completely unseen, 
hyperparameter optimization was carried out using only 
a separate validation dataset. Table 4 summarizes the 
complexity and validation performance of more com
plex variants of the two best DL models (PhyDNet and 
SimVP), indicated as PhyDNet+ and SimVP+. As men
tioned in Sections 3.1 and 3.2, these models did not 
show improved validation performance despite having 
a deeper structure. Generally, increased complexity may 
provide a higher learning capacity, but it does not 
always lead to better performance. This implies that 
enhancing model performance merely by augmenting 
model complexity within a specific dataset and DL 
model structure can be difficult. Consequently, alterna
tive approaches, such as utilizing different loss functions 
or investigating innovative model designs, should be 
explored in future studies to boost model performance 
further.

4.4. Novelty and limitations

This study proposes precipitation nowcasting models 
for up to 120 min using SimVP DL. The proposed 
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Figure 9. Prediction maps for typhoon Hinnamnor in South Korea from 23:50 KST September 5 to 01:40 KST September 6, 2022 
(case 3). Each subfigure is a forecast with a lead time in minutes. The lead time t+10 min is 23:50 September 5, and the lead time t 
+120 min is 01:40 September 6, 2022.
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Figure 10. Prediction maps for the narrow convection in South Korea during 10:20–12:10 KST on September 23, 2022 (case 4). Each 
subfigure is a forecast with a lead time in minutes. The lead time t+10 min is 10:20, and the lead time t+120 min is 12:10. The location 
where the precipitation pixels vanished in the 120 min time is shown by a black dotted rectangle, and a newly developing area is 
indicated with a black dotted circle in radar t+120.
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model, powered by state-of-the-art architecture, 
showed improved performance compared to the results 
of previous studies and can serve as a new baseline 
model for DL-QPN. With the relatively simple structure 
of the original open-source code proposed by Gao et al. 
(2022), reproduction of the models used in this study 
should be much easier than that of more complex pre
vious models without a shared code. Although there 
have been many DL-QPN-based studies, most of these 
conducted visual interpretation over scenes with large 
rainfall ratios, often inflating model accuracy (Ayzel, 
Scheffer, and Heistermann 2020; Choi and Kim 2022; 
Liu, Lei, and Chen 2022; Zhang et al. 2022; Yang et al.  
2022). To demonstrate both the success and limitations 
of the proposed SimVP-based model over different pre
cipitation events, we analyzed three individual cases 
along with a long-term evaluation from June to 
September 2022. A comparison of model complexity 
was also carried out to consider operational applications 
across different study areas and environments of DL- 
QPN models. By analyzing these various cases, which 
demonstrate both the potential and limitations of the 
proposed SimVP-based model, we believe that this 
study supports a new baseline for DL-QPN.

Despite the novelty and contribution of this 
study, it has some limitations that require attention 
in future studies. Most importantly, this study did 
not compare the suggested model with operational 
forecasting models such as NWP. As our target was 
radar-based forecasting, it was difficult to compare 
other prediction results directly because of the dif
ferent data sources. Another limitation is that the 
suggested model suffered from underestimation 
and blurry effects, similar to the models used in 
previous studies. To avoid the underestimation pro
blem encountered at larger lead times, an explicit 

module for learning the tendency of the intensity 
distribution will be investigated in the future.

5. Conclusions

This study suggests a SimVP-based model for precipi
tation nowcasting. Compared with other representa
tive models (i.e. ConvLSTM and U-Net) and recent 
models utilizing GAN and physical modules (i.e. Rad- 
cGAN and PhyDNet), the suggested SimVP model 
showed better performance in terms of CSI score 
and visual interpretation. An evaluation using preci
pitation events for the entire summer and early 
autumn of 2022 indicated that SimVP yielded higher 
R and CSI and a lower magnitude of negative bias 
during heavy rainfall events. The comparison with the 
AWS in situ measurements over JJAS 2022 demon
strated the robustness and reliability of the proposed 
SimVP model. To consider various precipitation con
ditions, the performances of the models were ana
lyzed according to three cases: heavy rainfall, 
typhoon, and narrow convection. We found that the 
performance and mapping results varied case-wise. 
Consequently, the performance of the DL-QPN should 
be evaluated carefully, with a particular focus on poor 
performance. The suggested SimVP model showed 
the best performance in terms of CSI in the heavy 
rainfall and typhoon cases and comparable perfor
mance to PhyDNet in the narrow convection case. 
The model complexity analysis revealed that the pro
posed SimVP exhibited longer training time (about 
twice as long) than ConvLSTM and U-Net, but it had 
significantly lower FLOPs and training time than 
PhyDNet, which showed the best performance 
among the comparison models. Overall, the proposed 
model with improved prediction performance (i.e. 

Table 4. Complexity comparison of DL-QPN models for radar sequence data. The memory, FLOPs, and Params listed are for a single 
batch sample. Training time represents the duration of a single epoch using an NVIDIA RTX 3090Ti GPU. The input and output radar 
sequences have dimensions of 12 × 1 × 304 × 304, corresponding to time step, channel, width, and height, respectively. Val CSI5 refers 
to the validation CSI5 at the final epoch for each model. In this context, the + symbol in PhyDNet+ and SimVP+ indicates a modified, 
more complex structure than the original.

Model Memory FLOPs Params Saved model size Training time per epoch
Val CSI5 
(t+10)

Val CSI5 
(t+120)

ConvLSTM 3884 MB 89.82 G 79.88 K 981.0 KB 383 s 0.67 0.15
U-Net 2708 MB 158.46 G 31.39 M 376.7 MB 297 s 0.54 0.23
Rad-cGAN 4330 MB 613.4 G 15.69 M 188.4 MB 454 s 0.46 0.00
PhyDNet 4596 MB 1673.2 G 3.09 M 37.2 MB 1967 s 0.66 0.24
PhyDNet+ 5658 MB 2705.8 G 5.09 M 58.4 MB 2785 s 0.63 0.17
SimVP 4268 MB 183.1 G 13.98 M 168.1 MB 635 s 0.67 0.23
SimVP+ 9804 MB 529.2 G 239.3 M 2.7 GB 2380 s 0.58 0.20
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improved precipitation nowcasting), can be used to 
ensure socioeconomic damage reduction or preven
tion caused by intense precipitation events.
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