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Abstract. East China is onef the most economically developed amdstdensely populated areas in the world. Due to its

special geographical location and climate, East China is affected by differatiter systemse menseensuch as monsoons
shearine-typhanlines, typhoonsand extratropicatyelene-tyclones. Irtheimminentfuture, therainfall rateaffected-by
whichis difficult to predictpreciselypredictdue to these systenifraditional physicshased methodge - Numerical-\Weather
Predietiorsuch as numericaleather predictioNWP) tend to perform pobyr fer-theon nowcastingaroblerproblemsdue to
itsspinughe spirnrup issue Meanwhildvioreover various meteorological stations are distributeen thisregion generating

a large amount obbservation data every day, which teagreat potential to be applied to datdven methods. Thus, it is
important to train a datdriven model from scratch that suitabletefor the specific weather situation of East Chikige

colleeHowever, due to thaigh degres of 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 af@rghysical constraints, we

collectedthree kinds of data (radasatellite,and precipitationdatg in the flood season from 2017 to 2018 of this area and

preprecegsreprocessethem intordarrastensory(256x256) thatcover East China with a domain of 1212.8. The Multi-

Seurce-Data—Mode{MSDBM)-which-we developedmultisource data moddMSDM) combines theDpticabptical flow,
Randernandomforest andSenvelutional-Newral-Networdonvolutional neural networCNN)) algorithms It treats the

precipitation nowcasting task as an imagémage problem, which takes radar and satellite data sgithinterval of 30

minutes as inputs and predicts radar echo intersitith a lead time of 30 minutes. Treducethe smoothing caused by
comelutionconvolutiors, we useDpticathe opticalflow algorithmto predict satellite data in the following 120 minutes. The

predicted radaecheechasfrom the MSDM together with satellite data froBpticathe opticalflow algorithmarerecursively
implemented irthe MSDM to achievea 120mindgtesminutelead time-The MSDM predictionsfrem-MSDBM are comparable

to those obther baseline models with a high temporal resolution of 6 minutes. Totseblerry image problems, we applied

a modified structural similarity $SIM) indexasa loss function. Furthermore, we uB&ndenthe randomforestalgorithm

with predicted radar and satellite data to estimate the rainfalbratée result®utperformthose ofthe traditional nonlinear
radar reflectivity factor and rainfall rat&-{R-relationship) relationships that use logarithmignctions. The experiments

confirm that machine learning witlhulti-seureenultisourcedata provides more reasonable predictions and reveals a bette

nertineamnonlinearrelationship between radar echo and precipitation EseidestheApart from developing complicated
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machine learnin@lgorithmswill-be-developedexploiting the potential chutti-soureenultisourcedata will brirgyield more
improvements.

1. Introduction

In recent years, deep learning and machine learning have achieved great advances withihig-dataendedEemendous
meteorologicaldataare producedevery day, which perfectly matches these novel-dateen artificial intelligence Al)
approaches. Quantitativerecipitation-Noweastinmrecipitation nowcastingQPN) by-using Radar-Eche-Extrapolatioadar
echo extrapolatio(REE)havehas recentlypecome popularecenthy(Tran and Song, 203 PrecipitationNeweastingmalkes
the-predietien-ehowcasting predictgainfall intensity in the followingseveralew hours. Based on various data with high
spatiotemperaspatiotemporatesolutiors, theAl precipitaion prediction can be relatively accurate compared with traditional

numerical weather predictioN{VP) methodsU-Net (Ronneberger et al., 2015) is a weaibwn network designed for image

segmentationand its core is upsampling, downsampling, and skip coimmedt can efficiently achieve high accuracy with a

small number of samplefgrawal et alAgrawal-et-al;2019) treaed the-precipitation nowcasting as an imageimage
problem. They emplasdtheU-Net(Ronneberger et al., 20)lte predict thehangesfin radar echdor QPN which is superior
to N-O-A-A-8ligh Resolution Rapid RefrestHRRR) numerical predictiorfrom the National Oceanic and Atmospheric

Administration (NOAA)when the predictiotime is within 6 hours. Sonderby et @aderby-et-al-n.€(P020)proposeca

d he-next-8-houpsecipitation-with-a

(NWM) called MetNet that uses axis saltention (Ho et al2019) to discoveweatherpatterns from radar and satelldata

MetNetcan predict the next 8 houo$ precipitationin 2-minute intervalswith a resolution of 1 kilometeShi et al (2015)

treated precipitation nowcasting as a problem of predicpagiotemporal sequencasd modified the fulliconnectedong

shortterm nemory (FC-LSTM) by replacing theHadamardoroduct witha convolution operation in the inptio-state and

stateto-state transitions. They believe that cloud movement is highly uniform in some areas, and cosvcdnticapture

these local characteristicEherefore, the convolution operation in the input transformations and recurrent transformations of

their proposeaonvolutionalLSTM (ConvLSTM) helps to handle the spatial correlatidhgrthermore, they apply the same

modification tothe gated recurreninit (GRU) and notice that convolution is locatimvariant andocuseson only a fixed

location because its hyperparamstédernel size, padding, dilatiorgre fixed. However,in the QPN problem, a specific

location of cloud clusters continuously chasgeer time. Hence, Shi et al. (2017) proposédjectoryGRU (TrajGRU) that
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usesa subnetwork to output a locatimariant connection structure before state transitions. The dynamically changed

connections help TrajGRU capture the trajectory of cloustets more accurateflyan previous methods the field of video

prediction, Wang et al. propasearious recurrenheuralnetworks(RNNs) based on LSTM. For example, they designed

PredRNN++(Wang et al., 2018With a cascaded dual memory structure and gradient highway unit, which strengthens the

power for modeling shotierm dynamics and alleviates the vanishing gradient problem, resgectiv addition, to capture

spatial characteristics through recurrent state transitions, Wang et al. (2019a) integrated 3D coswdigl®ohSTM units
and proposed Eidetic 3D LSTM (E3DS5TM). Moreover, Wang et al. (2019b) designtbé memory in memoryMIM)
network to handle higheorder nonstationarity of spatiotemporal data. By using differential signals, MIM can model the

nonstationary properties between adjacent recurrent states. However, their work is based on a slight modification of existing

techiques demanding massive computing resoul@esodeltraining andhas not beeapplied tobig meteorologicatiata.

Computer vision techniques have long besedun object detection, video prediction, and human motion predietiorTran

and Song(Fran-and-Seng;—2019(@2019) used image quality assessment techniques as a new loss function instead of the

common mean squared er(MSE), whichwillmisleadmisledthe process of training amginerate-thgeneratedlurry image.
ical-flow-methods-simply-describe-thesition-andvelocity of the radar echwith-a-constant veloeitimages Ayzel et al

(Ayzeletal;2019)designedan advancednodel based othe multiple optical flow algorithm for QPN, but it still performs

badlypoorly in the prediction ofhe onsetand decay oprecipitationsystems

Hence—to-makefull-uskbecauseptical flow methods simply calculate the position and velpof the radar echo with a

constant velocity rather than consider the changing intensity of radar echo.

On the one hand, the curremtassivemeteorologcal-amounts ofdata combining—Optical-Flow—metheds—and-Deep
underutilized; on the other hargtientists in the field of machitearningare-conducted-to-predict-the-Qfolus on pursuing

high accuracy by increasing the complexity of modelsed orthe-characteristics-of-mulé singlesourceof datg-such-as
radar-echo-tnfraredsiven this backgpund, from the perspective of atmospheric science, we build a multisource data model

(MSDM) with the aim of fully using multisource observation data (for example, radar reflectivity, inSateitite data, and

observation-data—et-ahjn gauge data) anfind suitable machine learning algorithms (for example, deep neural network,

optical flow,andrandom foresalgorithmg for each type of data that can ensure accuracy while saving computing resources.

In addition due to the high degrsef freedom andhonlinearityof neuralnetworks it is difficult to apply physical constraints

to thesemachine learning models. Hence, we htiet multisourcedata will function as a proxfor physical constraints to

guide the modetluring the training process. Theain advantage of MSDM lies in its transferabiligny machine learning

model and observation data can be incorporategtie model. For example, wind speed data can pexy for dynamic

constraints, and temperature data can functioa psxy for thermodynamicconstraints Due tothe limit of computing
resources, the aim of this paper is not to achieligher resolution orceuracy-of-thredictionaccuracybut to propose a
methodef-combining©ptical-Flevwmachine learningandENNdeep learningvith radar echo data, satellite data, and automatic
ground observation date makechievephysically reasonabl@PN
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The dataset and methods udedn this studyare described in section 2. Section 3 shows the results. Section 4 draws
conclusions and discusses some possible future work.

2. Materials and Methods

2.1 Dataset

The spatial and temporal distribution characteristics of precipit@ienrelated tanany factorsike, such ashe terrain,
atmospheric circulation, and climatic conditiomse To trainthe-Beep deeplearning modete-learrthat can capturthe
preciptation characteristics of East China, we collectedt-soureenultisourceobservation data of the flood season (May to
September) for a total of 306 days from 2017 to 2018. Due to the missiaglata from May 1 to 9 and September 26 to 30,
2018,theralar-data-ighere areonly 292 day®f radar datdn total. The missing datare obtained by interpolatirtge dateat
thefrom adjacent momenté&imong the dataRrecipitatioithe precipitationdata of regional automatic ground stations in East
China with a time interval of 10 minutese shown irFig 1.

| . stations

14 124



stations

110 Figure 1. Distribution of the automatic ground stations in East China.
The weather radar data (resolution 0.5%>0 .5} have been preproessed intdhe combined reflectivitywhese the latitude
rangeis from 21.0°N to 36.C°N, thelongitude ranges from 112.C°E to 125.9E, andwaglata wereavailable every 6 minutes
(Fig 2(a)).TheHimawari8 satel |l ite brightness t e mpeeaneethannek07-t6areased( r esol uti on 0.5
with a latitude range of 97N, a longitude range of 11:027-E, and a time interval of 30 minutes (Fig(B)). The links for

>
o
(&)]
>

115 thedatasets are as follows
Radar datahttp://data.cma.cn/data/detail/dataCode/J.0012.0003.html
AWS datahttp://data.cma.cn/data/detail/dataCode/A.0012.0001, html
Himawari 8 satellite datdnttp://www.cr.chibau.jp/dg¢abases/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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of channel707 (b) on May 1, 2017.
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Model Description

Model Architecture
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Figure 3. Structure ofthe MSDM.
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To incorporatenultisourcedata, we designeeh MSDM with three partsdeeplearning.optical flow, and random foreéEig

3). The deep learning partthe MSDM is inspired by the statef-the-art U-Net (Ronneberger et al., 2015) designed for image

segmentation. It follows the encoef#ecoder structer that encoder has 8 down sample blocks and decoder has 7 up sample

blocks. Eachdownsamplingblock in the encoder consists of Convaiatchnormalization and leaky rectified linear unit

(LeakyReLU activationlayers Each upsamjgig block in the decodéncludestransposedonvolutional batchnormalization

dropout of 0.5 (applied to the first 3 blockahdReLU activationlayers In eachconvolutionallayer, the step size parameter

(stride) is set to 2, and vaiesetveen 44 and2xsceekiratiespat@lcirammaedistics T h e

at different scales. Thieatchnormalization layer effectivelavoidsthe gradientdisappearancgroblemandimprovesthe

convergence speed. We use dropout to randomly discard some informitti a probability of 50% to prevent overfitting.

The activation functiomddsnonlinearity to each block aradlowsthe modeto bettedearnthenonlinear relationship between
theinput and target. Transposednvolutioral layers are introduced to sstiiuteupsamplindayers in UNet to increase the

resolution oftheimages. As in tNet, there are skip connections between the encoder and decoder to solve the problem of

gradient explosion and gradient disappearance during training.

Theprimary reasonhat we uséransposeaonvolutioral layers to replacepsamplindayersis thatboth layers are used for

upsampling images. Upsampling layers use an interpolation method (for exaeglest neighbanterpolation,bilinear

interpolation andbicubicinterpolation) to rescale the input image to a desired size with a higher resolution. These interpolation

methods are preset, so there is little room for the network to [Haerdeconvolutioroperatioris not apredefinednterpolation

method and it has some learnable parameters to convert the output to the 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 parthe MSDM takes the array with shape of 256x256>2, which represents the height, width and

channel oftheimage. Radar and satellite grid point data are at differfeatnels The output of this part is a predicted radar

image 30 minutes later with shape of 256x256xL. The optical flowart 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 partgzirst, it will flow into the random forespart to estimee the precipitation rat&econdit will be recursively

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

The reasoswhy we do not predict precipitation directly using deep learmireas follows: 1) The precipitation data we

collectedareirregular site data, whichredistributedonly on land anddo not include precipitation on the seféid 1). The
combined radar rédctivity (Fig 2@)) and Himawari 8 satellite data (Fi¢h®) are regular grid point data and inclusiadata.
The spatial distributiogiof these three types of dateeinconsistent, so it is impossible to make a featabel correspondence

to directlypredict precipitation. 2) The use of shapefiles to extract radar echo or satellite data on land will cause the 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 canintegrate different kinds of data except grid point data. Therefore, the method of processing precipitation data

can be used on other observation site data in daily operation. 4) We believe that deep ééfasigintly extracts the long

kernel

S

zZe



165 period trendin precipitation, but it cannot capture the transient characteristics of precipitation. Therefore, for each rainfall

event, we useandomforest to model thaeonlinearelationship betweemultisourcedata to capture its unigue characteristics.
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Training and evaluation method ofthe MSDM

The modelwhichthatwe designed is a modified-BeiNet model (Fig4)—Each-downsample-bleck-in-the-encodercensists of
200 GConv2D,Batchnorm,LeakyRelLU—Each-upsample-blo inthe-decoderi ansposed-Conv,-Batchnorm,-Dropout of 0.5
daroter use the
radar and satellite data as inputsdthe output is the intensity dfieradar echo after halbinhour (Eq.23). The two kinds of
datawere fed into the encodennd thenthey-wereconcatenated by skip connections d@advflowed into the decoder and
transposedonvelutiorconvolutionallayer (Fig 43).
205 n Q8w QA T TN R,
AP

n

( 2 ( 3 )
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Our-modelwarito-use-thehe MSDM useawveatheradar echo data andHimawari 8 satellite brightnesemperature data

+ to predict the radar echo map at time tF5erAfter the first round of predictiorwe combinedh  from our model and

the predictions of  from Opticabptical flow for further prediction.During preprocessingthe weather radar data and
210 Himawari 8satellite brightnesgemperature datare extractedwhich cover the area d23.0-35.8N, 113.0125.8E with a

256x256window. Then thevaluevaluesof these datéharetransfornedinto pixelsO by Eq.34 [Formatted: Font: Times New Roman
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tn-order-td o improve theimagequality-ef-images we apply a modified structuraimilarity index (SSIM) (Wang et al.,

2004)astheloss function, which is helpful to solvkeblurry image problems.Heloss function fothe predicted image and
215 ground truth is defined<y Eq. 45:
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( 5 )
ta-whichwherecd  isthe predicted image) is the ground truthand’ and’ are the averageatsevaluesof

® andw |, respectively, and, arevariancehe variancesof @  andw |, respectively, is the

220 crosscorrelationofd  and® .6 and6 are small positive constants. In each calculation, a window of 3>3 is taken from
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the image, and then the window is continuously sliding for calculadiea-finally._Finally, the average value is taken as the
global SSIM.
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To test-ievaluate our model, a comparison was made betteemulti-source-dat®anhelp-to-improve-REDptical flow

method, ConvLSTMandQPN-tasksU-Net methods. Due to limits on computational resources, we use a few frames to predict

the resultdor the half-hour. Then, the output results are used to iteratively predict the radar echo in the nbgthtdf

230 achieve a lead time of 2 hours (Fig 4). For the baseline segtesegquence models (ConvLSTMptical flow), we use the

first 5 frames (Ta~To) to predict a sequence of the next 5 framesTd) and use this result to iteratively predict the renmajn

three sequences IT1o, T11~Tis, T16~T20). FOr imageto-image models (tNet, MSDM), we use framegfo predict frame T

and use this prediction as input to iteratively predict the following fram@sTi, Too).

Ti~T T T~ To T~ Ts Te~ T

Optical Flow —  Optical flow

—  ConvLSTM

ConvLSTM
—_ U-Net

sl MSDM

? Predicted Radar

U-Net
sequence

Predicted Radar
image

MSDM

Predicted Satellite
image

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

Performance Evaluation

The MSDM is trained with our dataset on Google Caladiro with Fenserflowl ensorFlowGPU-2.2.0 and executed am

NVIDIA Tesla P100 GPUX6GB)16 GB). In total, 240days of datareusedfor training, 26 days fovalidatingzalidation

and 26 days for testing. Alhe models are compiled witthe Adam optimizerand the learning rate is set at 0.001. To avoid
240 overfitting, we apply the eargtopping strategy to monitor the loss—validation—set-The-eritical-success—index
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donottaketheinthev al i dati on set. We use several met r i cnamelyibe ev al

critical success inde§CSI, Eq. 6, Heideskill score (HSSEQ. 7), falsealarmratio (FAR,Eq. 8 (Woo and Wong, 2017)pot
mean square errofRMSEs), and usehe SSIM to evaluate the structural similarity betwekegenerated image and target

image
_ hits
CSlhi_ls+m\ sad eegfsa s (6)
hit¢orrect méigalts weal ar m
HSS — - - . i (7)
mi ssfalse athd¢emrrect méegétilse hiltaomrect "megative
false alarm
FAR (8)

hithalse—atarm
wherethe correct negatives, hits, misses and false alarms are determined by the threshdMbeeadunel Wong (2017) provide
more details about these metrics. We applied six thresholds of 0.1, 1, 5, 46028, dBZto calculate the€CSI, HSS and
FAR. To stres the importance of areas with large radar reflectivity, we assign a weight r e s(Ep @)@ different
thresholds and calculate the weighted CSI and HSS4therthe better).
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We set all the weights to 1 ftne FAR (thesmallerthe better) because we believe that the influence of &édsesof every

(9)

threshold is the sam&he RMSE is used to evaluate the global error of the predicted radar iF@gbe SSIM, we set the

Gaussiarfilter size to %3 and the width to 1.5 to evaluate the local structural similarity betthesgenerated image and

target image.

3. Results

3.1REE

In the region we select oversEast China,the radar echaas-well-aand precipitating cloudchangesystemchangelittle
betweentwo adjacenframes (6 minutes). Therefore, the results offalimodelsare showrevery 30 minutes (Fi§). The
input of Opticabptical flow and ConvLSTM isasequence of 5 frames before timexOdthe output isasequence of 5 frames
in the following halfhour. The input of thef\etis asingle frame otheradar echo datattime 0 andthe input ofthe MSDM
includes d&rameof satellite datand a frame of the radar echo datéhen the output of the first 30 minuisgieiobtained we
take it agheinput to replacehereal data for further prediction. Aftéhefirst stepof prediction, the satellite datse input
into the MSDMte-predicfor QPNby the Opticabpticalflow algorithm Becausehe-marementof-thecloudwasmovemens
aredominated byheadvective motion the Opticabptical flow methodis used
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