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Abstract

We introduce BASTION (Bayesian Adap-
tive Seasonality and Trend Decomposition
Incorporating Outliers and Noise), a flexible
Bayesian framework for decomposing time se-
ries into trend and multiple seasonality com-
ponents. We cast the decomposition as a
penalized nonparametric regression and es-
tablish formal conditions under which the
trend and seasonal components are uniquely
identifiable, an issue only treated informally
in the existing literature. BASTION offers
three key advantages over existing decompo-
sition methods: (1) accurate estimation of
trend and seasonality amidst abrupt changes,
(2) enhanced robustness against outliers and
time-varying volatility, and (3) robust un-
certainty quantification. We evaluate BAS-
TTION against established methods, including
TBATS, STR, and MSTL, using both simu-
lated and real-world datasets. By effectively
capturing complex dynamics while account-
ing for irregular components such as outliers
and heteroskedasticity, BASTION delivers a
more nuanced and interpretable decomposi-
tion. To support further research and prac-
tical applications, BASTION is available as
an R package at https://anonymous.4open.
science/r/BASTION-Anonym-0D40.

1 Introduction

Time-series decomposition is a powerful analytical
method used to break down a univariate time-series
into its constituent components, such as trend and sea-
sonality. Decomposition reveals deeper insights into
underlying long or medium-term trend that may not
be immediately apparent. One of the most prominent
applications of the method is in economic reporting
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by government agencies, where it is used to adjust for
seasonality when publishing key macroeconomic indi-
cators such as the Consumer Price Index (CPI) [of Lay
bor Statisticsl [1977] and unemployment rates [Daguml,
1979]. Time-series decomposition is also widely used
across disciplines, including climate science |Grieser
et al.l 2002} |Zhou et al., |2015], epidemiology |Abeku
et all [2002, Ke et al., [2016], and business and man-
agement |Gardner Jr and Diaz-Saiz| [2002, [Zarnowitz
and Ozyildirim| 2006} Rossell§ and Sansd| [2017], where
seasonal effects play a crucial role in data analysis.
More recently, time-series decomposition is being in-
corporated into state-of-the-art time-series forecasting
models. Notable examples include TBATS |Alysha M|
De Livera and Snyder} 2011], ETSformer [Woo et al.
2022] Prophet |Taylor and Lethaml| 2018|, DeepFS
[Jiang et al., 2022] and Autoformer [Wu et al. [2022].

Existing decomposition methods, though widely used,
exhibit several limitations: (1) inability to accommo-
date multiple seasonal patterns, (2) difficulty in adapt-
ing to abrupt changes in the trend, (3) absence of
uncertainty quantification, (4) inability to handle het-
eroskedastic noise, and (5) lack of robustness to outliers.
While addressing some of these challenges, no existing
model fully resolves all of them. For example, Multi-
ple STL Bandara et al|[2021], an extension of STL,
can handle multiple seasonalities but lacks both un-
certainty quantification and adaptability to sudden
trend shifts. Seasonality-Trend decomposition with
Regression (STR) Dokumentov and Hyndman)| [2022]
supports complex seasonal patterns and includes uncer-
tainty quantification, yet it remains limited in handling
abrupt changes. Robust STL Wen et al. [2019] man-
ages multiple seasonal patterns, abrupt changes, and
outliers but does not provide uncertainty quantifica-
tion. Furthermore, none of these methods explicitly
address heteroskedastic noise, which is found in various
datasets across disciplines such as finance [Black and
Scholes| |[1973], [Hull and White| [1987], Taylor| [2008§],
Melino and Turnbull| [1990], epidemiology |Achcar et al.
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[2020], [Sarkar and Chatterjee| [2017], geophysics Mari{
ani et al.| [2018], Wang et al.| [2005], and environmental
science [Tippett| [2014], Modarres and Ouarda, [2014],
Hor et al.| [2006].

In this paper, we present Bayesian Adaptive Seasonality
Trend decomposition Incorporating Outlier and Noise
(BASTION), a novel, flexible, Bayesian framework for
time-series decomposition. A key innovation in BAS-
TION is the use of a global-local shrinkage prior, a class
of continuous shrinkage prior distribution commonly
applied in high-dimensional regression |[Carvalho et al.,
2010}, Bhadra et al.,[2015]. Recently, this prior has been
extended to time-series applications, such as Bayesian
smoothing [Kowal et al., |2019| |Schafer and Matteson),
2023| [Huber and Pfarrhofer, |2021], time-series regres-
sion |Cadonna et al}2020], and change-point detection
[Wu et all 2024 Banerjee, 2022]. The global-local
shrinkage prior excels at reducing noise while preserv-
ing significant signals, enabling BASTION to produce
locally adaptive and robust yet smooth estimates of
trend and seasonality. Moreover, since BASTION is
fully Bayesian, it naturally offers uncertainty quantifi-
cation for each component via MCMC sampling.

We also develop the theoretical and practical foun-
dations required for reliable decomposition. We first
establish conditions for identifiability of trend and sea-
sonal components under penalized regression formu-
lations, highlighting when existing operators fail and
how multiple penalties can resolve ambiguity. Building
on this foundation, we cast the problem in a Bayesian
framework, showing how the penalized estimators arise
as posterior modes under Gaussian priors and then
extending to global-local shrinkage priors for adap-
tive smoothing. Finally, through extensive simulation
studies and real data applications, including airline
passenger counts and electricity demand, we demon-
strate that BASTION achieves lower error, calibrated
uncertainty quantification, and robustness to abrupt
changes, heteroskedastic noise, and outliers.

2 Decomposition as a Penalized
Regression Problem

We first frame the decomposition problem in the lan-
guage of penalized regression. This provides a familiar
framework for situating our work within the broader
nonparametric regression literature and highlights con-
nections with existing approaches by Harvey and Peters
[1990] and [Dokumentov and Hyndman| [2022]. Given a
length N time-series y := {y;}:\,, an additive obser-
vation equation structure is assumed, consisting of the
trend component T' := {T}})¥;, P seasonal components
S; = {S;+}, with corresponding seasonal periods

{k;}F_,, and the gaussian remainder R := {R;}¥,,

P

ye =Ty + Zsi,t + Ry,
i=1

[Relog] ~ N(0,03). (1)

This is a high-dimensional problem: N(P + 1) un-
known parameters must be estimated from only N
observations. Without additional structure, the maxi-
mum likelihood estimate is not identifiable. Specifically,
structure on each latent component must be imposed.

Define D7 and Dg; be the linear operators for trend
and the i-th seasonal component, and Ar, Ag; > 0 be
the hyperaparameter controlling the penalty. The norm
of the linear operation of each component is further
penalized. With this additional regularization, the
maximum likelihood estimates are written as:

P

7.8,,... Sp— argmin {|Y—T—ZSi||§
T,S:,...,Sp =1 (2)

P

o DeTE Y As,inps,ising}.

=1

A natural choice of the linear operator, Dr, for the
trend is the second-difference operator, often denoted
by A%, where A2T; = Tyy1 — 2T} + T;_;. The use of
second differencing for smoothing is well established in
the literature, with applications in smoothing splines
[Schoenberg} 1964], Hodrick-Prescott filter [Hodrick
and Prescott, [1997], ¢1-trend filter [Kim et al., 2009}
Tibshirani, 2014], and Bayesian Trend filters |[Roualdes,
2015, |[Kowal et al.| [2019)].

For the seasonality, Harvey and Peters| [1990] proposes
the seasonal recurrence operator: S; = — Z;_:ll St _m,
where k is the length of the seasonality or (I + B+ B?+
...+ B*1) as a matrix operation with B denoting the
backshift operator. Another natural choice would be
the k-th order backshift operator (1 — B¥), where k is
the length of the cycle, thereby penalizing, S; s — Si ¢
While not used for time-series decomposition, such
operation shows up in a classical time-series modeling
literature such as SARIMA type models.

2.1 Identifiability

When each component is directly parameterized and
estimated, different allocations of variation across com-
ponents can yield the same fit to the data, leading
to identifiability issues. Existing work such as [Doku;
mentov and Hyndman| [2022] has addressed this only
informally by imposing centering constraints on sea-
sonal terms. To our knowledge, this is the first work
to formalize identifiability conditions in the context
of time-series decomposition. In particular, we show
that even after penalizing each component with the
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operators discussed above, the solution to Equation
need not be uniquely identified.

The identifiability of the solution in Equation [2] hinges
on whether the regularized system admits a unique
solution. This is equivalent to characterizing the null
space of the block matrix H arising from the first-order
conditions.

Theorem 1 (Identifiability Condition). The solution
in Equation [ is uniquely identifiable if and only if

P
dim ker(Dr) + Z dimker(Dg ;)

j=1

= dim(ker(DT) + i kel“(DS,j))

Jj=1

Equivalently, ker(Dr),ker(Dg1),...,ker(Dgp) are
linearly independent subspaces.

Proof. The argument relies on expanding the first-order
conditions and analyzing the induced sum map on the
kernels of the Dy and D;. A full derivation is provided

in Appendix O

This theorem shows that the only possible non-
identifiability comes from directions simultaneously
unpenalized by each operators. The second differenc-
ing for the trend and recurrent seasonal operator as
suggested by Harvey and Peters| [1990] or seasonal
differencing operator for the seasonality results in a
unique solution.

Corollary 1.1 (Single seasonality). For P =1, let Dr
be the second-difference operator and Dg be either
the seasonal recurrent operator (1 4+ B 4+ ---+ BF~1),
or the seasonal differencing operator (1 — B¥).Then
the decomposition is uniquely identifiable under the
seasonal recurrent operator, and identifiable only up
to an additive constant under the seasonal differencing
operator.

Proof. Since dimker(Dy) = 2 and dimker(Dg1) = k,
we compute their intersections. For the recurrent
operator, ker(Dr) N ker(Dg1) = 0, so the decom-
position is unique. For the differencing operator,
ker(Dy) Nker(Dg 1) = span(1), so the decomposition
is identifiable only up to a constant shift. Full details
are given in Appendix [A22] O

However, identifiability is lost once multiple seasonal
components are introduced. The corollary below shows
that the identifiability of a model depends on the great-
est common denominator of the seasonal lengths when
either seasonal recurrent or differencing operator is
applied to penalize each seasonal component.

Corollary 1.2 (Multiple seasonalities). For P > 1,
with Dy given by the second differencing and each Dyg ;
given by either 1) seasonal differencing or 2) seasonal
recurrent operator, the decomposition is not uniquely

identifiable.

Proof. We show that the nullity of the design matrix,

nullity(Hg) = Z ged(ki, k)

i<j
= Y ged(ki, kj ki) + - — ged(ka, ... kp),
i<j<l
for the seasonal recurrence operator and
nullity(Hg) = 1 4 nullity(Hg),
for the seasonal differencing operator. kq,...,kp are

the length of each season and gcd is the greatest com-
mon denominator (Appendix |A.3)). O

2.2 Multiple Regularization Operators

The identifiability issues arising with multiple seasonal-
ities stem from large null spaces left unpenalized by any
single operator. A natural way to address this problem
is to penalize each component with multiple linear oper-
ators simultaneously, thereby reducing the intersection
of their null spaces. For instance, one may penalize
a seasonal component both by second differencing (to
enforce smoothness) and by seasonal differencing (to en-
force periodicity). Under this framework, the estimator
becomes

P
T,S1,...,Sp = argmin {|YT > Sl
1=1

T,S1,...,.Sp
qT
+ ) AFIDRET3 3)
m=1

qs P
DI LAET
m=1 i=1

qr and g represent the number of penalties for the
trend and seasonal component respectively. The hy-
perparameters, Ay, Ag'; > 0 are strictly positive scalar
controlling the degree of penalty applied to each oper-
ator.

Theorem 2 (Identifiability with Multiple Penalties).
Let Vo = N, ker(DI) and V; = (i_y ker(D;) for
j = 1,...,P. Then, the solution in Equation [3 is
identifiable if and only if

P P
> dimV; =dim (D V),
j=0 §=0

Equivalently, the subspaces Vy,...,Vp are linearly in-

dependent subspaces.
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Proof. Similar proof is performed as in Theorem 1. A
full derivation is provided in Appendix [A:4] O

Corollary 2.1 (Mixed differencing 1). For P > 1,
consider the trend penalized by the second-difference
operator D and each seasonal component S; penalized
by either

1. a second-difference operator Dy ; and a seasonal
differencing operator DS7 with an additional con-
straint that 178; =0 or

2. a second-difference operator D}gj and a seasonal
:
recurrence operator D% 3

the decomposition is uniquely identifiable.

Proof. By imposing both the second and seasonal dif-
ferencing penalties, each seasonal component has only
a constant, span(1), in its null space. The additional
centering constraint 17.S; = 0 removes this from the
null space, which leaves only the trend null space. The
null space reduces to 0 when the seasonal recurrence
and second-difference operator are imposed. Detailed
derivation is in Appendix O

This result shows that in the multiple-seasonality set-
ting, the identifiability issues arising under seasonal
differencing and recurrence penalties can be resolved
by additionally imposing a second-difference operator
on each seasonal component. More generally, Theo-
rem |2 provides a simple diagnostic: for any proposed
set of operators, one can compute the associated null
spaces Vy, ..., Vp and check whether they are linearly
independent.

3 Bayesian Perspective

Building on this foundation, we now propose BAS-
TION (Bayesian Adaptive Seasonal Trend decom-
position Incorporating Outliers and Noise), a unified
Bayesian model for trend-seasonality decomposition.
We extend the penalized least squares formulation de-
scribed in Section [2] by casting it in a Bayesian frame-
work. Recall that Dy and Dg; for ¢ = 1,..., P are
the operators for the trend and seasonal components,
respectively. We assign Gaussian priors:

[DrT|or,0,] ~ N(0,0,071),
[Ds,iSilos,:, 04] ~ N (O, 050?%]%

together with the observation equation described in
Equation Under this specification, the posterior
mode of T,S;,...,Sp is identical to the penalized
estimator described in Equation 2] with penalty weights
Ar =1/07 and As; = 1/03 ;.

The penalized regression with multiple operators as
described in Equation [3| also admits a Bayesian in-
terpretation. In this setting, the appropriate prior is
not a product of Gaussians but a Gaussian random
field, since the quadratic forms are not well defined as
independent priors. Specifically:

P(T) exp{ - 2;3’[’( i 0;(D$)’D$>T}

m=1_T,m

P qr
P(S) x exp{ — % Z S;( Z an(Dgfi)/Dng Sz}.
Y =1 m=1 " Sy,m
The posterior mode under this specification also reduces
to the penalized estimator described in Equation [3] with
?L:l/o’%,m 31_1/051m

The Bayesian formulation not only recovers the penal-
ized estimators from the previous sections, but also
broadens the framework in several directions. It pro-
vides coherent uncertainty quantification through pos-
terior credible intervals, accommodates various prior
structures that can encode smoothness, sparsity, or
other domain knowledge and also incorporates addi-
tional components such as heterogeneous error vari-
ances |[Kim et all [1998] or outlier component [Wu
et al. [2024].

3.1 Global-Local Shrinkage Prior

As shown in Equations 2] and [3] existing frameworks
impose a uniform penalty term A, on each operator,
which can oversmooth sharp transitions or underpenal-
ize noise. Global-local shrinkage priors address this
limitation by coupling an overall shrinkage parameter
that enforces stability with time-varying local parame-
ters that selectively relax shrinkage when large changes
occur. The defining feature of BASTION is the use of
such global-local shrinkage priors for both trend and
seasonal components, enabling estimates that evolve
smoothly while still capturing abrupt shifts. Formally,
we specify:

N(O U2TT77TI)

[
[rr] ~ p(r),  [n7] ~ p(01),

[DS iSi |quTS ir 7S, l] N(OvaiTg‘,in%’,iI)a
[

7] ~ P(Tsi),  [nsil ~ p(ns,i)s

DrT\oy,nr, 1) ~

where each component is regularized by a global
scalar parameter 7,, controlling the overall shrink-
age, paired with a time-varying local parameter 7, :=
[Me.15---Mme n]" that captures local variation.

Several global-local shrinkage priors have been pro-
posed, including the horseshoe prior |Carvalho et al.
[2010], horseshoe+ Bhadra et al.[|[2015], dynamic shrink-
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Trend Seasonality Seasonal Remainder Outlier
Length
DGP 1 Piecewise Linear Fourier Pairs 12, 40 Constant FALSE
DGP 2 Linear Piecewise Constant 40 Constant FALSE
DGP 3 Quadratic Fourier Pair 50 Stochastic Volatility FALSE
DGP 4 Piecewise Linear Plecewise Constant 12, 40 Stochastic Volatility TRUE

& Fourier Pair

Table 1: Descriptions of data generating processes (DGP) with regards to their trend, seasonality, seasonal lengths,
remainder, and outliers. The sample size of each time-series is 500, and each DGP is replicated 1000 times with
random coefficients for both the trend and seasonality components. Exact specification of each simulation schemes
can be found in Appendic[C] and example paths from each DGP can be found in Appendix

age processes Kowal et al.| [2019)], the regularized horse-
shoe Piironen and Vehtari/[2017], and the triple Gamma
prior |(Cadonna et al.[[2020], each differing in shrinkage
strength. Considering the large number of parame-
ters to be estimated for time-series decomposition task,
the horseshoe prior is chosen, as it requires the least
number of parameters. Under this specification:

iid

[TO] ~ C+(O, 1/N)7 [nmt] ~ C+(07 1)'

3.2 Explicit Outlier Detection

Empirical time series frequently exhibit atypical obser-
vations due to measurement error or rare events. Exist-
ing methods typically handle outliers by pre-adjusting
the observed series or by applying smoothing meth-
ods that are robust to outliers, rather than directly
addressing them within the decomposition framework
|[Findley et al., 1998, Dokumentov and Hyndman| [2022].
BASTION is the first decomposition method to ex-
plicitly model outliers through the use of an extreme
shrinkage-inducing prior inspired by the approach in
Wu et al| [2024]. To capture large deviations at iso-
lated time points, BASTION applies the horseshoe+
prior by Bhadra et al.| [2015] to ;. By nesting two lev-
els of half-Cauchy distributions, the horseshoe+ prior
provides more aggressive shrinkage, allowing larger de-
viations from zero at a fewer number of locations when
compared to the regular horseshoe prior. Specifically,

[Ct‘o—ya 77C,t] ~ N(O, Uzng,t)v
[n¢.t|7¢, Ec.e] ~ CT(0,7¢c 1),
[7c] ~ CT(0,1),

(€] Ct(o0,1).

3.3 Handling Heteroskedasticity

While heteroskedastic noise, characterized by chang-
ing volatility over time, is often observed in data sets
across various academic disciplines, no existing decom-
position methods explicitly account for it. Another

novel feature of BASTION is its ability to directly han-
dle heteroskedasticity. To address this gap, BASTION
introduces a stochastic volatility (SV) model to the
remainder term. In addition to the overall variance
parameter, oy, we introduce a time-varying variance
component {v;}¥ ;, which follows a first order stochas-
tic volatility model by [Kim et al. [1998], defined as
follows:

[Rt|0y7 Vt} ~ N(O7U§Vt2)

log(v}) = p+ d(log(viy) — p) + ove

e:] ¥ N(0,1).
Here, p represents the mean log-variance, ¢ is a per-
sistence parameter that controls how strongly current
volatility depends on past values, and o, dictates the
variability of the log-variance process. By incorporat-
ing a time-varying volatility model, BASTION pro-
vides a more flexible decomposition that adapts to
heteroskedastic structures in the data. This extension
allows for more accurate trend and seasonality estima-
tion, particularly in data with substantial fluctuations
in residual variance.

3.4 Implementation

Fully Bayesian inference provides calibrated uncertainty
quantification by sampling from the posterior distribu-
tion. General-purpose samplers such as the No-U-Turn
Sampler (NUTS) [Hoffman and Gelmanl |2014], imple-
mented in Stan [Carpenter et all |2017], are popular
for complex models because of their automatic tuning
and robust convergence properties |[Livingstone et al.l
2019| [Neal et all [2011]. However, for high-dimensional
and structured time-series models like BASTION, these
methods are often computationally infeasible due to
poor scaling and slow mixing [Thomas and Tul |2021},
Sacher et al., [2021].

Instead, we adopt a Gibbs sampling strategy that scales
linearly with the length of the time series, making it
practical for large datasets if the goal is to sample from
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the exact posterior distribution. With the exception of
the persistence parameter ¢, the persistence parameter
for the SV model in the remainder term, all full con-
ditional distributions are available in closed form and
admit conjugate updates. Because all the state vari-
ables, {T;}, {S:}, and {¢;} are conditionally Gaussian
and sampled using the multivariate Gaussian sampler of
Rue| [2001], which is O(N). Parameters associated with
the horseshoe prior are updated using the parameter-
expanded Gibbs scheme of Makalic and Schmidt| [2016],
while the stochastic volatility parameters in the remain-
der term are sampled with the All Without a Loop
(AWOL) algorithm of [Kastner and Frithwirth-Schnatter
[2014]. Importantly, both procedures, like the Gaussian
state sampler, scale linearly with the number of observa-
tions. Detailed specification of the prior distribution as
well as the conditional posterior distribution for Gibbs
sampling is detailed in Appendix [Bl Implementation

of BASTION in R is available at https://anonymous|

4open.science/r/BASTION-Anonym-0D40. The pack-
age has been anonymized for this submission.

4 Simulation Study

4.1 Set Up

In this section, BASTION is compared against existing
multiple seasonalities decomposition models: MSTL
by Bandara et al.| [2021], STR by [Dokumentov and
Hyndman| [2022], and TBATS by |Alysha M. De Livera
and Snyder| [2011] across various simulation scenar-
ios described in Table [l Exact simulation schemes
are detailed in Appendix [C] DGP 1 through 4 exhibit
characteristics such as trend discontinuities, seasonal
discontinuities, heteroskedastic noise, or a combina-
tion of these with additive outliers. The comparisons
are made in terms of their ability to accurately ex-
tract trend, seasonality, and signal (trend and season-
ality combined), by measuring the mean squared error
(MSE). As a Bayesian methods, BASTION provides
uncertainty quantification via credible region. STR, a
Frequentist counterpart, is the only other decomposi-
tion method with uncertainty quantification. Empirical
coverages based on BASTION’s credible interval and
STR’s confidence intervals are compared to measure
each method’s accuracy of its uncertainty quantifica-
tion.

All models are implemented in R R Core Team
[2024]. TBATS and MSTL are implemented using
the forecast package Hyndman et al. [2024], and STR
is implemented using the stR package |Dokumentov and
Hyndman| [2024]. For BASTION, we extend the effi-
cient sampling approach for the Gaussian state-space
model framework from [Rue| [2001], and the stochastic
volatility model from [Kastner| [2016].

4.2 Results
Mean Squared Error
TBATS MSTL STR  BASTION
DGP 1
Signal 13.878  11.760 10.829 0.376
Trend 3.624 13.227  13.785 0.581
Seasonality — 11.672 2.712  2.575 0.536
DGP 2
Signal 1.411 1.214  0.7020 0.3922
Trend 0.621 0.184  0.0878 0.0579
Seasonality 0.838 1.032  0.6156 0.3412
DGP 3
Signal 11.307 3.041 0.706 0.439
Trend 10.509  0.364 0.274 0.293
Seasonality ~ 0.900 2.683  0.444 0.278
DGP 4
Signal 11.829  11.430 20.548 2.877
Trend 11.111  12.328 13.431 5.210
Seasonality 5.364 3.045 11.358 2.562

Table 2: Mean Squared Error (MSE) for Trend, Sea-
sonality, and their combined component (Signal). Each
data generating processes (DGP) is replicated 1000
times.

Table [2| reports mean squared error (MSE) for BAS-
TION, MSTL, TBATS, and STR. Across all five simu-
lation scenarios, BASTION consistently achieved the
lowest or near-lowest MSE for trend, seasonality, and
the combined signal. Table |3 shows empirical coverage
for BASTION and STR, the only methods that provide
uncertainty quantification. BASTION maintained cov-
erage above the nominal 95% in all cases, while STR
frequently under-covered, with rates as low as 62%.

By leveraging a global-local shrinkage prior, BASTION
effectively captures abrupt changes in trend and season-
ality, making it particularly advantageous in scenarios
with structural breaks or rapid shifts. Additionally, its
Bayesian framework explicitly models additive outliers
and heteroskedastic noise-features often overlooked by
existing methods. This leads to more accurate and
robust estimation, especially in complex data environ-
ments. Results confirm that BASTION provides both
the accurate decomposition while also providing reliable
uncertainty quantification.

5 Empirical Data Analysis

5.1 U.S. Airline Traffic Data

We analyze monthly international airline traffic data
from 2003 to 2023 (Figure . The series exhibits a
clear yearly seasonal pattern: passenger counts are
lowest early in the year, rise steadily to a peak in July
and August, decline sharply in the fall, and rebound
moderately in December and January. As per the
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Figure 1: Observed data (points); estimated trend + seasonality, (T + §), (black) with 95% credible regions; and
trend (T') component alone (red), for monthly U.S. international airline traffic, 2016 - 2023. The sharp decline in

early 2020 reflects COVID-19 travel restrictions.

Empirical Coverage

STR BASTION

DGP 1

Signal 0.799 0.998

Trend 0.616 0.970

Seasonality  0.815 0.999
DGP 2

Signal 0.869 0.989

Trend 0.716 0.976

Seasonality  0.793 0.956
DGP 3

Signal 0.940 0.995

Trend 0.812 0.929

Seasonality  0.847 0.981
DGP 4

Signal 0.679 0.981

Trend 0.668 0.939

Seasonality  0.623 0.999

Table 3: Empirical Coverage (EC) for Trend, Season-
ality, and their combined component (Signal). EC is
calculated using 95% confidence intervals for STR. and
95% credible intervals for BASTION.

trend, we see a steady rise in the number of passenger
with the significant drop in early 2020, correspond-
ing to the COVID-19 pandemic and resulting travel
restrictions, introducing a clear structural change in
the trend. Figure [1| compares seasonality and trend
estimates across TBATS, MSTL, STR, and BASTION.
BASTION provides a smooth yet adaptive trend, cap-
turing the abrupt COVID-19 drop while preserving
overall structure. MSTL and STR oversmooth the

break, treating it as gradual, whereas TBATS identi-
fies the sharp change but yields noisy estimates. This
example highlights BASTION’s ability to maintain
smoothness while adapting to abrupt changes. The full
decomposition is provided in Appendix [D] Figure [0}

5.2 New York Daily Average Electricity

Demand

25,000
£
[
% 20,000
% I
2

15,000

2015-07 2017-09 2019-12 2022-03 2024-06

Figure 2: Daily average electricity demand in New York
State from 2015-07-01 to 2024-06-30.

The daily average electricity demand data for New
York, spanning from July 1, 2015, to June 30, 2024,
exhibits clear yearly seasonal patterns. As shown in
Figure 2] demand peaks in the summer months due
to widespread air-conditioning use and increases again
during winter, reflecting heating needs. Spring and
fall, by contrast, experience milder temperatures and
consequently lower demand.

As shown in Figure [3] all four methods accurately
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Figure 3: Yearly seasonality estimates, (S), for daily average electricity demand in New York from July 2015 to
June 2017. Figures (a) - (d) display estimates from TBATS, MSTL, STR, and BASTION, respectively.

capture the broad seasonal patterns typical of the East
Coast, with peak electricity demand during the summer
months of July and August due to increased cooling
needs. This is followed by a steady decline in the
fall and a moderate rise during the winter, reflecting
increased heating requirements.

One interesting feature visible in the BASTION and
MSTL estimates is a small dip in demand lasting
approximately 30 days, from mid-December to mid-
January, coinciding with the holiday slowdown in com-
mercial and industrial activity. This reduction in elec-
tricity use drives the observed drop. BASTION distin-
guishes itself by detecting such subtle shifts while main-
taining smooth, accurate seasonal estimates. The full
BASTION decomposition, including trend and weekly
seasonality, is provided in Appendix [D] Figure [7]
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Figure 4: Volatility estimate based on BASTION for
daily average electricity demand from 2015-07-01 to
2024-06-30. 95% credible regions are drawn in dark

grey.

Another defining characteristic of BASTION, that no

other decomposition model provides, is its ability to
explicitly estimate time varying volatility. BASTION’s
estimate of time-varying volatility, depicted in Figure [4]
highlights not only the heteroskedasticity of the noise
term but also the presence of seasonality in the volatil-
ity itself as well. Specifically, as the estimate suggests,
higher volatility is observed during the winter and sum-
mer months, while lower volatility occurs during the
spring and fall. This insight is particularly relevant for
electricity management, where anticipating periods of
elevated volatility informs resource allocation, capacity
planning, and pricing strategies.

6 Conclusion

We introduced BASTION, a flexible Bayesian frame-
work for decomposing time series into trend and mul-
tiple seasonalities while explicitly modeling outliers
and volatility. Unlike existing methods, BASTION is
able to capture abrupt changes in both the trend and
seasonality component, while also providing rigorous
uncertainty quantification. Simulation results demon-
strates that BASTION outperforms TBATS, STR, and
MSTL in both accuracy and empirical coverage in
most cases. Empirical analyses of airline passenger
data and electricity demand further validated its abil-
ity to capture complex temporal dynamics and pro-
vide interpretable insights. To facilitate further re-
search and practical use, BASTION is available as an
R package at https://anonymous.4open.science/r/
BASTION-Anonym-0D40.
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A PROOFS

A.1 Proof of Theorem 1

Given a length N time-series Y := {Y;}}V,, the goal is to characterize the condition in which the following

P P
T.51,....5p = argmin {||Y—T—ZSZ-H%+/\0||DTT|§+Z>\i|Ds,iSi||§},
T,51,....,Sp i=1 i=1

is uniquely identifiable.

The first order condition of the objective function gives us the following sets of equations,

where Ao = (I + AoLo), Lo = (DpDr), and A; = (I + \;L;), L; = (D ;Ds,;) for j = 1,... P. This can be
written as a linear system:

Ay T I7[T Y
I A I8 Y
I 1 ... Ap| |Sp Y
Ay 1 I
I A ... T
If the matrix H = | . . . |, is full rank, the unique solution exists. This is equivalent to checking
I I ... Ap

the dimension of the kernel, nullity, of the matrix. If the nullity is 0, H is full ranked by the rank nullity relation.
First we show that u = (uo,...,up) € ker(H) if and only if X\;L;u; =0,Vj € {0,..., P} and Zf:o uj = 0.

(=) Given u := (ug, u1,...,up) € ker(H), define s := Zf:o uj. By the assumption that u € ker(H), Hu = 0.
Or equivalently, for each block Vj € {0,..., P},

P P P
AjUj + Zm = AjUj + Zw + (Uj — Uj) = (AJ — I)Uj + Z’Uq = (Aj — I)Uj + s = ()\ij)’LLj + s = 0 (4)
i#£] i#0 =0

The only solution to s = 0 because Zf:o AjusLju; = Zf:o —ujs = _(25:0 u;)'s = —|s/|3 > 0.
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(<) Fix w = (uo, . ..,up) such that X\;L;u; =0,Vj € {0,..., P} and Zf:o uj = 0. We need to show that Hu = 0,
which can be verified by the same derivation shown in Equation [4| but backwards. Vj € {0,..., P},

P P P
AjUj +ZUZ = (AJ —I)Uj —I—Zuz = )\ijUj —i—Zui =0.
i#£0 i=0 i=0

Lastly, We argue that ker(Ly) = ker(Dr) and ker(L;) = ker(Dg ;) for j > 1.
(=) If ug € ker(Lr), Lyug = D4 Drug = 0. Since positive semidefinite, u(DfDrug = (Drug) Drug > 0, which
is only possible if and only if Drug = 0. The same argument applies to Dg ; for j > 1.

(<) if ug € ker(Dr), Drug = 0 thus, (Drug)’(Drug) = ujLrug = 0. Therefore, Lrug = 0.

This proves that ker(H) consists of vectors from each null space of the operators: DyDg 1, ..., Dg p, whose sum
is zero. This can be characterized by V := Dr @le ker(Dg ;) and define the sum map ® : V — RY, where

D(vg,...,vp) = Ef:o vj. Therefore, ker(H) = ker(®). It follows that

P P
dimker(H) = dimker(®) = dimker(Dr) + Zdimker(Dj) — dim(kerDTJerer(Dj)).
j=1

j=1

The matrix H is uniquely identifiable if and only if the dimension of the null space is 0 by the rank-nullity relation.

A.2 Proof of Corollary 1.1

Define 2 < k < N, where k is the length of the seasonality and N be the length of the data. 1 := (1,...,1)T € RV,
B is the back shift operator, Bxy = ;1 for t > 2. For the trend ker(Dr) = span{1,m}, where m = (1,2,... N)'.
This is because Drx = 0 if and only if differences vanish i.e., x; = a + bt. Two linearly independent solutions
are 1 and m. For the seasonal differencing operator, ker(Ds1) = {z € RN : 2, = 24, Vt > k}. The first &k
coordinates are free and determine all subsequent values. The shared null space is 1.

For the seasonal recurrence Dg ;, each row has its first nonzero entry in a distinct column. For example row r
starts at column r, ending at r + k. therefore, rows are linearly independent and Rank of Dg; is NV — k. By the
rank nullity relation, the dimension of the null space is k. Note that 1 ¢ ker(Dg 1) and m ¢ ker(Dg1).

A.3 Proof of Corollary 1.2

Let P > 1, Dr be the second differencing operator and Dgi,...Dgp be the seasonal differencing

operator,ky, ... kp be the length of the seasons for each seasonal components,
P
dim(ker(Dr)) + Y _ dim(ker(Ds ;) — dim(ker(Dr) + U)
j=1
P
=2+ k; — dim(ker(Dr) + U)
j=1

P
=2+dim(U) + (Z kj — dim(U)) — dim(ker(Dr) + U)
j=1

P
= dim(ker(Dr) + U) + Y _ k; — dim(U)

Jj=1

As shown previously ker(Dr) = span{1,m}, where m = (1,2,... N), and ker(Dg ;) = {z € RN : 2, — Ty gy, V>
k;}, where dimker(Dg ;) = k;. dim(ker(Dr) +U) = 1.
For U inclusion-exclusion gives us:

dimU = Z dimker(D; ;) — Z dimker(Dg; N Dg, ;) + Z dimker(Dg,; N Dg N Dg;) — -+ dim ker(m Dg ;).

j i<j i<j<l j=1
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Note that the shared null space between two seasonal components Dg; and Dg ; is ged(k;, k;).

dimU = Zk = ged(k, ky) + Y ged(ki, kj ki) — - + ged(ka, .. kp).

1<j i<j<l

Thus, the nullity of the design matrix H in Theorem 1 reduces to

P
dim(ker(Dr)) + Z dim(ker(Dg ;) — dim(ker(Dp) + U)
j=1
=1+ ged(kikj) — > ged(ki,kj ki) + - — ged(ky,... kp)
i<j i<j<l

If we assume Dg 1,...Dg p to be a recurrent operator, the nullity is reduced by 1 as the null space between the
seasonality and the trend does not interact.

P
dim(ker(Dr)) + Z dim(ker(Dg ;) — dim(ker(Dr) + U)

Jj=1

= ged(ki, k) — > ged(ki,kj ki) + -+ — ged(ky, ... kp)

i<j i<j<l
A.4 Proof of Theorem 2

Given a length N time-series Y := {Y;};, we consider the following objective function:

7,81, 8p = orgmin {|Y T ZS||2+ZA’”IID?TIIﬁZA”‘ZIID sa%},

71:7P

Here, we have g7 and gg now represent the number of penalties for the trend and seasonal component respectively.
The hyperparameter Ay for the trend and A]" is strictly positive scalar controlling the degree of penalty applied
to each penalty operator.

We provide a similar identifiability condition as in Theorem 1. Define Vo = N#_, ker(L{") and V; = %
for j > 0. In this proof, we show that we get a uniquely identifiable solution if:

Z dimker(V;) — dim (Zker ) =0

ker(L7")

m=1

The same first order condition therefore the same system of equation in Theorem 1 holds, but A07. .Ap are
defined differently: Ay = (I + VALY, Lyt = (D) D, form = 1,...,qr and Aj = (I + 30" X"LT),
L = (Dg,;)'Dgy, for j=1,.. Pandm—l...qs

Ay T ... 1 T Y
I A ... 11|18 Y
I 1 Ap| |Sp Y
Ay T 1
I A ... I
Given H = | . . .|, its nullity is considered.
I I ... Ap

We show that u = (ug,...,up) € ker(H) if and only if 1) ug is in the kernel of (32" \J*Ly") and u; is in the
kernel of ( XPL) for j=1,...,P  and Y21 u; = 0.

mlj
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(=) Let w = (ug,...,up) € ker(H), and define s := Zf:o u;. For the trend component:

P qr qr
AoqurZu,;f (4o — 1) u0+2u7f (Ag — 1) u0+52/\6”L6nu0+5(Z)\6nL81>u0+5

i#£0 m=1 m=1

and for the seasonal components, j € 1,... P

P s
Ay + 3wy = ( 3 A;"'L;") w45 =0.
i#] m=1
We also show that only possible s = 0. We use the fact that L7" are positive semi-definite and AT* > 0:

LN L) u0—|—zz (ATLj)u; >0

j=1m=1

P s
up (A Ly ) uo + Zu; Z (AP Lj)u; >0
j= m=1

b
!

up(—s) + Zu}(—S) =(Q_uy)(=s)=—|sl3 > 0.

(<) Fix u = (ug, . .., up) such that ug is in the kernel of (3517 \f*Lg*) and wu; is in the kernel of (3% _, X" L7")
forj=1,...,P ,and quj =0. For j =0,

q P
A()Uo‘i’zul— Ao* U0+ZUZ<ZT)\81LBR)U0+ZU10
m=1 =0

i#0

This proves that w = (ug,...,up) € ker(H) if and only if 1) ug is in the kernel of (3°%"_, Ni*L§*) and w; is in the
kernel of (320  N"L7) for j=1,..., P, and quj =0.

m=1"g

Lastly, ker(3_0"_ ) A" Lg") = Mi_g ker(Lg*) and ker(3_ 5y AP LY) = (_o ker(LT") for j > 1.

(=) Let’s assume ug € ker(3 %" | N"LT"). Because L{' is positive semi-definite, ufAj"Li'ug > 0, Vm. This
requires that ufAJ*Li'ug = 0, Vm. Thus uo € NI, ker(L0 ). The same argument can be made to show that
uj € h_y ker(L7)Vj > 1.

(<) If ug € NI_, ker(Ly"), then ugAG' Ly uog = 0 for all m, thus > 5" u(\g* L ug = 0. ug € ker(} 2" Ag*LT").
The same argument applies to show u; € ker(3°%%_, AL for j > 0.

Define Vo = N1, ker(Lg') and V; = N5_, ker(LY") for j > 0.
This proves that ker(H) consists of vectors from each null space of V;, whose sum is zero:

P

ker(H) = {(UO, A ,’U,P)|Vj,u]' S Vj,Zuj = O}

=0

The condition above can be characterized by V := @f:ovj and define the sum map ® : V — RY, where
®(vg,...,vp) = Zf:o vj. Therefore, ker(H) = ker(®). It follows that

dim ker(H Z dimker(V;) — dim ( Z ker(V )

By the nullity-rank relationship, the matrix is full-rank if and only if above equals to 0.
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A.5 Proof of Corollary 2.1

Using the same notation as in Theorem 2, we first note that
Vo = ker(Dy) = span{1,m}, m=(1,2,...,N)T,
dim Vp = 2. For each seasonal component .S;, the joint kernel of the second and seasonal differencing operators is
V; = ker(Dé,j) N ker(D?gJ) = span{1},

following from Corollary 1.1 (Appendix|A.2)). Imposing the centering constraint lTSj = ( eliminates this direction,
so in fact V; = {0} for all j > 1. Hence

P
> dimV; =dim Vp = 2.
§=0

Moreover,
P
E Vv] = VOv
Jj=0

which also has dimension 2. Thus the condition of Theorem 2 holds with equality, and the decomposition is
identifiable.

If we assume D%j is the seasonal recurrence operator instead of the differencing operator
Vj = ker(Dg, ;) Nker(D§ ;) = {0},

as shown in Corollary [A-2] Therefore, the decomposition becomes identifiable.
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B Full Conditional Distribution for Gibbs Sampling

B.1 Full Model

The exact parameterization and the prior distributions of BASTION used for both the simulation and empirical
study section is described below:

Observation Equation

P
Yt :Tt+ZSi,t+Ct+Rt7 [R¢|oy, V4] i N(Oﬁivf)
i=1
Trend
[TtlgyvnT,t] ~ N(Ovagn%t) vt e {172}7
[Ath|0y7TTa 77T,t] (O U 7-TT/T t) t> 3a
[rr] ~ CT(0,1/N), Inr.e) % Ct(0,1).

Multiple Seasonality

[S’ } =0, [Si,2|0y7775i72] ~ N(Oa U?/”?%,Q))

[A%S; 4]y, s, ms,.0) ~ N(0, 0278 %, ;) Ve {3,...,k},

[( ) it|0y7TSi7nSi,t] NN(O U TS’ 775 t) vt Z (kl+1)7

[rs.] ~ C*(0,1/N), [s,.4) % (0, 1).

Outliers

[Giloy, mc.d] ~ N (0, 0002 ), [n¢,el7es Ecel ~ CF(0,7¢ée r)
ud

[rc] ~ C*(0,1), [ce] ~ CH(0,1).

Remainder

[05] ~ O'y_Qd(Tj

log(v?) = .+ ¢(log(v? 1) — ) + over, [er] “ N (0, 1)

[1] ~ N(0,100), [¢] ~ Beta(5, 1.5)
[07] ~ IG(1/2,1/2)

Let’s first define Y = [y1,...,yn] and similarly for the variables T, S;,{,v. The full conditional posterior
distributions for Gibbs sampling are derived in the following subsections.

B.2 Trend

For the likelihood, we have:

Y|T,..] ~ <T+ZS +c7o2u21>

i=1
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The prior distribution on T' are imposed on its second differencing.

~ o ) 1 0 0 . 0 0 0]
1 0 0 0 offr 0o 0 O 0 0 1 0 0 0 0
0 1 0 0 o0 1 0 0 0 1 -2 1 0 0 0
1 -1 1 0 oy {0 -1 1 0 0 0o 1 -2 1 0 0 0
Dr=10 0o -1 1 of o 0o -1 1 0| =
0 0 0 -1 10 0 0 -1 1 0 0 0 -2 1.0
B T ) 0 0 0 . 1 =2 1]
Thus, given o3 := (02171, o7 9, CoTENF 35 - - - OoTENF N
[T]...]~ N(0,Ac2IA")
1 -1
(o (o o) )
9T
Let’s define Q7 := (DT)’U%I(DT).
T
1
Qr=——
ouTE
[ i __2 1 0 0 |
”%,1 ”%‘,3 ”gr,?, "%‘,3
7'2 —2
_”% ”572_"% ("21 _,'_”]24 +1]21 ) ’”;2 _1]22 _"%
T,3 T,3 T,4 T,3 T,4 T,5 T,4 T,5 T,5
0 0
' (n%2+~%N]*WiN> (nail nfw)‘w{N
—2 o 4 2
7’%,N—1 "'2T,N " N—-1 TN TN
0 _ 21 _ 22 1
L T N T N TT.n 4
Therefore,

1 Ty =P s -¢ 1 -1
[T|ya]NN(<QT+O_§V2[> ( zo:_g:jlz )7(QT+J2UZI> )

Y

For the global parameter 7 and the local parameter nr; both following the half-Cauchy distribution, the
parameter expansion as described in Makalic and Schmidt| [2016] are used. Thus,

[TT|1/)TT7"'] ~ IG(1/2v l/w‘f'T) [’l/)TT] NIG(]-/Q’l)
rlonre -]~ IG(1/2,1/bn, 1) [ne e ~ IG(1/2,1)
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Since they are conjugate priors, the conditional prior distributions are as follows:

1 N-2 1 AT
[T%Y7¢TT,]NIG<2—|—2 ( t) )

’ 9.2
wTT 2Uy =3 nTt

1
[Wre Y, 70, ] ~ IG 1,1+2>,
T

T 2
(7Y gt NIG(l,%1 -+ ((j:) ) te{1,2}.

(Wt Y it ] ~ IG (1,14 ——

B.3 Seasonality

Let’s fix j € {1,..., P}, and consider the seasonality term S;. Let k; denote the length of the cycle and to
simplify notation let S := S;. The seasonality parameter is penalized by both the seasonal differencing for the
first £ component and are also penalized by the seasonal differencing operator:

k=1 0| | By 0 -1
Ds = ({ Bs BQ] [ 0 INkv])

where each matrix By 1, By 2 has the following structure:

1 0 0 0 I, 0 O 0 IO
2 1 0 0 I, I, 0 0 ’“0—1
B —| 3 2 1 0 By= |k In Ik 0 Bi= |1,
: : : U R . 0
k-1 k-2 k-3 - 1 L, I, I, --- I :

B;isa (k—1) x (k—1) lower triangle matrix for un-differencing the second differencing operator on the first
k — 1 observations. By is a (N — k) x (N — k) lower triangle matrix and Bs is a (N — k) x (k — 1) matrix for
un-differencing the seasonal differencing operator on the last T' — k observations. Similar to the derivation of Qr

in Section

Qs' = <(DS)’01§IDS), where 0% := (0713 5, 007318 3,03 T4N% .45 - -+ 04 TMe x| - The precision
matrix Qg has a block-tridiagonal structure with blocks separated by the seasonality k except for the top left
(k—1) x (k — 1) submatrix, which has a tridiagonal structure resulting from the second differencing.

The conditional posterior distribution for S therefore,

1\ Y Y-T-%,,.8 ¢ LA
st ((as s r) (TR (00 L))

The conditional posterior distributions of 7¢ and ng are identical to 7 and nr explored in Section [B:2} With
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the parameter expansion of the horseshoe prior:

k N
1 N-2 A28 (1—Bk)St
T2 Ya¢7' PR NIG(+ ( < t) i (
[ S‘ S ] 2 2 1/]7'5 tZ: ’I’}T t t_%l) nT,t
1
[7/}7'5|Y;TS,~..]NIG<1,1+2>
TS
1 1782
5., ~IG<1, +<t) ),
[Ws,t| Vst ] o T3\,
1 1/A28,\?
NIG(L +< St)) t=3,
11[17]5,25 2 OyTS
_ Rk 2
N1G<1, ! +1<(1 B)St) ) o
wns,t 2 O'yTS
1
[UnstlY s ms ey o] ~ IG(I, 1+ 2)
St

B.4 Outliers

For the additive outlier term (;, we use the horseshoe+ prior by Bhadra et al.| [2015] to provide more shrinkage
than the one induced by the horseshoe prior. The parameter expansion by [Makalic and Schmidt|[2016] can be

applied to the horseshoe+ prior:

¢ |Uy777< t] ~ N(O,U;jng t)s [ng,tW)ng,t} ~ 1G(1/2, 1/7/’77<,t)a
[Wne.el7e, €l ~ IG(1/2,1/(72€2,)),

[Eltr] ~ IG(1/2,1/%7,), [or] ~ IG(1/2,1),
[€2 1l tec ] ~ IG(1/2,1 /e ), [theca] ~ IG(1/2,1).

Thus, we have the following conditional posterior distribution:

L o) (one
o () (729 ()

3 1 Gt
¢y, -] IG( Tt (Jy))

[wng,Ay,...]wG( Ly 2 )
oot

N+1 & 1 1
21y, . Nza( , ( ) )
[y, .. ] 5 ; oo + -

el ~ 16(1.1+ 2 )
¢

1 1
2y 1~ 16((1 g — 4 )
[6(7t|y ] ( qu}z)ng,t w5<7t

[%Ay]wa(l 14 o )
Cit

B.5 Remainders

Remainder term also decomposes into two components, the time-invariant o, and the time-varying term ;. For

the time-invariant term, we have
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Siz \? |, x- (A%, 1-B)RSie\*
2>+Z( t) )
18,2 =5 \TS:.M3;; bt TSiMSi,

For the time-varying term v, we closely follow the sampler proposed by |[Kastner and Frithwirth-Schnatter| [2014].
Define

Y—T—Eﬁlsi—c)Q

Y* =log (
Ty

h := log(v?).

By transforming the likelihood, we have a linear system with a non-Gaussian error term, which may be
approximated by a Gaussian mixture distribution |Omori et al.| [2007]:

yr = hy + log(u?), Uy g N(0,1),

yr = hy + g, + 0,0, u N(0,1), 7 i Categorical(m)
iid

hy = p+ ¢(hi—1 — p) + ope [e:] ~ N(0,1)

With the approximation of the likelihood, the model becomes conditionally Gaussian, allowing efficient sampling
of associated parameter h, u, ¢, 0,, and the additional parameter j.

C Simulation Schemes

C.1 Data Generating Scheme 1

Observation Equation

Yt:TtJrStuﬁLSfOJrRt-

Trend

m1(004)(t — bl) +c1, if0<t<by,

T, = m2(004)( b2)+62, if by <t <by+ by,
m3(004)( b3)+C3, if by + by <t < by+ by + b3,
m4(004)(t — b4) + c4q, if bl + bQ + b3 § t < 500,

(ma, ..., ma] & U(=20,20),

lc1, ..., cs) “U(-10,10),

b1, ..., bs] 4 U(30,125).
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Seasonal
27t
S}? = {2 sin (12> + 732 cos <1>
12,73 % N (0,4),
2rt t
SZLO = ’Y%O Sin <40> —+ ’Y;lo COS (40>
iid
(1% 7% = N(0,5%).
Error

(R, “ N(0,2%)

C.2 Data Generating Scheme 2
Observation Equation

Y, =T, + S} + R,.

Trend
mt
t= -
500
[m] ~ N(0,30%).
Seasonal
v, ifte{t|t=40k+j0<k<8,1<j <10},
g Ty, ifte{t|t=40k+j,0<k <8 11 <j <20},
YT )0y, iftef{t|t=40k+5,0<k<8,21< <30},
Vg, ifte{t|t=40k+5,0<k <831 <j<40},
iid
[v1,...,v4] ~ U (-8,8),
1 &
’177,:1}1712’0]
Jj=1
Error

2
iid m
R~ N0, — |.
[ t] ( a100>
C.3 Data Generating Scheme 3
Observation Equation
Y; =Ty + S° + Ry.

Trend

t t\? t\?
Ty =bo+by— + by | — by —
R T 2(500) * 3(500)
[bo] ~ U(—15,15),

[b1, ..., bs] 4 N(0,202).
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Seasonal
. 27t 27t
St50 = ’yir)o Sin <50> —+ "YSO COSs (50>
[0, 75°) % N(0,57).
Error

[RJ] ™ N(0, exp(hy))

he = 2.5+ 0.98(hi_1 — 2.5) + 0.2¢,
iid

[e:] ~ N(0,1)
C.4 Data Generating Scheme 4
Observation Equation
Y, =T, + S+ 5° + Oy + Ry, t=1,...,500.
Trend
m1(0.04)(t7b1)+61, if 0 <t < by,
Tt: m2(0.04)(t—b2)—|—02, if bl §t<b1+b2,
m3(0.04)(t—b3)+03, if by + by <t < by + by + b3,
m4(004)( — b4) +cg4, if by + by + b3 <t < 500,
[mlv s 7m4] 1’31 U(—QO, 20)7
le1, ... ca) “U(-10,10),
b1, ....bs) % U(30,125).
Seasonal
. 2nt 2rt
Stl2 = ~{?sin (12> + 752 cos (12)
(12,737 ™ N(0,42),
oy, ifte{t|t=40k+7,0<k<81<j<10},
G50 _ Uy, ifte{t|t=40k+7j,0<k <811 <j <20},
K U3, ifte{t|t=40k+5,0<k <8 21<j<30},
Ug, ifte{t|t=40k+5,0<k <831 <j <40},
[v1, - va] * U (~20,20)
=
’l~)i = V; — 1 Zvj
j=1
Outlier

0, — Qt, ifte{jlvj%"'?jl}v
L = . o .
07 1ft¢{]17]27"'7]l}7
a; % N(0,15%),
[ ~ Pois(5),
[71, 2, - - -, 1] ~ U(1,500) without replacement.
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Error
[R.] “ N(0, exp(h,))
hy = 0.8+ 0.98(hy—1 — 2.5) + 0.2¢;

ler] & N(0,1)

D Additional Figures
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Figure 5: Synthetic time series generated by adding a trend component, T}, seasonal components, S¢, and
remainders R; based on the descriptions in Table[ll T; are drawn in blue and T} + .S; are drawn in black. Figures
represent one replication of each DGP.
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Figure 6: Monthly international airline traffic in the U.S from 2003 to 2023 and its Trend [6(b)l Seasonality
and remainder Figure decomposition based on the proposed model, BASTION. 95% credible regions
are generated and shaded in grey for the trend and seasonality components.
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(c) Weekly Seasonality
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Figure 7: Decomposition of the trend volatility 4 weekly seasonality and yearly seasonality based
on BASTION for daily average electricity demand from 2015-07-01 to 2024-06-30. 95% credible regions are drawn

in dark grey.
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