Computer Science and Application HE 1Rl 58, 2025, 15(4), 95-105 Hans X
Published Online April 2025 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2025.154082

ETRZXAEORFE NN EIE Transformer
|l

Kbk, KAEX, FHF, RAm
PR B TR 7 TR B, DI Al

Woks H . 202543 H3H; #HHEM: 2025F4H1H; RAHM: 2025/F4H9H

R

I3 Tk B R TWR R0~ 2/M RSB O, X0 F iR mn RSB RN H BiEsh Rk
BE, (ENYITRSTRPBRAESRENESEZ —, BEFRRFERN BEEREAEN . AT M
XX —Pkik, ASCHRH T —FE T Transformerf)gtdss - AL AT THRAR SN . ZEEMFHET
RXHE ORI HER AV, ATERERERRERRRENEF[RE; FNREES S SRR
REFERANE, LN RERTRER AR RELED S TRV E SRS 255 Rk
fiE, MTIRE—PRAETRMAERE. RHOEEEAT EEFEREIHEEL LHLRERFHRIET
BRA RS A .

eI 40!

LR, BARRS], BTEXEFONEESIHH], Transformer, RERRSM A

Transformer Nowcasting Based on
Cross-Window Self-Attention
Mechanism

Kunlin Zhang, Fugui Zhang, Yongping Lei, Taisong Xiong"
College of Electronic Engineering, Chengdu University of Information Technology, Chengdu Sichuan

Received: Mar. 3, 2025; accepted: Apr. 1%, 2025; published: Apr. 9, 2025

Abstract
Nowcasting aims to predict weather condition within the next 0~2 hours, which is critical for
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mitigating the impacts of severe convective weather and ensuring the safety of daily activities. As
one of the most challenging tasks in modern weather forecasting, nowcasting demands both high
accuracy and timeliness. To alleviate this challenge, this paper proposes a Transformer based on
encoder-decoder architecture for nowcasting. The proposed model employs a cross-shaped win-
dow self-attention mechanism to efficiently capture the global features of radar echo maps. Addi-
tionally, it uses convolutional blocks and a multi-scale attention mechanism to effectively extract
multi-scale local features. By incorporating a gating mechanism, the model effectively fuses global
and local features, further enhancing forecasting performance. Experimental results demonstrate
that the proposed model achieves superior performance on the public Shanghai radar echo dataset.
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1. 5|8

AR, BEEAESGIRIPE R, 5 B T A ik S 2 BRI for k72 B H 25 I 3R T
SERNEE B RERERSZ —, BARKMER. B3R, SRVEEN . BR8], X
SRt o 4 T 4 LR M oK T EL Bk . SR T v T 5 9 Ok 5 45 0 o o D S i
BT BRGS0~ /NFF I IT iR 5 1 G B S BR B Rk 2 /N PR AR, DUE
A 0T e PR P 3R T A . RS RS 2 L 4RI, B SS FE NI BRI T — 52 Ak
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2. XTI 1E
2.1. EGIEETRG %

PG T 7 i 3 EA B BB R TR 2] A T R IESME3 110757 BUE R AR5 TV 7
RERIS GO I B8 R B R AR — R 73 . 207 il AL R s S R BUE B, FIHT s R RE T
HUREAT BB, AT A5 BRI TR TR 45 R « BOREUE R TR BEA Aot F R K iz ahig s,
(EET X T I ARAE 55 10 & 5 12T IEAFAE — € MR R, ECRn e DURE A 1l B2 2N RUBE R 3K S5 4] TR,
P RE S04 L T B IR AMIE R VR O T IR TR R GE P B R Ve IX RV AT R R A A R,
BE S B R B2 2 /N RUZ K RG22 AL

A ARSI HE[ 672 AR A GEAMIE ik, e AT 3 BT S A e, i o
KARGIIBEN@S, K 200K KB AT SMERIA RIS Z], T SEBLIRE k. 2RI, IXL8T57%t
FAAE— LR IR o B oG, BN TR B TR A [ R Bl A 2 ST 1K, BT[] 98 8 P2 PR R 588 B2 A JEL I ] N B AN 22
R 5 SR K A B AT 7] HK, REETTIECHE RE 1 A A0 PR 1 [0 5 R 2 8] R A SR A
111 20065 1 22 41 v FL A T2 TR AR IR 25 OO 2R o TR T P 7K 1 i P2 AR A AT 4 B2 8] 7 T A7 — 52
IPRIME . 2k ER A AME I EIE 5 Z st — P Ik, 4 RE A2 24 A S XS I Pk B 7 5K

22. BT REZF ISR E
AR, PREER S [SIHAAI B T 1 Z ISR R AR A R IS 2] e R R ik e
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71, Refg R s s v 2 2] B B 2R ) AR Se it 08 RN A, 3K A e A Yot b 268 2 4 A Fi
FESARAE TR BB 7T 7 1] .

BE T IR FE 2% 2] (] 8] 7 B TN EE A, 72 Bk B Ee 1) 1 8 2200 RARRYE A o Shi &8 K I 1 TR AT:
AR IS (8] P FTROAE 55, JF 42 T B AR A IHCAZ #h 4 % 2% (Convolutional Long Short-Term Memory,
ConvLSTM) [9]. ZAE Y@ i 75 4% St 1K 3 #1012 4% (Long Short-Term Memory, LSTM) [10]74 5| A&
AR, A R A B 2 T O (eI EE b S R RS R, AT S G T AR OR B R AR . 9 T AR
ConvLSTM fEALPEE J [ /K RSt AT iz B M AAE TR I e i sl 3 A 2, Shi S8 A — 4R HH 75
145G 34 BT (Trajectory Gated Recurrent Unit, TrajGRU) [11], ‘& RJ DR 3 i N B 2 51 1 B AR AL )i
Feghiky, M SE Gt B2 s A A 284 o D 1 et 23 T 27 = Hh SR AR R AN R FE B Bh
PRI A&, Wang 58 NHEH T FI000 32 U9 40 28 X 2% (Predictive Recurrent Neural Network, PredRNN) [12],
PredRNN (14 45 B G IZ AL VIS IZ B e s 25, A AT TR K R G i T AR RRAE S5 K
WA R 2 RS SRR 1. /£ PredRNN HJZEAL b, PredRNN-V2 [13]45¢ 1 ici2 ZAEH AN
F ) SRR SR, aE— 2D R TR AN 5T 2 IR B AR A AT R I 1 8 0 RS Y A el AR o &

B 7 _bab 3 T 15 5 4 22 X 4% (Recurrent Neural Network, RNN) ) LAE, #& B4 W 4% (Convolutional
Neural Network, CNN)#E A H (8 (1) B A AE TR INAE /1, TEImia HRk s wig 8 72 M. Agrawal 55
NAERS B 45 IS4 N 2 WIS, 8 U-Net [14]1288 347 P,  FLFRME B8 00 T 42 So it At 5
[15]. Trebing % ALL U-Net [14)380 0580, I8 5] NGREE SRR E W] 2> B8, MmdeH T
SmaAt-UNet [16]. BT 4E U-Net VU732 — S50, RIAA 25 A SR,

AR CNN ZEA 2 AR A OC 2 07 1 AR I 57, 8 1A 1K) VA 298 i 22 (P % AN AR VA g 30 2 B ) R
il 7 AR A R AR e AT K AR ¢ RIMBE ). AHELZ R, RNN BEAAEAK A IR AR OC R, HIELFFI1b
A FRRFPEAE HIEVESRILIAT, SREUR AERRRCRAC T .

Transformer [ 17841 T H SR 15 5 AL FE(Natural Language Processing, NLP)Ais, {H 3 H i K 3
R AR 5 g A5 JHCAE T IF ] IR B v SR B[ 18111 2 ANk, B4 TR L BI[19]. H 32 3 [20]
DL R 52 UG 4y #1[21]55 . Transformer REA 12 SkiE B IHLHI e 68 = AU R KIAMRBOC R, A SCREIF
1715 . Rainformer [22]5 F 3T % M #) 2 kiF & J7(Window-based Multi-head Self-Attention ,W-MSA) [23]
PUA SRR 28 52 3] 42 AL, $RT1 1 o B R TN A L RE . LPTQPN 24132t T — MBS 2
B8 Transformer HE5E, K £ kT J7{EE JJ(Multi-Head Squared Attention, MHSA)JRAR I [ 7K 7Y w1 &
LR R, FINBRAE T iHEE . TempEE [25]32H T — A2 2RI B3 S, JR4s & — P
TG RAT 7 1 RAR R ZE A B IX T ) A0 S B BE AT A 4 B K 58 TP i A sh A AR A, AT A
TempEE g DUBUICH TH 5 AR S 30 e 13 1 Tt 12 e

JOE R B IR I I TR U AT | g R, (AU A A P 2 . Bl BER L
VE R B PER 35 (0 T B B, 8 I 2RI FE 2 S R ke 2 o ik [l e A A . Bl R
SRR BIAWE A, A SCRERAURATHY, 2t 7 — P 5L T Transformer VR L 2% IR, F¥g HLRL
AT IEIETARAT S5, B SR PSR w98 B [E 8 PR TOUNRS B o Sl ax —AfF 9T, FRATTHER IR BE 2% ST FE IR
T TR AU B SR R i R, IR HESh i U — P K R 5.

3. fiRFG=E
3.1. WKL

i 1 R, AT E A CSTN-PN (CSwinTransformer Network for Precipitation Nowcasting) F 4% ZE 14
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FH 2 B 85 R AR 25 9 38 40 LR, BN 0 S & DU B, 40 IFRIC A Stage | % Stage 4. &5 #4E I
SRR A R 5 R R AR T S BT R AR R G, SEIL 7R AR K B P o Jmht 85 00 A Be L B A SR R
FEFEEUSHL(Global Feature Extraction Module, GFEM). Jaj B FFAE H2 HUI £ (Local Feature Extraction Module,
LFEM) LA S RFAIE fil &5 A B (Feature Fusion Module, FEM). 7EREAN Y BCIIART UGS 5, #8405 Patch Merging
PRI RRAE B B RS 8 s a2, T SE I A R IE R I . BEJS, GFEM A1 LFEM [A)25 $ By
fiE, Ffidid FFM A& EE] I RHE AT S RE

_______________________________ ~
( Encoder ]
: Stage 1 Stage 2 Stage 3 Stage 4 :
1 il ,l 5 ol |
1 1 1 !
4% 10><128><128| 1 4X96X 64X 64 14X 192X 32X 32 14X 384X 16X 16 14%X768X8X8 1
- I ~ ! ~ 1 -~ 1
™ ] > ] = | ] = i f 1
| iL ‘L L L ,
1 1
L S — /
et wintutuiieeiideieid ity Kttty Sttt Il N
i Decoder 1
» Y i . - - - 1
[ . I 1 I I
‘_.fﬂ'&,’\_,w ,4X 10x128x 128 Ix]  4x48x128x128] . 4x 192X 64X 64| -.S 4%384x32x32; 8 4X768x 16X 16, 8 i
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Figure 1. Diagram of the CSTN-PN
1. CSTN-PN £5#9[&

ARG S I 4540 5 a2 540k, (RAERRANH B iR R i85 Patch Expanding #4385 Pk & 4R AE B (1) R~
D EEE . EMIS 2 Stage | 2 Stage 3 W1, BAY @ P H%(Concatenation, cat)#AF R4 N FFIEE S
Gt 0T BRI B )RR AR AR S5, AT SEIRAN 6] 2 R ) e 5 2 RUERL & . k4, 1E Stage 4 3|
B2 8], BATFINT —NERERZPFEICEELER, DG EER. BAME, BAH N
FHIE B SRR R B — DN b )=, 5 R s /b B 10, DAGR iR B R /D i@ E L
I AT BEAE RS AR A . RS 28 B A B TEERHE IR B AR TR R B R BB B, IR DA Z ER
REAE, AT B AR Y 7E [ K FIOIIAT 55 H () B4 1 i

3.2. EFHERERR

4 R AE $E BB B (Global Feature Extraction Module, GFEM)j& CSTN-PN [\ 04l b 2 —, H 3 EE
FH 2 498 i A 7R S v 5 R KRR R AR 3R BE 7T ] 2 2 B BN, BATSIN T 3T X E O E
ML) CSwinTransformer [26|1i, F THEHE/K RA M4 R FHIE -

I 3 TR AT 5% 308 8 75 BRI iy A B OB, DASE I 1 23 e KB A 35 S Tl . R
FEER 1TE R P TSR SR IC BRI 7 R LG, BRIk, IR ML 72 A B 1 2y P R R EOR
FUBFR ISR RORBUIK . A T MR Pl el @, FRATRA 72T 38 OB & I E R AL, SEBL T % A
BRI TH 2% BE A RURAIS,  ATTER T 7R AR 20
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Figure 2. Architecture of the GFEM, LFEM and FFM
[ 2. GFEM. LFEM. FFM Z#[&

BRI S, 57238 X E DR U e N R E R X e RO IR BIE S /3 #108 K A

%, BASKILEEE N C/K o TRk (k=12,-,K), BERIITES NAKFREEH AT . LK

SO T, RE ) X TR EE DT R A B M A AR E B KPR L[ X, X, X, | AN REU TR
swo MTRNFOX,, BIESENHEINT:

Y} = Attention( X, Wy, X Wi, X W) ) (1)

Hr, x, e RO m M W, € R, W¢ e REURIW) e R™U 43 B k Ak

Sw
(Query) . # (Key) FH (Value) [FIZ LA A1 o
R, ¥ KA NWA, BH K24k, Sl ATKFRIEE T M BERE ST XFE, A LER
RETE % H A5 1A) b3 e R S At

H — Attention, (X))
head, = 2)

V — Attention, (X)

B KPR BT 18] B0 R i AR S 4R FE AT PR, IRl AR, AT RS
R E B2 A R T
CSWin — Attention(X ) = Concat (head, -+, head . )W, 3)
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Hrr, W, e R™C REMARHIERE . BN H 24 s ImARER, a8 T EEneRE
B ONJESERIB BAR B 1 RA RN . XA IR A RE SR R Y ) T SRR, IR RE A RO SR
B /KA R R A JRFAE, AT 48 i R o v o8 P2 P /K AR SE KA RE T

3.3. REBHFAESR AR IR

TENGIE FARAT 55, B4 RAFE LA S E A, 53R AE (R R R 35 AN T BRI F o &) 2 1F
EHR, BATR KRR AE $E UL B (Local Feature Extraction Module, LFEM)% | TH T M £ /K R4t
PRIUOCHEJR AR IE, DAY S AR AL X R I i BE K I TR B8 0 o AR R i SR R i 2 R R )
ML (Efficient Multi-scale Attention, EMA) [27]2H . FLARTH 5, EMA I8 i K 30 40 i i 5 4 Atk kb B 48
R T8 2 P 5 AN 2 A TR, X PP 0 REOR B T AN B TE L IRHIEAS S, )R PR T T ST
i LFEM, MERERRNE A B 3R a5 8, ATt — 2D 3 B /K Tl fr 1 R

3.4. ¥HERAERTT

FHIE il & B B (Feature Fusion Module, FEM) B 75 324/ 5 R EEHE R A St & . TR R, BER
5 JR AL ELREHEAT AR N AR 3 1) 77 SO A BE U IR GF OBl & AR . Vi, AR T FFM, 45 tn
Kl 2 A EJ7 PR . FEM 2L A P BEARHIE Rl & PN P BRAEL S, o R R i T

G, L= split(a(Conv(Concat(FG,FL )))) (4)
out=F,*G+F,*L (%)

Horf, F R F, 53 B3R R SRR AE A4 JRAFAE, LA G Xt RIS . L A G BIME AT 0 F 1 22 [H],
TN RIT T 142083 B 70 (Gated Recurrent Unit, GRU) [28]H (¥ 7 1ML, X RHLHI A8 %1%k 5 1 1 5 35
AH AT B R B E AL . FEM KX f 1 T LR F T4 R AR SR e i s A AR v, AT A Rk 2>
THHEZ M EUE 25 . B IX AT, FEM REEE 4 5 R S 4 fE 2 1) il 2 7 S48 1) 1) R

4. IRGERE R
4.1. LHGE

ARSI FRAE FH SRR 29152 L1 F i B IR s, i BURAR RS 1 2015 4F 10 H 2 2018 47 7 H B AE %
(117 ik I EG, BT EE0 6 or%h, AR Hesh | AH . TERAE TG B, FRATHIBR T
DR 5 Ik i P B 4 T B AR SR T A [, FRE B KON 1 B E LAERRT 76,779 MK 20 HF
IFEA . %, BUREM R NIIGE. WREMIGIEE, /A5 44,099, 20,440 Al 12,260 /N7 HIFE
Ao RN 10 W1, TR 10 M7, BRPRRHEIE 20 1 /N [ AE oL, AMER SRR 1 /B RS B
TETRAC R FE p, FRATT 2 2t T A BUG AT OB BT, (R A 0 384 x 384 XU, Bl e G R ~Hil BN
128 x 128 LAREARTHA A o

S HE T PyTorch HEZR(RRAS 1.8 2)/) %, FH7E NVIDIA A40 [EJF AL FE 2% (Graphic Process Unit, GPU)
AT . FRATRA Adam RALES, WIIEF IR EE N 0.0001, %) F R KA 20,000,
IE TR 0.7, FAEH StepLR FE N5 S 2R NPT BRI LG, FRATTTE Y 2R 72 o ek 8 s 50 1iF
£ I #IIIf St % T) FE $(Critical Success Index, CSI), & IEFRIGUE CSI & PRSI E N TR TS . sk,
AT%F A AR S 7 R8T, BT E N 50, DAREEIZGE e . AH BORIE T IR A (g
A1k SE 7 ConvLSTM. SmaAt-UNet. LPT-QPN Al Rainformer VUMM AT XL, R EALAT]
PRAL P4l 77 20
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4.2. N igER

BAVEH RGN Fabs . BURRE TR R PP . B0, TR RN, RAMEHSRS
THR AT V7 SR F R bR PP AR BB B, B I S ) 482U (Critical Success Index, CSI)FIEEAE
f& 7> % (Heidke Skill Score, HSS). X AMEMRIITHE IR W T : B, WoEbE/KBIME, ¥ G B s
PG Hh it o A 1R XA R 2 AR s (B id o 1), AR T BME NS s 23R f(BR e 0). BlJE, 18
B3 7 T EHE A LS R, Geik DU R DURRE BLIEE: TP= (58 =1, il =1), FP=(H% =0,
T =1), TN=(HL =0, Fill =0), FN=(H%L =1, Wl =0). T EhRGiHE5%, CSIF HSS 1
HHEAXWF:

TP

O L 6)
TP+ FN + FP
2><(TP><TN—FP><FN)
HSS = (7
(TP+FN)(FN +TN)+(TP+FP)(FP+IN)

PR LL RPN AR, RAIZSFH[OIIATSE, # 0.5, 2. 5. 10 A1 30 mmv/h 5& A BAKBI{E -

Ak, BATRF T 75 1% % (Mean Squared Error, MSE). U4/{E {51 Lt (Peak Signal-to-Noise Ratio, PSNR)
FIZE R AR AL 48 £ (Structural Similarity Index, SSIM)K PPt % i & . MSE H T &AL Fil{E 5 B SLH 2 (7]
MG R 7=, PSNR B 1 Tl UG P 5T &, 17 SSIM JUI S RE < X6 b 8 AR 465 ) =/ 7 T P-4k Tl Pl A%
5 RSB T AN o X e AR (1 25 G A5 FH B8 4 T VPAf A5 20 LE I 0 PR AT 55 PR R R B

4.3. SLIREREFILE

TEXT LG AT R, FRAT TR BT B A 25 SR (10 57 DA SRR, IR EESE R DL R RIZR R R . 75 i g4 |,
FATH CSTN-PN S5ILA e BB AT XL, 255058 1 Fion. fERGUREIFM R b, B8R
FHIL, {H CSTN-PN /BB —E I % . /R4 #E MSE #6#5 L, SmaAt-UNet £ Fl#& 1, {2 CSTN-PN LA
0.4%M /N ZE AT RS —, B B BRI S5 4 7.

RGN FEAR 5T, CSTN-PN 7£ CSI A1 HSS E¥IRBUR T, 2RI AR S 2.1%M
2.9%. 1X—45 538, CSTN-PN 7E T B /K S 44 (1 s D 28 DA K IX 43 B /K S R K X3 e ) B B 3%
P, XE—BIUE T AL I TRAT 55 A R

Table 1. Quantitative comparison of results obtained by all models

F 1. BRERREUI TR

csit HSS? MSE| PSNR? SSIM1

ConvLSTM 0.3464 0.4559 7.894 28.02 0.8353
SmaAt-UNet 0.3480 0.4600 7.774 27.82 0.8260
Rainformer 0.3644 0.4821 8.108 28.07 0.8342
LPT-QPN 0.3643 0.4846 8.180 27.79 0.8284
CSTN-PN 0.3748 0.4948 7.810 28.24 0.8368

22 IR T ORI TR X 6] N AR ) CSI AN HSS BIE 0 50 . Mg R LAE H, ConvLSTM £ il
PR 5 B B K I B, L AE AL P e oo P B K I e R AR . X AT RE 2 i T H SR ERIE S RER
7 TRIARAE R, S B0 v 98 B 4 /K TR B A4S /& . SmaAt-UNet B AA TR B B i 22, X AT RS2 Ny
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VAR ARA AR 5 R 25 A8 HE IS [RVRRAE , T 6k Z 568 B AR AR () 78 2 R A58, AT FRAIG 1 o &2 )R 45 B B4
fit 71o 3T Transformer )47 Rainformer F1 LPT-QPN FEAR 5 & [ /K F A (1) 2 LIS T ConvLSTM,
ELTE 75 3 P P /K T P R B N AR 5 o 1X 2R B Transformer 45 WA TAE BB AR G50, RENE S A R0t
003 B 4 SR R AR B, AT S B B T 5 R e AHEE 2R, FRATTH HH ) CSTN-PN 78 K 22 F il [X
(] A3 IAT T e s AL, TR AE SR B (r > 10, 30) /K Tl R R B AR . 5 HAR T 240 EE, CSTN-
PN 7E iy 5 P B K Fo0 mh ) A 38R B LT s oxsf d R < Tl i

Table 2. Quantitative comparison of the CSI and HSS for various levels obtained by all models

2 2. BREISFLL A& LK% CSI F0 HSS &

csIp HSS?

Threshold r>0.5 r>2.0 r>50 r>100 r>300 r>0.5 r>2.0 r>50 r>100 r>30.0

ConvLSTM  0.6994 04752 0.2739 0.2456  0.0378  0.7962  0.6224  0.4179 03797  0.0632

SmaAt-UNet  0.6815  0.4740 0.2644  0.2382  0.0821  0.7838  0.6134  0.3997 03662  0.1367
Rainformer 0.6879 04790 0.2745  0.2560 0.1245 0.7867 0.6179  0.4268 03795  0.1995
LPT-QPN 0.6875 04706 0.2750 0.2554 0.1328 0.7869 0.6176  0.4271  0.3813  0.2100
CSTN-PN 0.6987  0.4814  0.2802 0.2670 0.1467 0.7958  0.6275  0.4329  0.3950  0.2226

EACSEIR SRR, BAIPE AT B SR EE /0, R RO A S R AT R SR
4.4. EWERMEIIEL

N PRI CSTN-PN S 3 B /K (1 T RE 77, 14 3 BoR T — AN BENLE BRI nT AL R B . AIX
ANMEFIRATITLAE Y, BT S BTEYI AR B Y Re AR RS B SE [l S BN BRI T &5 . SR, BEE
I [B] ¥ 4ERS, ConvLSTM Fl SmaAt-UNet FTRGINGE ) L T 1%, AR A SRITaa a0, JoHL R w2 oK
X, HE AL AT RO PR E WS . Rainformer BARAEIL FOFHEVE_EA Frokss, (B0 m o
IR EE I AR, FFAE—ERIRIRIIR . LPT-QPN AEMS 5 f s 412 o 98 B X 43, L T 00 45
PR Z IRk HhAh, Bl I ] R3G 0,  IX AR AR () T & SRAE AR5 BE X S A7 7E — 2 I B &
REAR B3 %

Table 3. CSI and HSS values at different time intervals for visual comparison

5% 3. ML B [EIRT 8] [B)FRAY CSI #1 HSS &

CSIt HSSt
TimeStamp t=12 t=24 t=36 t=48 t=60 mean t=12 t=24 t=36 t=48 t=60 mean
ConvLSTM 0.6548 0.5514 0.4882 0.4509 0.4278 0.5146 0.7440 0.6699 0.6023 0.5627 0.5182 0.6194
SmaAt-UNet 0.6583 0.5382 0.4787 0.4435 0.4321 0.5102 0.7409 0.6585 0.5841 0.5582 0.5167 0.6117

Rainformer 0.6684 0.5611 0.4888 0.4613 0.4445 0.5248 0.7875 0.6815 0.6112 0.5625 0.5427 0.6371

LPT-QPN  0.6682 0.5555 0.4893 0.4607 0.4528 0.5253 0.7841 0.6776 0.6115 0.5643 0.5532 0.6381

CSTN-PN  0.6778 0.5698 0.4945 0.4723 0.4667 0.5362 0.7954 0.6937 0.6173 0.5780 0.5658 0.6500

FEZ R, CSTN-PN 7E i 5 B2 P /K XIS 4 BRI, JL Tt 25 SR i HL 4 s s ek 73 A
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Figure 3. Visual comparison of all models
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