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1 Introduction

Rainfall forecasting in Indonesia, an archipelagic nation of 38 provinces, is a critical challenge
for agricultural planning and disaster mitigation. The complexity of spatial interactions and
temporal dependencies makes this a difficult modeling task. The Generalized Space-Time Au-
toregressive (GSTAR) model is a common approach for such geospatial time series data. How-
ever, it can suffer from over-parameterization when applied to high-dimensional data, which
reduces interpretability and increases the risk of overfitting.

To address these limitations, this study proposes a penalized regression approach within the
GSTAR framework. Specifically, we integrate the Least Absolute Shrinkage and Selection Op-
erator (LASSO) and Fused LASSO penalties to perform automatic spatial variable selection
and identify regional clusters. The objective is to produce a model that is not only accurate in

forecasting but also more parsimonious and interpretable.

2 Methodology
The Generalized Space-Time Autoregressive (GSTAR) model, a specialized form of the Space-
Time Autoregressive (STAR) model, is used for this analysis. The model describes the observa-
tion at all IV locations simultaneously, defined in its vectorized form as:
Ak

p
= Z @le(l)Z k’) + E(t)
k=11=0

where Z(t) is the N x 1 vector of observations at time ¢, ®y; is the diagonal square matrix spatio-
temporal parameter, W) is the N x N spatial weight matrix for lag [, and () is the error term.
For estimation, this GSTAR structure is rewritten in the standard linear model form suitable
for Ordinary Least Squares (OLS), Y = X3 +¢e. Here, Y is a vector of all Z(t) observations
stacked over time, X is the design matrix constructed from the lagged spatio-temporal variables
W(Z)Z(t — k), and [ is the vector of all parameters ®y;. Instead of standard OLS, we estimate [
by minimizing a penalized objective function that incorporates both LASSO and Fused LASSO

penalties:

argmln 1Y — X85+ arl|Bll + 2 Z Bl
(i.7)EE

The first term is the OLS sum of squared errors, while the penalty terms perform variable
selection and encourage regional parameter similarity. This convex optimization problem is

then reformulated and solved efficiently using Quadratic Programming (QP).
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3 Expected Results and Discussion
Model evaluation will be based on forecasting accuracy (e.g., RMSE), comparing the penalized
models against the standard GSTAR.

e Forecasting Performance: The penalized models are expected to show improved or
comparable accuracy with a more parsimonious structure.

e Model Interpretability: We expect the LASSO penalty to yield a sparse parameter
vector. This result can be visualized on a map of Indonesia to highlight the most significant
inter-provincial dependencies. The Fused LASSO penalty is expected to group provinces

into distinct zones with similar parameter values, which can also be visualized on a map.

4 Conclusion
We propose a penalized GSTAR framework for modeling Indonesian rainfall. This approach
is expected to improve forecasting accuracy and provide a more interpretable model for under-

standing complex regional climate dynamics.
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1 Introduction

Time series analysis has significantly contributed to the Industry and applied mathematics.
By blending probability theory, statistics, and algebra, it enables and enhances the modeling
and optimization efficiency. Industries utilize the field of mathematics to draw conclusions and
provide reliable information to decision-makers. Kalman Filter (KF) Seasonal Autoregressive In-
tegrated Moving Average with exogenous variables (KF-SARIMAX) model is utilized to forecast
future events. Hence, the Kalman Filter algorithm optimizes SARIMAX models via Maximum

Likelihood Estimation (MLE) regardless of the stationarity condition.
2 SARIMAX Model

It is well known that a stationary process Z; with a continuous spectrum may be expressed
in a linear form as:
oo
th,tt+z¢jzt—j+at (1)
j=1
where a; ~ WN(0,1) is a sequence of zero mean, homoskedastic, and uncorrelated random
variables(r.v) and 377 [¢;] < oo [1].
Approximating the spectrum by rational functions leads to a parsimonious representation of Z;

as a finite order linear model in the class ARM A(p, q):
¢p(B)zt = p+ 04(B)ay (2)

where the autoregressive and moving average parts of the model satisfy, respectively, the
stationarity and invertibility conditions [2].

Supporting nonstationary time series, ARMA (p,q) extends to ARIMA(p,d,q) given by:
¢p(B)(1 = B) 2 = pu+ 04(B)ay 3)

Along with seasonal component, three hyper-parameters are added to generate ARIMA(p, d, q) x
(P, D,Q)s defined by:

¢p(B)2p(B°)(1 = B)!(1 = B*)"2 = pu + 04(B)Oq(B*)a (4)

[3] Considering outer factors’impact on a time series,we need to import eXogenous or input
variables. SARIMAX models stand for describing the functionality of input variables and are
given by:

{Zt = Biye +wy 5)

6p(B)2p(B°)(1 = B)!(1 = B*) w; = ju+ 0,(B)Oq(B*)ay
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[4].
The (5) can be seen as a special form of ARMAX(p+sP,q+sQ) given by:

Opisp(B)Zt = Byt + 0,1 50(B)a (6)

Where p=0 for easing calculations [5].

The state space model for Kalman Filter Algorithm components identification is:

Tiy1 = Fay + Hyppr + Gag
Zt = Al‘t + B’}/t + Q¢

The likelihood function is:

n n
1 _
Lotz (2t 26-1) H 27]2 exp{—3 > ()T el (8)
t=1 t=1

Assuming the Innovations in functions of parameter ©, and ignoring the constant, the log-

likelihood function is:

1092y 20y (2785 20-1) Zlog|2t|+ Zet 0)e:(©) 9)

Thus, (9) gives the exact log-likelihood function regardless whether the moving average repre-

sentation is invertible, merely, non-stationary process .
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7 —a YHAEERZHES B FRURET NG, BEREREDDOA 4 R TET L E LTHIRS
NTEL[]. 7—aUBTFRIEETLTE, K7y y VISR FOMIRI N5 2 & THEAE L <
BB ZehbhroTws [2]. LirL, RIEBHHEEHORIENPR#ETH L Zen s, i
BN HI RS O BERE RIS+ TH 5. £ 2T, AW TIE, Euclidean string M [3] 2 W
TR FEREZHAML, BB ZIIEENIEH S 2 HERIRET 5.

AT, AMEREZ S O—RLr —a U TFRERET LV EHRND. £ 4 b Lok, Bi%
T3V A4 MK THAFELRVWE X, BB p = exp [—8(Eo + AU /2)] TREEY 4 M ICBEIT 3.
ZZT, BIRHRE, Eo 3G I LF—THD, £ AUy IR TFOBERIZORT > ¥ v L
ZTHE. TFORT VT2

B )

ThHd. 22T, KI7—uarHORETH5. ¥/, LiIVA M ETHY, di; 3iFHDY A b
e BHEHOY A PETOHBETH S, ILEGHE J &, EFIREBIcBWT, Bz Y
A4 MTHLTFDHRy T 2R LTERT 5.

2 I—OYRTIIvIITTORFOHFEE

RIRMER T, R —BC i LBCEICIOR S 2. 2, $FFREEICBVWT, K (1) TR
INBRT VY ¥ Uy PIROGBLBRE0HTHS. 2R, KNTEEp=2/5Dt Xl oocece(s
BHLF, ol3ZEHA FPERT) LRBBENSRX—VORDIELUPEERREL 2 5.

AHFFETIX Z DELE X — > % Euclidean string BlFRZ W TR T 2 FIERIREL T 5. Eu-
clidean string £(g,r) 1%, £ ¢(>2) DBFINTH Y, r(<q)lD 1 & g—rHD 0 ZHFIZH
BL72bDTH3. $i, WERUNRFTDSH 2EHE LTRS/DIVLE WSl 5, Euclidean
string 13%% ¢, ricHL—EIWCRE 3. FlZIX, £(3,1) =001, £(5,2) =00101 TH3. Ziuk, #
JRIREDAE X — > DR AL TED, EEp=r/q(ged(q,r) = 1) BE X —> U(q,T)
X, U(1,0)=0, U(1,1)=1, ¢>2DEEU(q,r)=E(qr) ELTERTE 3.

AAIG IS 2025 4E F2 #HTRE (2025-09-02/04) Copyright (C) 2025 —&HEHIEA A AIGH RS



A B C E Simulation Theary

U(S, 2)U(T, 3) —U(T, 3) U5, 2)

G = 1 U(1,0)x 14 +U(1, 1) x 10 o = e
[[[Tee[ o[ [ (o] [ [of [ee[ [ (o[ [e] [ (@ u1,0) ui, 1) [@] OEOEMOBOE0) :ﬁgz
Gpa =2 U1,0)x4+uU2, 1) x 10 o 6
[SleEeEe] [ [we] [Hememememe] [we] u2, 1) (Fie] o [OTelmei=e[ [ (o] [®
2 N Ry
Soa =3 U 1) x4+ U2 xS HE U7, 3) U5, 2)— U5, 2)UT. 3) E . e op N
[Fie[ T Te[Se[e[=el=e] | [o[ | [o[=ie[ [ o 1] us. 1) s|E - ~— 2 e \, o/ 8
£ EoeEeEElTeTe) PAOEE T O )
9y =5 UB,2) x4+ U2, 1)x2 2|5 8 o4 T\ ot - o e /%
[ [TTel [e[we[we] [ [o] (o[ [ (o[ [o[ [ [o[ [e] [ 1ol 18] us.2 5 Y oo 38 og e X
|2 o] Je[ITlel el o] 7 LU TR A U A e | \
G =7 U5, 2)x2+UT,3)x2 — —1 | § Z ¢ YA ¥ Y] TRV .
[ [Te[Te[ T T Je[F—fe[jo[ Te[[—Te[-[e[ o] ur. 3 EElel=lel=e| D~ N ey / h’ \'l \"l \'l Id \
4,212 u(12,5)x2 ui2,5) 2 A A A A 2] A A 7 J H H v %
[T [@[ @[ [ o] [e] [] | [e[ [e[ [ o] [ [e] 7ol @ [ o] [ ® S - ~ 2

1. 77—y X oL & L.

3 HBREEICH|THILBFREOHERLELICK ZEH

RIRARFR Tld Euclidean string (2 & DO 6N B ELE X — > U(g,r) DFEDIRL &R 2FKF
MEICR 2 e ReE s 2 e 2@ L0, —/ CAHRIRE TIREGETNIC X b BFREs N, KA
BIXAHANCR 2. L, AREETRNT 7 —ar HidRon-8BEN T2 EEE2 IET -
», BEENON FRETHOINCRF LR B 2 e E 26N 5. A, HRE SIS LAR
PEBE gmax AT OR FREDRFHIEZTER L, 2 MEOAE X — Y DHAGDETEIT S LWV IHR
WA T, BLEARZ—2 U =U(q1,m1), Uy =U(q2,m2) FLLTF DM X D —EINICGE XN S.

1) ri/q1, r2/q2 DI qmax LROBEIEE (7 7 VA8, F,,,.) TBEDES.
2) WiTEE phir/q1 < p <ro/q ZlMiT=T.

XDEBICIE, 7—aryicko TROFEEW S X135 2) OFPICHIRZANATED, ¢max DK
EL 2%, TROBIREMEL R 2IFEHIRABL <7225 (M 1A). Uy & Us 1F, Euclidean string
ODUWE U1 + q2,71 +1r2) =U(q1,m1)U(q2,72) ZRWTILORLE A X -2 20T 5 Z e THLHN
% (X 1B).

RFECED Uy & Uy DFHAEDRICHIRES N2 & &, RFOBEID ZOREZESZVWBEDA
FFEhs. ZOE, KToBEEU & Us DANEZICHIGT 2 (K 1C). ZoBEHIKRTORT
¥ VE(LIRHER NS Wiz, BEIMEZ 2ERE 1 LB, REFA bR U & Uy ITH
b U 7= 0 FR A HEfEFE (Symmetric Simple Exclusion Process: SSEP) 2T % 3% (K 1D).

Dbt er7hrmyIal—ya yOfiREZX 1EIRT. ELEOMEAES I 21—
Ya VR LT:. £, NFEEIIEFICEVWEIET U BLUY U, DIAEDETERE
TETWS I blErD LN,

SEE ARSI BB AN RIS SE (A) T4 4 VA OIS 7808 - SR I 2 L —
> a VRN (FREFRS:24H02203) ) OX|REZITE L.
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