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Radar echo extrapolation algorithm based on adversarial

long short-term memory network
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Abstract . Objective Radar echo extrapolation is an important method for short-term precipitation prediction. It can achieve
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faster and more accurate predictions compared with traditional methods, such as numerical weather forecast and optical flow
method. Among them, numerical weather forecasting requires complex and meticulous simulations of physical equations in
the atmosphere and then uses observation data as input to predict future weather conditions. The optical flow method is cur-
rently the mainstream method used by the meteorological department, but it has two inherent flaws. On the one hand, only
two adjacent frames can be used to estimate the optical flow; on the other hand, the radar echo sequence cannot be fully
used for prediction. Nevertheless, the radar echo extirapolation method based on deep learning can take full advantage of
spatiotemporal sequence data to achieve faster and more accurate prediction. In addition, the echo extrapolation algorithm
based on convolutional long short-term memory network ( ConvL.STM) has been proved to be effective in real applications,
and the effect is superior to other deep learning extrapolation algorithms. However, it ignores the limitations of ordinary con-
volution operations in the face of locally changing features, and in the extrapolation process, the loss function is simply
defined as mean square error (MSE) , ignoring the distribution similarity between the extrapolated image and the original
image, which is easy to cause information loss. To solve the above problems, an improved echo extrapolation algorithm
based on adversarial long short-term memory network (LSTM) is proposed. Method First, in view of the local-invariance
limitations of the traditional convolution kernel, we borrowed the idea of the dense optical flow method and constructed a
two-dimensional instantaneous velocity field for all pixels to extract the motion information of each part of the object. Based
on this idea, ConvLSTM is improved to form flow long short-term memory network ( FLSTM) , which is an optical flow opti-
mization extrapolation algorithm. The algorithm uses optical flow to track local features, breaking through the limitation of
local invariance of general convolution kernels. Then, according to the characteristics of radar sequence data (high-dimen-
sional spatiotemporal data) , the convolutional layer is used to extract effective spatial features to reduce spatial redundancy
in the encoder, and then deconvolution is used in the decoder to amplify the generated decoded features to the size of the
original image to form an output sequence. The convolutional layer and FLSTM are cross-stacked in depth to encode the
input spatiotemporal sequence data into a fixed-length vector. The deconvolution and FLSTM are cross-stacked to decode
the output sequence from the encoded vector. Finally, in order to obtain extrapolated images with higher accuracy, an
adversarial generation network is introduced, and an extrapolation model forms an end-to-end game system deep convolu-
tional generative adversarial flow-based long short-term memory network ( DCF-LSTM) . In this system, the generation
network is the extrapolation model that tends to be stable after pre-training. Then, the pre-trained generation network con-
tinue to be alternately trained with the discriminator to further fit the extrapolated image distribution to the real image distri-
bution, thereby improving the accuracy of the extrapolated image. Result Experiments were carried out under four different
reflectance intensities. The DCF-LSTM model is compared with the flow based ConvLSTM (FLSTM) and DC-LSTM, which
is an optimized convolutional LSTM by integrating deep convolutional generative adversarial network (DCGAN) , and three
mainstream meteorological business algorithms. The experimental results show that DCF-LSTM had the best performance
under all intensity thresholds. Its probability of detection (POD) and critical success index ( CSI) are higher than the other
two methods, and it has the lowest false alarm rate (FAR) and mean square error (MSE) , especially when the reflectivity
is 35 dBZ. The higher the value of POD and CSI, the better the model performance; the lower the FAR value, the more
accurate the model. Compared with FLSTM, DCF-LSTM has a 0. 012 higher POD, 0. 02 lower FAR, 0. 015 higher CSI,
and 0. 115 lower MSE. Compared with DC-LSTM, DCF-LSTM has 0. 035 higher POD, 0.03 lower FAR, 0. 034 higher
CSI, and 0.274 lower MSE. In addition, compared with TrajGRU, ConvLSTM, and Flow methods, DCF-LSTM has a
0.018, 0.047, and 0.099 higher POD; 0.015, 0.036, and 0. 083 higher CSI; and 0.012, 0.034, and 0. 087 lower
FAR, respectively. Conclusion The experimental results show that the optical flow method can enable the model to learn
the dynamic changes of local features in the radar sequence, breaking through the limitation of local invariance of the convo-
lution operation and making the model more resistant to distortion. In addition, the introduction of DCGAN module for fur-
ther game training prediction model can further increase the accuracy of the results. Compared with the three mainstream
meteorological business algorithms, the DCF-LSTM echo extrapolation algorithm proposed in this study has further improved
the accuracy of radar extrapolation.

Key words: radar echo extrapolation; convolutional long short-term memory network ( ConvLSTM) ; deep convolutional

generative adversarial network (DCGAN) ; optical flow; sequence-to-sequence structure
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Fig. 1 Diagram of echo extrapolation
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BRI RERG T, I8 FH Xk M 47 1 B 48 95
£ FIHYSRTEA X, FIREIRE H,_ iH8 REHE
i, SRS METEB U, v, TR AT, st R A
PR BE THE I (Farnebick , 2003 ) 1938 % 6
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PR 2 AEf55 R %k, H AR (55 n] AR A A
WESEEX R X = (v y)" HERH R EITA N
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Fig. 6 Visualize the optical flow field(the number of layers increased from left to right)

1.3 DCGAN Xf#i%3]
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Table 1 Parameters of network
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Fig.7 Diagram of extrapolation model architecture
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FLZ 16 in A J& &8 V4 — 4k J2 ( batch normalization,
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SEJR SR Logistic 10105, PR I 330 350 4340 2 ok B0 S
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SHRARIREHZE, SHREMNT, i =1
i, FoRi A BSOS RS y, = 1 N E fil
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Fig.8 Discriminator structure diagram

x2 FIABEMESH

Table 2 Discriminator network parameters

MR BREIGE PR BOTRRED MZoolioe

Convl 5x5 2x2 same 64
Conv2 5x5 2x2 same 64
Conv3 3x3 2x2 same 128
Conv4 3x3 2x2 same 128
FC1 - - - 256
FC2 - - - 1

25 LA BRSSO RIAE RLES G AR R AR
I3 E S

D,.. = Loss, + Loss, (22)

G,,.. = Loss; + MSE (23)
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YIRETF I, AR I ol B2 b s 22 8540
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A4 H IR E 0, A07 56 I 2R 35 180
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7N, 2% L SNSRI ) AP B AT
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ko RIS R R BUR &8 X 81 iz s {5 8., iF
422 (14 ) 30 28 U2 e (00T HH B B H s X 3]
FFEATE B, IR L itk ConvL.STM
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K9  DCF-LSTM & {RRRI St
Fig.9 The overall model architecture of DCF-LSTM
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2 IWHESMH
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SRS Y 2230 R TR R AR B R I TR) S 2010—
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K, R ERZHREA th 61 MR ER KPR R A, )2
WAL 2, W 3 km, TS B FEAK 43
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SEHA A 10 000 AN FeAUAE R UITZR, 1 000 47 54
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TR n] s 20 o i Al B BRSO ~
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DK EE R PNG A6 2 A7A
2.2 WEEE

SR A G0l 55 Hh B9 TE 8 % (probability of
detection, POD) %5 412 K (false alarm rate, FAR) | IIfi
D148 %0 (critical success index, CSI) A M MSE fE
k[ SRR A PP A AR

G5, X AR E] A R K R B 25 T 1Y

SR EEAN ] PR 1 7 12 MR A 28 7 AN ] o K A
TILE A RIE M A IR SRR . I
AT K 5 B, 3 B 6 197 14 2 S5 S5 08 1 2 43 3] %
o7 AR B, BV AT S Bl e 7K i B A I A I
(RAE , A SCE S REIS fih /2 AN TR R JEE [ K 19
S 23 [ (A KT S UG FNAR HE A% EE A T —(E
FRALBE KT B A BB R 2 R 255, /N T iz BE
EE— e R 0, KI5 Geitfr b 4, 25 R
PR, HR IR IE T 2 (POD) |\ & it % (FAR) #I
I PR INHE R (CST) o[RS, ¥5 MSE 1 2 WL Rz ik
HNFE G AR DR B B b v
2.3 LWERSH

S A5 RATHE 2 8 SR AR IPAG RO AT A2 SR
IR TTTHINES
2.3.1 ZERGPRITAG

SEUG RO %R 35 dBZ .40 dBZ .45 dBZ Fi
50 dBZ B 4 45 T 300 B 7K 0 45 G AR A i g K
W (AT AR AL, XS89 53 IR R B K I S /N
SN E S IR E &l I BUNE E= oo e ]
oA 3 37 T T LU SRR A TP . A B X
et FHAS SCHE M L T X FLSTM 14 171 38 A1 Hf 4 v5
(DCF-LSTM) 51X % it DCGAN £ ConvL.STM 5%
(DC-LSTM) AL A A A9 ConvLLSTM 553 ( FL-
STM ) #E47 X L 52586, T 56 Uk 41> el ik 550 A 4L
Pk 5 H AL 33 %6 455 ConvLSTM ( Shi
2,2015) Ul TG IR PR TG (trajectory gated recur-
rent unit, TrajGRU ) ( Shi %, 2017 ) DL } % i ¥
(Flow) ( Farnebiick ,2003 ) 3 Ff == i vk %) b, FHF
BRI HER A TE 4 DERE ST, T
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E, MK, KOS, ERRER
MEHSIEERICIZ MBRI B EIRIMERE

TAMERH Y 1 h IS5, SEe A Rk 3—3& 6 fir
7, A PEAL P A S R BB [R] N B 38R, RIS,
RN (NERUR: IR =S &/l X i oy I O Nl (R S s
TAXE S ConvLSTM , TrajGRU Hil Flow 5 ¥:7E
10 EFREE (1 h) o T bR gl i) 22 fbas 78
fraeit, g5 5% an & 10 fs .,

*R3 AREZFERHEXTETF
35 dBZ BYHSKIG 55 R 2T L
Table 3 Comparison of experimental results when

reflectivity more than 35 dBZ among different algorithms

(N7 POD FAR CSI MSE/10*
FLSTM 0.642  0.450  0.421 1.944
DC-LSTM 0.619  0.465  0.402 2.174
ConvLISTM ~ 0.612  0.473  0.395 2.244
TrajGRU 0.635  0.458  0.413 2.007
Flow 0.542  0.571  0.315 2. 644
AL 0.654  0.433  0.436 1. 854

TE L7 SRR 4 81 el 4

*4 AEAEEERFEXTETF
40 dBZ BB KU 55 R XL
Table 4 Comparison of experimental results when

reflectivity more than 40 dBZ among different algorithms

(ERFS POD FAR CSI MSE/10*
FLSTM 0.582  0.478  0.384 1. 687
DC-LSTM 0.542  0.514  0.337 1. 846
ConvLSTM ~ 0.539  0.502  0.350 2.018
TrajGRU 0.571  0.483  0.372 1. 644
Flow 0.483  0.542  0.307 2.271
AL 0.597  0.475  0.388 1.572

TE L RS 2% 91 Bl 4

M 3—F 6 & 10 FTLAFE 1) 76 H B 4T H
SRR, AEAS [RS8 2508 B X R i Ge T 45 SR
ASCHEH A DCF-LSTM A POD Il CSI 7 fT A5 52 J&
W E T 805 SRR 7 L35 B =, FAR il MSE ¥4
el , FERSRARKFET 35 dBZ &4 F, M 4
FLSTM F11 DC-LSTM , POD %5 57 ZN i Fb 5 2 40 531 25 1
0.012 F10. 035;FAR 43l N F% 0. 02 1 0. 03 ;CSI 433l
B 0. 015 F10. 034 ; MSE 435I FF% 0. 115 F10. 274,
XA SR TE BT A A AR B R AE A5 R, R
JE35 ABZU S MG B2 BB RO R IUA K,

x5 AREZEERMEXTET
45 dBZ YR SKIG 55 R 3T L
Table 5 Comparison of experimental results when

reflectivity more than 45 dBZ among different algorithms

GIRFS POD FAR CSI MSE/10*
FLSTM 0.539  0.502  0.350 1.455
DC-LSTM 0.518  0.519  0.332 1.722
ConvLSTM ~ 0.507  0.524  0.325 1.794
TrajGRU 0.536  0.503  0.347 1.531
Flow 0.461  0.558  0.291 1.977
A3 0.548  0.499  0.354 1.328

T L AR R 7R %91 Bl 45

*6 AREEERFEXTETF
50 dBZ BYHI KI5 R XTLL
Table 6 Comparison of experimental results when

reflectivity more than 50 dBZ among different algorithms

(ER7S POD FAR Sl MSE/10*
FLSTM 0.461  0.564  0.289 1.348
DC-LSTM 0.434  0.582  0.271 1. 655
ConvLSTM  0.421  0.599  0.259 1. 676
TrajGRU 0.453  0.567  0.284 1.362
Flow 0.385  0.637  0.230 1.802
A3 0.469  0.555  0.296 1.241

TE O AR R 2% 91 Bl 4

HIERAE R WEE 2 R AR TR, 2
PRI 244, 3853 DCF-LSTM Al FLSTM fiY
SIS XH UEBH T B4 iIn DCGAN X FU 4 o A5 47 1E
fEH ;5 DC-LSTM A58 FEUER T 51 A6 % 6E
U HETHHIMEAR Y () P AE R, SEIG 4 AT A AR SC
XML I AR, 2) 765 HoA 32 0 5 0 e
I, A SCHE B DCF-LSTM 78 BT A5 WA bR v v 2
e, HXFF ConvLSTM  TrajGRU LA J% Flow , #845 #
MSE Fll FAR A%, [F B POD Al CST #¢ &, MARTE
FHERR PRI B, K F 40 dBZ (19 CSI FIR F
45 dBZH FAR XA fatn iR i S B4, (H 2% j 5| it
JEIF 90— B A ) FH AR 53 T AR X5 (8 0 DB 2 FE
Rl 2 H RIS S R, DCF-LSTM A
T TrajGRU , ConvL.STM F1 Flow J5 ¥, POD SF- 14 184
£:0.018.0. 047 F1 0. 099 ; CSI “F- 1444 K 0. 015 ,0. 036
F110. 083 ; FAR “FH4 F[40. 012 0. 034 F10. 087, SZEGIE
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Fig. 10  Comparison of changes of every index among different algorithms

((a)frame-wise POD over test sets; (b)frame-wise FAR over test sets; ( ¢)frame-wise CSI over test sets)
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Fig. 11
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