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Abstract of Thesis

Spatiotemporal prediction on climate data aims to predict future spatial data by learning from prior
spatial sequence data. The study investigates the availability of the constructed architecture of
convolutional layers and deconvolutional layers, and applies to convolutional long short—term memory
(ConvLSTM). The ConvLSTM structure is utilized as a multivariate spatiotemporal climate prediction to
predict the upper tropospheric circulations over the Northern Hemisphere, a geopotential height at 300
hPa (ZH300) variable. In addition, we compare the ConvLSTM with the baseline methods of convolutional
neural network (CNN) and linear regression (LR). The results showed that the proposed model obtained a
root mean square error (RMSE) of 77.36 meters (0.84% compared to the average ZH300 value) in short-
term prediction. Meanwhile, CNN and LR models obtained RMSE of 109.35 (1.19%) and 153.61 (1.67%),
respectively. The ConvLSTM maintains RMSE even in long—term prediction. Furthermore, the prediction
features’ investigation result showed that temperature at 300 hPa (T300) and prior ZH300 features are
essential for ZH300 prediction. However, the ConvLSTM that considers only short-range sequential
information may not be adequate to deal with periodic patterns such as seasonality. It is crucial for

the climate prediction model to capture periodicity change

This dissertation adopts a Periodic Convolutional Recurrent Network (Periodic—CRN) model to employ the
periodicity component in the periodic representation dictionary (PRD). However, Periodic—CRN assumes
stationary periodicity as PRD refers to exactly the same index of the previous cycle, which means
“hard” periodicity. This paper focuses on “soft” yearly periodicity, including nearby months and a
multiple-year cycle. It proposes a Soft Periodic—CRN (SP-CRN) with three proposals of utilizing
periodicity components: nearby—time (PRD-1), periodic—depth (PRD-2), and periodic—depth differencing
(PRD-3) representation to improve climate forecasting accuracy. The attention module in the SP-CRN can
weigh the importance of periodic representations, which help capture the periodic pattern. In order to
capture the spatial change over the periodicity phase, the dynamic spatial weights (DSW) on the
attention module are proposed, which are multiple spatial weights for the attention module output, and
switched according to the prediction month. This study experimented on geopotential height at 300 hPa
(ZH300) and sea surface temperature (SST) datasets of ERA-Interim. The results showed the superiority
of PRD-1 plus or minus one month of a prior cycle to capture the phase shift. In addition, PRD-3
considered that only the depth of one differencing periodic cycle (i.e., the previous year) could
significantly improve the prediction accuracy of ZH300 and SST. The mixed method of PRD-1 and PRD-3
(SP-CRN-1+3) showed a competitive or slight improvement over their base models. We improve the
prediction result drastically by adding the metadata component to indicate the month with one-hot
encoding to SP-CRN-1+3. The results showed that the proposed method could learn four years of
periodicity from the data, which may relate to the El Nifio-Southern Oscillation (ENSO) cycle
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WA, 7 — RS R THEET VOMEREAITOIL TN D, EROEMTEIC LKL THET VL, T
WX G EL ORERINZ AT & LTIRORT v 7T E2TRT 2T VAR L TN D, —RICKRGITHIER O B 5008
IRV JEEIEAE AR L TWD. RELRICTIE, K[EORDFEMIMEICER L, EEFEEIC 2R TRIKEE LM LS
DL FEEREL TCWVD. BEEIL, BELORFZERRIIT — X 1ZxF L CTConvLSTM(Convolutional Long-Short Term
Memory) 72 K12 X 0 145 U 7 I E L # % Periodic Representation Dictionary (PRD)IZIR{EL TR Z, JEAMIZED
B THRF LIZBEOBELE EBEOEERY E 250 TTRIET A E2EE T 5. ZOBIZ, RimSCTIINMAHO
FAUZFHIRICAHIE T E D K O ITROIFEFHDPRODILIR 24T > T 5.

(1) Nearby-Time Representation : 1EHARTORIZI AT v 706 72 D IFELEES
(2) Periodic—Depth Representation : EEJEH M & 72 D FELELES
(3) Periodic—Depth—-Differencing Representation : IEfELH DEHZES DES

KRR CIXEBIEMNTT — 2 1A L, 300hPallBiF 2 A RT v v V@ (ZH300) 35 & OWESR IR 5 Af
(SST) D14 ASETRICIHBWTIREEDOFDMEEZ R LTS, ZH300IZY = v MRk & BUEA L, Z=E THic B
H HETHD. ZH300, SSTEDL HIZRWT HIREEITConvLSTMIZR L TR E K FRIKSE N M EL, THERZED
ZER AT BV CHERIR T BT - BBV IR DRAEZ KEKBO LTS Z E 2R L TV D, F7=3FHDPRDIC
DWNT, §ifH/ T A — & CPRODAEHIZTE L TREMRIZ IR Z 1TV, ZH300, SSTEH HIZHWTHPRD (3) DJE M
ESERNEDNTHDLZ L EPLMNI L. LT, PRD (1) B L) ITBW TR SN IBEL BT KT 281
7pH 7 (Attention Weight) 236, FHIPEIZEAT 20 41T\, =/ =—=3 L J =—=y OREBEH & OBIEM:
R DRERNBE LT

AT, [RETREMRIAMEELZER LEEREFEET AV EZREL TV DHD, BEREITREIRST
IEL A Z BT DREMT — 2 O FHENCHEAFEETH Y, BEFEEORRBICHERT 20 THD.

VlbEZ24 512, AGmC3ESrEEF M LREEE IS L 2KE PSS 278217V, ORI i DT
HOT, BHFAEICE 2RE T THERBHAER ORI REIOERICKECHERT 250 THD. Lo
T, MW UERB) OGRS E L TIEDH 2 b D LiED 5.
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