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Abstract. East China is one of the most economically developed and densely populated areas in the world. Due to its specia
geographical location and climate, East China is affected by diffeesther systemsuch as monsoons, shear lines, typhoons

and extratropical cyclones. In thiaminent future, the rainfall rateis difficult to predict preciselydue to these systems
Traditional physicdased methods such as numerical weather prediction (NWP) tend to perform groodyvcasting
problemsdue to thespinup issue Moreover various meteorological stations are distributethis region generating a large

amount ofobservation data every day, which has great potential to be applied-dridatamethods. Thus, it is important to

train a datadriven model from scratch that is suitable for the specific weather situation of East China. However, due to the
high degresof freedom and nonlinearity of machine learning algorithms, it is difficult to add physical constraints. Therefore,
with the intention of using various kinds of data as a pfoxyhysical constraints, we collected three kinds of data (radar,
satellite,and precipitationdatg in the flood season from 2017 to 2018 of this area and preprocessed themsate (258256)

that cover East China with a domain of 1212.8. The developednultisource data modéMSDM) combines theptical

flow, randomforest ad convolutional neural networkCNN) algorithms It treats the precipitation nowcasting task as an
imageto-image problem, which takes radar and satellite data with an interval of 30 minutes as inputs and predicts radar echc
intensitywith a lead time of 30 minutes. Teducethe smoothing caused by conviiduns, we usethe optical flow algorithm

to predict satellite data in the following 120 minutes. The predicted radaesfobim the MSDM together with satellite data

from the optical flow algorithmare recursively implemented the MSDM to achieve a 12fninute lead time. Th&SDM
predictions are comparablie those ofother baseline models with a high temporal resolution of 6 minutes. To solve blurry
image problems, we applied a modified structural similarity (SSIM) indextass function. Furthermorgye useherandom
forestalgorithmwith predicted radar and satellite data to estimate the rainfallanatdhe resultsoutperformthose ofthe
traditional nonlinear radar reflectivity factor and rainfall rat-R) relationships that use logarithmfanctions. The
experiments confirm that machine learning with multisource data provides more reasonable predictions and reveals a bette
nonlinear relationship between radar echo and precipitation rate. Apart from developing complicated machine learning

algaithms, exploiting the potential of multisource data wiéld more improvements.
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1. Introduction

In recent years, deep learni(@L) and machine learningML) have achieved great advances with big datam&ndous
meteorologicaldataare producecevery day, which perfectly matches these novel-ddteen artificial intelligence (Al)
approaches. Quantitative precipitation nowcasting (QPN) using radar echo extrapolation (REE) has recently become popula
(Tran and Song, 2019)Precipitation nowcasting predicts rainfall intensity in the followfeng hours. Based on various data

with high spatiotemporatesolutiors, Al precipitdion prediction can be relatively accurate compared with traditional
numerical weatlr prediction (NWP)nethodslU-Net (Ronneberger et al., 2015) is a walbwn network designed for image
segmentationand its core is upsampling, downsampling, and skip connection. It can efficiently achieve high accuracy with a
small number of samplesgfawal et a{2019)treaedprecipitation nowcasting as an imatpeimageproblem. They emplad

U-Net (Ronneberger et al., 201t predict thechangein radar echdor QPN which is superior to High Resolution Rapid
Refresh (HRRR) numerical prediction from the National Oceanic and Atmospheric Administration (NOAA) when the
predictiontimeis within 6 hours. Sonderby et @020)proposedneural weather model (NWM) call MetNet that uses axis
self-attention (Ho et al2019) to discoveweathempatterns from radar and satelldata MetNet can predict the next 8 hours

of precipitationin 2-minute intervalswith a resolution of 1 kilometeGhi et al (2015) treated precipitation nowcasting as a
problem of predictingspatiotemporal sequencasd modified the fulljconnectedong shoriterm memory(FC-LSTM) by

replacing theHadamardoroduct witha convolution operation in the inptib-state and stat-state transitions. They believe

that cloud movement is highly uniform in some areas, and convoddioncapture these local characteristics. Therefore, the
convolution operation in the input transformations and recurrent transformations of their groposelutionalLSTM
(ConvLSTM) helps to handle the spatial correlatidhgrthermore, they apply the same modificatioth® gated recurrent

unit (GRU) and notice that convolution is locatimmvariant andocuseson only afixed location because its hggparametesr

(kernel size, padding, dilatior@refixed. However,in the QPN problem, a specific location of cloud clusters continuously
changes over time. Hence, Shi et al. (2017) propasegjectoryGRU (TrajGRU) thatusesa subnetwork to output a Iddan-

variant connection structure before state transitions. The dynamically changed connections help TrajGRU capture the
trajectory of cloud clusters more accuratéian previous method# the field of video prediction, Wang et al. propdse
various recurentneuralnetworks(RNNs)based on LSTM. For example, they designed PredRNM#ging et al., 2018)ith

a cascaded dual memory structure and gradient highway unit, which strengthens the powerliiog stamtéterm dynamics

and alleviates the vanishing gradient problem, respectively. In addition, to capture spatial characteristics through recurren
state transitions, Wang et al. (2019a) integrated 3D convodutigide LSTM units and proposed Eide8D LSTM (E3D

LSTM). Moreover, Wang et al. (2019b) design#te memory in memory (MIM)network to handle higheorder
nonstationarity of spatiotemporal data. By using differential signals, MIM can model the nonstationary properties between
adjacent recurrg states. However, their work is based on a slight modification of existing techniques demanding massive

computing resourceer modeltraining andhas not beeapplied tobig meteorologicatata.
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Computer vision techniques have long besgdinobject detection, video prediction, and human motion prediction. Tran and
Song(2019)used image quality assessment techniques as a new loss function instead of the common mean squared errt
(MSE), which misledhe process of training argeneratedlurry images Ayzel et al.(2019) designedan advanced model

based orthe multiple optical flow algorithm for QPN, but it still performs poorly in the predictiothefonsetand decay of
precpitationsystems becauggpticalflow methods simply calculate the position and velocity of the radar echo with a constant
velocity rather than consider the changing intensity of radar echo.

On the one hand, the current massive amounts of data are uimitutn the other hand, scientists in the field of machine
learning focus on pursuing high accuracy by increasing the complexity of models based on a single source of data. Given thi
background, from the perspective of atmospheric science, we buildtiaource data model (MSDM) with the aim of fully

using multisource observation data (for example, radar reflectivity, infrared satellite data, and rain gauge datajéablénd s
machine learning algorithms (for example, deep neural network, optiealghdrandom forestlgorithmg for each type of

data that can ensure accuracy while saving computing resources. In addlitioto the high degreef freedom and
nonlinearityof neuralnetworks it is difficult to apply physical constraints thesemachine learning models. Hence, we hope

that multisourcelata will function as a proxipr physical constraints to guide the modatingthe training process. Theain
advantage of MSDM lies in its transferabiligny machine learning model antservation data can be incorporatet the

model. For example, wind speed data caa pexy for dynamic constraints, and temperature data can functiaprasy for
thermodynamiconstraintsDue tothe limit of computing resources, the aim of théger is not to achieveehigher resolution

or predictionaccuracy but to propose a method combining machine learning and deep learning with radar echo data, satellite
data, and automatic ground observation tlatchievephysically reasonabl@PN

Section2 introduce the related work about the usenathine learning and deep learning modelgddar andorecipitation

The datase modelsand methods used this studyaredescribed in sectio. Section4 shows the results. Secti@draws

conclusions ath discusses some possible future work.

2. Related work
2.1 Machine learning

There is a large volume of published studies describing the use of ML for radar and precipitation. Logistic regression, as on
of the simple ML algorithms, has been used to improve the forecast of precipitation probability (Vislocky and Young, 1989).
Kuligowski and Barro$1998 use neural networks to postprocess NWP output and forecast precipitation in the next 6 hours.
Lakshmanan et al. (2014) use neural networks to improve quality control of weather radarmatmXclustering isfarm

of unsupervised learning, which isadasfor the classification of precipitatigiyang and Deng, 2010Hwang et al. (2019)

modify this kind ofclustering algorithm and train two nonlinear regression models to improve the subseasonal forecast of
temperature and precipitation. Support vector machine (SVM) uses kernels to transform data to the nonlinear space, which he

been applied to forecast tmdoes(Adrianto et al., 2009)predict precipitation in tropical cyclon@¥ei, 2012) and train
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precipitation estimation mod@Huang et al., 2015Decision tree algorithms are widely used in classification and regression
tasks. Gagne et al. (2009) use the decision tree to classify storm types based on radar nbsdmiatio et al (2019) calibrate

the ensemble precipitation forecast via random forest. Hill et al. (2020) use random forests to predict the probaiglity of se
weather across the United States. Mao and Sorteberg (2020) use random forest to trgimeotildo improve the accuracy

of radarbased precipitation nowcasts. Bayesian technique is an important branch of ML. Todini (2001) use it to improve the
radar precipitation estimation. Fox and Wikle (2005) propose a quantitative precipitation nmheast $ased on Bayesian
hierarchical model. Chandra et al. (2021) use Bayesian machine learning to reconstruct annual precipitation frem climate

sensitive lithologies and improve the predictive accuracy of global circulation models (GCM) at a low camalutatt.

2.2Degq learning

Deep learning (DL; LeCun et al., 2015) has gained popularity in meteorology recently. The existing literature on therapplicat

of DL to radar and precipitation is extensive. Foresti et al. (2019) train artificial neuralrkefAbIN) on a 10year archive

of radar images in Swiss to nowcast the growth and decay of precipitation. Sadeghi et al. (2019) apply CNN together with the
same kind of data to estimate precipitation, which shows great improvement compared with basieianeYfan et al. (2021)
introduce a FlonDeformation network (FDNet) that captures the motion of the optical flow field and the deformation of radar
echoes at the same time. The ML community tend to treat nowcasting problems as the prediction of spatistgnpnces.

Chen et al. (2020) use ConvLSTM for nowcasting and early warning of heavy rainfall. Ran et al. (2021) udeCfdister

(Ren et al., 2016) to identify precipitation clouds for doppler weather radar. The deep neural networks have alsbdoeen app
to reduce the bias and false alarms of satdiiteed precipitation produdffao et al., 2016)Tao et al. (2017) design two DL

models that incorporate satellite data from infrared and water vapor chemitatify the precipitation, which significantly
outperform the operational product. Yo et al. (2020) propose a vetoipeint framework for radabased QPE, which can
automatically detect the movement and evolution of precipitation systems. RalufRéR1) present a deep generative model

to eliminate the blurry nowcast at longer lead times. As for data fusion, Chandra and Kapoor (2020) design a Bayesian transfe
learning framework to provide an approach for handling multiple sources of datattéatial. (2020) use satellite data, radar
image, and lightning flash data to synthetic weather radar. Miao et al. (2020) deem the nowcasting problem as a compute

vision task and propose a multimodal graph framework to model different data jointly.

3. Materials and Methods
3.1 Dataset

The spatial and temporal distribution characteristics of precipitat®related tonany factors, such #iseterrain, atmospheric
circulation, and climatic conditions. To train a deep learning model that can cagyrestipitation characteristics of East

China, we collected multisource observation data of the flood season (May to September) for a total of 306 days from 2017 tc



125 2018. Due to the missingdardata from May 1 to 9 and September 26 to 30, 2018¢ areonly 292 days ofadar data in
total. The missing datare obtained by interpolatirte datafrom adjacent momentgymong the datathe precipitation data

of regional automatiweatherstations(AWS) in East China with a time interval of 10 minusee shown irFig 1.
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Figure 1. Distribution of the automatic ground stations in East China.

130 The weather radar data (resolutioh0.5%0.5) have been preprocessed intiee combined reflectivity thelatitude ranges
from 21.0°N to 36.C°N, thelongitude rangés from 112.CE to 125.9E, anddata wereavailable every 6 minutes (Fig 2(a)).
TheHi mawari 8 satellite brightness t esipléarausadithea lattadrange( r e s «
of 19-37N, a longitude range of 11027E, and a time interval of 30 minutes (Fig 2(b)). The links ttoe datasets are as
follows:

135 Radar datahttp://data.cma.cn/data/detail/dataCode/J.0012.0003.html
AWS data:http://data.cma.cn/data/detail/dataCode/A.0012.0001, html
Himawari 8 satellite datdattp://www.cr.chibau.jp/databases/GEO/H8 9/FD/index.html



http://data.cma.cn/data/detail/dataCode/J.0012.0003.html
http://data.cma.cn/data/detail/dataCode/A.0012.0001.html
http://www.cr.chiba-u.jp/databases/GEO/H8_9/FD/index.html
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Figure 2. Combined reflectivity (unit: dBZ) in East China (a), Himawari 8 satellite brightness temperature datd u n i t

140 07 (b) on May 1, 2017.
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3.2Model Description

3.2.1Model Architecture
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Figure 3. Structure ofthe MSDM.
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To incorporatamultisourcedata, we designeashMSDM with three partsdeeplearning,optical flow, and random fore§fFig

3). The deep learning partiie MSDM is inspired by the statef-the-art U-Net (Ronneberger et al., 2015) designed for image
segmentation. It follows the encoedecoder structure that encoder has 8 down sample blocks and decoder has 7 up sample
blocks. Eachdownsamplingblock in the encoder consists of ConvZaiatchnormalization and leaky rectified linear unit
(LeakyReLU activationlayers Each upsamplg block in the decoder includémnsposedonvolutiona) batchnormalization

dropout of 0.5applied to the first 3 blocksiyndReLU activationlayers In eachconvolutionallayer, the step size parameter
(stride) is set to 2, and vaiesbhetieen 44 and2x2goeektratiespatalsclraraaedistics T h e
at different scales. Thieatchnormalization layer effectivehavoidsthe gradientdisappearancproblemand improvesthe
convergence speed. We use dropout to randomly discard some information with a probability of 50% to peefitingov

The activation functiomddsnonlinearity to each block aralowsthe modeto bettedearnthenonlinear relationship between
theinput and target. Transposednvolutioral layers are introduced to substituesamplingayers in UNet to incease the
resolution oftheimages. As in kNet, there are skip connections between the encoder and decoder to solve the problem of
gradient explosion and gradient disappearance during training.

The primary reason that we usensposedaonvolutioral layersto replaceupsamplingayersis thatbothlayers are used for
upsampling images. Upsampling layers use an interpolation method (for exaeglest neighbainterpolation,bilinear
interpolationand bicubidnterpolation) to rescale the input image ttesgired size with a higher resolution. These interpolation
methods are preset, so there is little room for the network to IHaerdeconvolutioroperatioris not gpredefinednterpolation

method and it has some learnable parameters to convert thatdotthe original image resolution. Through the training of

the model, it will learn an optimal upsampling method instead of a preset method.

In the deep learning pathhe MSDM takes the array with shape of 256X256%2, which represents the height, width and
channel otheimage. Radar and satellite grid point data are at differeatnels The output of this part is a predicted radar
image 30 minutes later with shape of 256X256x1L. The optical floyart takes 5 consecutive satellite frames as input to
extrapolate the satellite image in the following 2 hours. Subsequently, the predicted radar image and satellite image will be
used in two partgrirst, it will flow into the random forespart to estimee the precipitation rat&econdit will be recursively

used as the input dfiedeep learning part to achieve a lead time of two hours.

The reasoswhy we do not predict precipitation directly using deep learmirgps follows: 1) The precipitation datve
collectedareirregular site data, whichredistributedonly on land anddo not include precipitation on the se@dq 1). The
combined radar reflectivity (Fig(d)) and Himawari 8 satellite data (Fi¢®) are regular grid point data and incluskadata.

The spatial distributiasiof these three types of dateeinconsistent, so it is impossible to make a featabel correspondence

to directly predict precipitation. 2) The use of shapefiles to extract radar echo or satellite data on lzandsevithe edge of

the echo to be limited to the land, which loses the meaning of extrapolation. 3) We hope to improve the transferability of
MSDM that can integrate different kinds of data except grid point data. Therefore, the method of processitagipredigia

can be used on other observation site data in daily operation. 4) We believe that deep dff@iginty extracts the long
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period trendin precipitation, but it cannot capture the transient characteristics of precipitation. Thereforehfoaintall

event, we useandomforest to model thaonlinearelationship betweemultisourcedata to capture its unique characteristics.

3.2.2ReferenceModels
3.2.21 Optical flow method

We first employed rainynotion v1, an optical flow model proposbkd Ayzel et a(2019) to evaluatethe performance dhe

optical flow algorithm for tracking and extrapolating radar exginy our dataset. It performs pdgron the radar echo data

when the lead time is up to 60 minutes. However, it performs better on satellite data, which are recorded every 30 minutes
We believe that cloud layeanotionis dominated byair advectiontransportationthus the optical flow method can better
simulate is motion characteristics. Additionally, the temporal resolution of satellite data is coarser (30 minutes), so we can
directly obtain the sequence of four frames of the following 2 hours through one prediction rather than iterative prediction.
Optical flowcan predict such short sequences quickly and shows great advantages in saving computing resources and avoidir
error accumulation. In addition, tmeain drawback otthe convolutionoperationis that it smooths the characteristics of the
image, and the lel of smoothness increases when applying convolsitiecursively in deep learning models. Therefore, to

ease the smoothing of radar eeband preserve more details of precipdatsystems, we decide to use the results of satellite

data predicted btheoptical flowcomponent obur model.

3.2.2.2ConvLSTM

ConvLSTM(Shi et al., 2015)s a traditional modelor the QPN problem. Hence, we compare our model with ConvLSTM to
see whether the model with multisource data performs well when we simply forr@iatasanimage-to-image problem

ratherthan a spatiotemporal sequence problem (Eq. 1).

n B m Gl "Qapm B Cn M BW o, (1)
n Bm

Tensom representsheradar echo map in the shape of 2866 at time t, and tensanr  representshe modelprediction

result

3.2.23 U-Net

U-Net (Ronneberger et al., 2015) was employed by Agrawal et al. (201QPfdr They treat the problem as an image
image problem (Eq. 2) to forecast thecipitation in the next hour.

n Ol Qapmd " n o, (2)
n

Tensom and N isas in Eq. 1, we use the-Net architecture to predict the radar imagen8futes later in comparison to

theMSDM to demonstrate that the combinatiomuiltisourcedata is better than single source data.
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3.3 Training and evaluation method ofthe MSDM

The model that we designed is a modifiedNet model (Fig 3). We use the radar and satellite data as inputs, and the output is
the intensity of the radar echo after half an hour (Eg. 3). The two kinds of data were fed into the encoder and theatexbncaten
by skip connections and flowed into the decoder and transposedlutional layefFig 3).

n i Qapmd TN R (3)

n
TheMSDM uses weathaadar echalatan andHimawari 8 satellite brightnesemperature data to predict the radar echo
map at time t+5. After the first round of prediction, we combined from our model and the predictions-of from
optical flow for further prediction.During preprocessingthe weather radar data and Himawari 8 satellite brightness
temperature datare extractedvhich cover the area &3.0-35.8'N, 113.0125.8E with a256x256window. Then, the values

of these datéaretransfornedinto pixelsd by Eq. 4

o —, (4)

To improve theémagequality, we apply a modifiedtructural similarity index (SSIMWang et al., 20043stheloss function,
which is helpful to solve blurry image problem#éeloss function fothe predicted image and ground truth is defitgdEq.
5:

DEi i p "YYOD o p , (
5 )
wherew is the predicted imagey is the ground truthand’ and’ are the averageluesof ®  andw
respectively,, and, arethevarianceofw  andw |, respectively, is the crossorrelation ofw

andw .06 andd are small positive constants. In each calculation, a window of 3x3 is taken from the image, and then the
window is continuously sliding for calculatioRinally, the average valus taken as the global SSIM.

To evaluate our model, a comparison was made between the optical flow method, ConvLSTM\etohéthods. Due to

limits on computational resources, we use a few frames to predict the festiits half-hour. Then, the outpuesults are

used to iteratively predict the radar echo in the nexthi@lfr to achieve a lead time of 2 hours (Fig 4). For the baseline
sequencédo-sequence models (ConvLSTlghtical flow), we use the first 5 frames.{¥To) to predict a sequence of thext

5 frames (T~Ts) and use this result to iteratively predict the remaining three sequere&so(T11~T1s, T16~T20). FOr image
to-image models (LNet, MSDM), we use framegTo predict frame Fand use this prediction as input to iteratively predict

the following frames (%o, Tis, T20).

10
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Figure 4. The time sequences of theptical flow, ConvLSTM, U-Net and MSDM.

3.4 Performance Evaluation

The MSDM is trained with our dataset on Google Cétebwith TensorFlowGPU-2.2.0 and executed amNVIDIA Tesla
P100 GPU 16 GB). In total, 240 days of datasedfor training, 26 days fovalidationand 26 days for testing. Athe models
are compiled withthe Adam optimizerand the learning rate is set at 0.001. To awewkfitting, we apply the eardgtopping
strategy to monitor the lossthev al i dati on set . We use sever al metric¢s
namely the critical success ind€<SI, Eq. 6, Heideskill score (HSSEQ. 7), falseaarmratio (FAR,Eq. 8 (Woo and Wong,
2017),root mean square errafl@MSESs), and useghe SSIM to evaluate the structural similarity betwéleagenerated image

and target image.

hits
CSl————— 6
hits+mi sadeasdfsal se ( )
hit¢ oract nemialifsav s e al arm
HSS — — 2 _ . , . (7)
mi ssfal se atha&¢mrrect mégdtilve hiltaomrect "negative
false alarm
FAR ——— (8)

hithalse’ alarm

wherethe correct negatives, hits, misses and false alarms are determined by the threshdbeedunel Wong (2017) provide
more details about these metrics. We applied six thresholds of 0.1, 1, 5, 46028, dBZto calculate theCSI, HSS and
FAR. To stras the importance of areas with large radar reflectivity, we assign a weighh r e s(kp 9)t different
thresholds and calculate the weighted CSI and HSS4tberthe better).
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We set all the weights to 1 ftine FAR (thesmallerthe better) because we believe that the influence of &dsmsof every
threshold is the sam&he RMSE is used to evaluate the global eabthe predicted radar imag€or the SSIM, we set the
Gaussiarfilter size to %3 and the width to 1.5 to evaluate the local structural similarity bettheagenerated image and

target image.

255 4. Results

4.1 REE

In the region we select ov&ast Chinathe radar echo and precipitating cloggistemchange little betweetwo adjacent
frames (6 minutes). Therefore, the results oft@imodelsare showrevery 30 minutes (Fi§). The input ofoptical flow and
ConvLSTMis asequence of 5 frames before time 0, and the outmaeaguence of 5 frames in the following kiatfur. The
260 input of U-Net isasingle frame otheradar echo datattime Q andthe input ofthe MSDM includes drameof satellite data
and a frame ofhe radar echo dat&Vhen the output of the first 30 minutisobtained, we take it @beinput to replacehe
real data for further prediction. Afténefirst stepof prediction, the satellite datae inputinto the MSDM for QPN by the

optical flow algorithm. Becausesloud movemens aredominated byadvective motion the optical flow methodis used

12



265

(@)

13



