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ABSTRACT

As climate change alters global rainfall patterns, many regions are facing increased intensity and
frequency of rainfall events. These changes pose significant risks to civil infrastructure, which was
often designed based on historical data and may no longer be resilient. Rainfall-induced failures
can lead to severe, life-threatening consequences. Local factors, such as topography and
elevation, greatly influence rainfall variability, making site-specific projections essential for
effective risk assessment of infrastructure. However, current rainfall projections from General
Circulation Models (GCMs) have coarse spatial resolutions (e.g. 100 km), which are inadequate
for assessing risks at specific sites, such as slopes near railways, where the relevant scale is often
tens to hundreds of metres. This study proposes an innovative method that integrates historical
rainfall records with GCM projections using a joint sparse representation (JSR) framework to
project future rainfall patterns at specific sites. This approach combines regional trends from
GCMs with local data to maintain regional consistency while accurately reflecting local
characteristics. A temporal downscaling step further enhances the resolution for engineering
applications. The method is demonstrated using real rain gauge data from Hong Kong.
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1. Introduction resolution of tens or hundreds of km (Bader et al.

The Intergovernmental Panel on Climate Change
(IPCC) has repeatedly highlighted alarming trends of
global warming, projecting a significant rise in average
global temperatures by the end of this century (IPCC
2023). Rising temperatures intensify evaporation,
which subsequently alters atmospheric moisture con-
tent and influences global rainfall patterns (Masson-
Delmotte et al. 2021). These shifts in the hydrological
cycle contribute to significant changes in precipitation
intensity and distribution, attracting increasing atten-
tion globally. To predict these climate change-induced
alterations in meteorological phenomena, the Coupled
Model Intercomparison Project (CMIP) developed
General Circulation Models (GCMs) and simulated
atmospheric and oceanic processes under different cli-
mate scenarios (Durack et al. 2025). These models
incorporate both natural and human influences on cli-
mate systems, providing projections of temperature,
precipitation and other climate variables with a spatial

2008). The predicted rainfall patterns indicate that
extreme rainfall events have already intensified in
many regions and are projected to increase further, pos-
ing significant risks to human settlements and infra-
structure (IPCC 2023). For example, prolonged and
intense rainfall may overwhelm existing drainage sys-
tems, increase flooding risks and trigger landslides,
due to soil saturation and reduced shear strength of
soil, especially in hilly areas (Gao et al. 2023; Oguz et
al. 2024). These hazards might further damage build-
ings, roads, bridges and disrupt transportation, leading
to economic losses and threats to human safety (Gofar
and Lee 2008). Past events have highlighted the severe
consequences of such rainfall-induced disasters. For
example, the 2008 floods and landslides in Santa Catar-
ina, Brazil, triggered by extreme rainfall, resulted in over
135 fatalities and caused an economic loss exceeding
US$1.4 billion (Xavier, Barcellos, and de Freitas 2014).
Similarly, in September 2023, Hong Kong experienced
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its most intense rainfall in nearly 140 years, leading to
widespread flooding, landslides and severe disruptions
to transportation and infrastructure. The event resulted
in at least two fatalities, over 140 injuries and significant
economic losses due to infrastructure destruction, pub-
lic transportation shutdowns and widespread business
closures (Wong, Fan, and Yeung 2024). In addition,
the impacts of climate change exhibit spatial heterogen-
eity and the variance of rainfall has increased under
changing climate conditions (Braga and Laurini 2024;
Dore 2005; Ohba and Sugimoto 2019). In May 2024,
Hong Kong experienced an intense rainfall event that
was concentrated in the Sai Kung area, causing severe
landslides and road closures (Leung 2024). Given the
severe consequences and increasing possibility of such
events, it is crucial to reassess and adapt existing infra-
structures, based on projections of future rainfall pat-
terns, to enhance urban resilience and safety (Nissen
and Ulbrich 2017).

As rainfall patterns may vary significantly even at
sub-kilometre scales due to local factors like topogra-
phy, land use and atmospheric processes (Fiener and
Auerswald 2009), localised rainfall variations have a
direct impact on the assessment of rainfall-induced
risk. Infrastructure systems, particularly slopes, drai-
nage and transportation networks, are highly sensitive
to rainfall intensity, therefore demanding an accurate
estimate of rainfall patterns at specific sites. For
example, Hong Kong maintains a dense rain gauge net-
work with an average station density of one station per
approximately 5.7 km? enabling detailed local-scale
monitoring (Drainage Services Department 2018). In
some areas, particularly those prone to landslides, the
gauge density is even higher to ensure close monitoring
of extreme precipitation. Records of rain gauges that are
located within a few hundred metres to a few kilometres
are often used for risk assessment of rainfall-induced
landslides at a specific slope. For example, Figure 1(a)
presents the location of rain gauge NO5, which is situ-
ated approximately 1.3 km from an illustrative slope
that will be discussed later in this study. Due to its
close proximity, the data collected from this rain
gauge is considered representative of the rainfall con-
ditions at the slope. This gauge has hourly rainfall
data monitored for the past decades, but the future rain-
fall pattern at NO5 is expected to vary due to climate
change. For example, Figure 1(b) shows the projection
from a GCM called ACCESS-CM2 model, indicating
that rainfall pattern changes in the area encompassing
rain gauge NO5. Note that the spatial resolution of rain-
fall data from GCMs, such as the ACCESS-CM2 model,
is as large as a longitude of 1.875° by a latitude of 1.25°.

Such a spatial resolution is even larger than the entire
area of Hong Kong. In addition, the temporal resolution
(e.g. monthly) of rainfall data from GCMs is too low and
not suitable for drainage design or slope stability assess-
ment. In other words, GCM projection results are of low
spatial and temporal resolutions and they cannot be
directly used to represent the site-specific rainfall pat-
terns required for engineering applications. This under-
scores an important research gap and question: how to
project future rainfall patterns at a specific site under cli-
mate change and ensure that the projected rainfall pat-
terns are consistent with both regional projections (e.g.
GCMs) and historical rainfall data observed at the
specific site?

Various methods have been proposed in the litera-
ture to improve the spatial or temporal resolution of
rainfall pattern projections. In general, existing spatial
downscaling approaches fall into two main categories:
dynamical and statistical downscaling (Maraun et al.
2010). Although dynamical downscaling incorporates
boundary conditions from GCMs and ensures physical
consistency (Mayer et al. 2022), it is computationally
intensive and its spatial resolution (e.g. 50 km for
Euro-CORDEX) remains insufficient for site-specific
applications such as slope stability analysis. Statistical
downscaling is based on the assumption that large-
scale climate variables simulated by global or regional
climate models (GCMs/RCMs) contain useful infor-
mation about local-scale processes. Therefore, a statisti-
cal or empirical relationship can be established between
large-scale atmospheric predictors and local-scale rain-
fall. These relationships are learned from historical
data and applied to model output to obtain downscaled
projections (Biirger et al. 2012; Dhanapala Arachchige
et al. 2014; Jeong et al. 2012; Wilby et al. 2004; Wong
et al. 2014). Although statistical downscaling is theoreti-
cally useful to site-specific applications, its effectiveness
and robustness depend critically on the availability of
reliable and spatially dense observational data for
model calibration and validation (Maraun et al. 2010;
Wilby and Wigley 1997).

Limited previous studies have applied statistical
spatial downscaling of rainfall at a specific site to assess
its impact on slope stability. For example, Dehn et al.
(2000) employed a transfer function with bounded
error, while Collison et al. (2000) used a simple correc-
tion factor to adjust rainfall. Martel et al. (2021) and Liu
and Wang (2024) altered future rainfall Intensity - Dur-
ation - Frequency (IDF) curves by applying scaling fac-
tors to adjust projected rainfall intensities under future
climate scenarios. Oguz et al. (2024) derived key statisti-
cal parameters of rainfall, such as wet-day mean from
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Figure 1. Anillustration of rainfall patterns from observations and GCMs in Hong Kong (a) An illustration of high-temporal-resolution
(mm/hour) rainfall records measured by a rain gauge (NO5) at a specific site (b) An illustration of regional GCM rainfall projection with

low temporal (mm/month) and spatial resolutions.

RCM outputs under future climate scenarios and
updated the IDF curves accordingly. These methods
typically rely on empirical relationships between large-
scale climate predictors and local-scale rainfall patterns
developed from past observations, which may not be
valid under non-stationary changes of climate con-
ditions. In addition, some of these methods cannot gen-
erate localised hourly rainfall time series. Therefore,
they might underestimate the complex spatial and tem-
poral variability of rainfall. Their flexibility might also
be limited, as they often prioritised replicating and
adjusting historical records, rather than capturing the
trend under climate change and temporal variability
of future site-specific rainfall patterns. In short, they

are not explicitly designed to simultaneously preserve
the local characteristics of rainfall patterns while ensur-
ing consistency with the projected regional changes.
Moreover, spatial downscaling results are often avail-
able only at low temporal resolutions (e.g. monthly),
whereas engineering applications typically require
rainfall events at an hourly time scale, making temporal
downscaling necessary (Segond etal. 2007; Drainage
Services Department 2018; Gariano et al. 2020; Acharya
etal. 2022). Various approaches, such as multiplicative
cascade models (Forster etal. 2016; Miller and Haber-
landt 2018), the method of fragments (Westra et al. 2012)
and stochastic storm selection (Socolofsky etal. 2001;
Koutsoyiannis and Onof 2003; Takhellambam et al. 2022),
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have been developed to generate hourly rainfall for
engineering applications.

To project future rainfall patterns with an hourly
temporal resolution at a specific site under climate
change, this study proposes a joint sparse representation
(JSR) formulation, which fuses regional GCM projec-
tions with historical rainfall observations at a specific
site for spatial downscaling and employs a stochastic
storm selection method for temporal downscaling.
The proposed framework generates hourly, site-specific
rainfall projections that are consistent with regional cli-
mate trends while capturing local spatial variability and
realistic temporal event structures. Such detailed and
site-tailored rainfall projections are essential for infra-
structure adaptation and risk assessment under chan-
ging climate conditions. After the introduction,
Section 2 outlines the overall framework of the pro-
posed approach, including both spatial and temporal
downscaling. Section 3 presents the concept of the JSR
framework for spatial downscaling and details of the
proposed methodology. Section 4 introduces the sto-
chastic storm selection method for temporal downscal-
ing. Section 5 details the implementation procedure.
Section 6 demonstrates the effectiveness of the proposed
method through a real case study and presents the pro-
jected future rainfall patterns at the specific site. Section
7 illustrates an application of downscaled future rainfall
projections to an example of landslide hazard assess-
ment, showing how rainfall patterns with high spatial
and temporal resolutions influence slope stability.
Finally, Section 8 summarises the key findings of the
study.

2. Framework for projecting site-specific
rainfall patterns under climate change

As shown in Figure 2, the proposed framework consists
of two sequential components. First, a JSR-based
method is proposed for spatial downscaling, which
takes site-specific rainfall observations and GCM rain-
fall projections with low spatial and temporal resol-
utions as inputs and projects site-specific rainfall data
time series at a low temporal resolution (e.g. monthly).
This output then provides the basis for the second com-
ponent, temporal downscaling, which combines the
site-specific low-resolution projections with site-specific
historical rainfall data with a high temporal resolution
to generate the final site-specific projected rainfall
events with a high temporal resolution (e.g. hourly)
required for engineering applications.

To further illustrate the characteristics of the data
involved in the framework, Figure 1 shows that the rain-
fall data time series for a specific site and GCM

projections have different patterns and temporal resol-
utions. The site-specific rainfall data time series shown
in Figure 1(a) is defined as f,, which is often available
at an hourly interval. f, includes both past observation
records and future projections to be obtained from the
proposed method. Note that the future projection at a
specific site is not known currently, but the intended out-
come of the proposed method and the required input for
many climate change-related engineering applications.
The GCM rainfall projection shown in Figure 1(b) is
defined as f, with a relatively low temporal resolution
(e.g. monthly), including both historical simulation
results and scenario-based projections for the future.
Generally speaking, high-temporal-resolution data (e.g.
hourly rainfall data time series) is highly variable and
inherently stochastic, characterised by a high proportion
of dry hours interspersed with occasional heavy rain
events. Such characteristics result in highly skewed and
heavy - tailed distributions, as illustrated by f, in Figure
1(a), posing significant challenges to data analysis. On the
other hand, an aggregation of the hourly rainfall data
time series to a monthly scale (for example, see f, in
Figure 1(b)), smooths out high - frequency variability
while preserving key low - frequency structures such as
seasonality, interannual variability, long-term trends
and localised bursts. Because of these structured charac-
teristics, the monthly rainfall data time series can be spar-
sely represented by only a limited number of basis
functions after a suitable transformation (Peleg, Eldar,
and Elad 2012), a method often used in big data analytics
and machine learning (Sandryhaila and Moura 2014;
Wright et al. 2010; Zhang et al. 2015). In addition, note
that the site-specific rainfall pattern f, and the regional
GCMs rainfall projection f, are correlated. They there-
fore share some common features but also retain individ-
ual characteristics (Deng et al. 2013; Duarte et al. 2008;
Elad and Aharon 2006; Guan and Wang 2024). There-
fore, they may be jointly modelled under a JSR frame-
work, as shown in Figure 3. Using JSR to jointly
represent f, and f, for site-specific projection of future
rainfall patterns ensures that these site-specific projec-
tions not only align with the regional trend of climate
change predicted by GCMs, but also incorporate localised
rainfall characteristics observed from past rainfall records
at a specific site.

Note that the projected results under the JSR frame-
work have a relatively low temporal resolution (e.g.
monthly), which is insufficient for many engineering
applications. Therefore, temporal downscaling is per-
formed on the site-specific projection of rainfall pat-
terns obtained from JSR, using a stochastic storm
selection method (Socolofsky et al. 2001; Takhellambam
etal. 2022). This method has the advantage of only
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Figure 2. The proposed two-step framework for spatial and temporal downscaling.

requiring a small number of model parameters. It sto-
chastically selects and assembles historical rainfall
events so that the temporally downscaled time series
with a high temporal resolution (e.g. hourly) matches
the low-temporal-resolution totals while preserving rea-
listic event characteristics. Details of the JSR for spatial
downscaling and stochastic storm selection for temporal
downscaling are provided in the following two sections,
respectively.

3. Spatial downscaling for site-specific rainfall
patterns under the JSR framework

3.1. Joint sparse representation of rainfall data
time series

Fourier series expansion is a powerful mathematical tool
for representing continuous functions (Stein and Sha-
karchi 2003). As shown in Equation (1), it expresses a
continuous function as an infinite sum of orthogonal
sine and cosine basis functions, each corresponding to

a specific frequency:
t 2mnt
7;” ) + b,ﬁil‘l(%)} (1)

fl) = % + i |:ancos(2

n=1
where f(#) is a function of interest (e.g. a rainfall data
time series in Figure 1); ao is the average component
of f(t) over one period; a, and b,, n=0, 1, ..., oo, are
the coeflicients, representing the amplitude (or weight)
of each frequency component for the function; T is
the fundamental period of f(f). It has been analytically

proved that any square-integrable function in the L?
space can be represented by such a Fourier series
(Edwards 1982; Stein and Shakarchi 2003). This theor-
etical foundation ensures that a wide range of real-
world data or signals, including time series signals
(e.g. rainfall data time series), can be effectively decom-
posed into simple oscillatory components. Each com-
ponent reveals distinct frequency behaviour, allowing
complex signals to be interpreted through their spectral
structure in the frequency domain. This naturally
motivates a transformation from a time domain into a
frequency domain, where patterns such as trends,
periodicities and noise can be clearly identified, quan-
tified and separated (Oppenheim 1999; Rashid, Beec-
ham, and Chowdhury 2015; van den Enden and
Verhoeckx 1989; Wallace and Dickinson 1972). This
principle underpins numerous applications, such as in
signal processing (Sandryhaila and Moura 2014; Stanko-
vic et al. 2019; Wright et al. 2010; Zhang et al. 2015),
heat conduction (Narasimhan 1999), geophysics (Bath
2012; Wang, Hu, and Phoon 2022), as well as climate
data analysis (Laguardia 2011; Nerini et al. 2017; Yiou,
Baert, and Loutre 1996).

In addition, natural signals (e.g. rainfall data time
series) often exhibit inherent structural patterns. In
other words, their essential features can be captured
by just a few dominant frequency components. With a
suitable transformation, such as the Fourier transform
(Oppenheim 1999), wavelet transform (Daubechies
1992; Mallat 1999), or discrete cosine transform
(DCT) (Ahmed, Natarajan, and Rao 1974; Rao and
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Figure 3. The proposed joint sparse representation (JSR) framework for site-specific rainfall projection contributed by climate change.

Yip 2014; Strang 1999), most of the coefficients are
either zero or negligibly small. This phenomenon is
referred to as data sparsity or compressibility, which
allows a signal to be efficiently represented by only a
limited number of basis vectors selected from a properly
predefined dictionary (Candes and Wakin 2008;
Donoho 2006). Under this sparse representation, a sig-
nal f can be accurately approximated using a linear
combination of basis vectors or functions, as shown in
Equation (2) (Candés, Romberg, and Tao 2006; Elad
2010; Fornasier and Rauhut 2015; Mallat 1999; Peleg,
Eldar, and Elad 2012).

f ~Bé )

where B is an N x N orthonormal matrix and its element
B(i, j) denotes the value of the ith basis function evalu-
ated at the jth position; @ is the sparse weight coeffi-
cient estimated. Consider, for example, the monthly
rainfall records from rain gauge NO5 in Hong Kong
(see Figure 1) and data transformation by DCT. To con-
struct DCT basis functions, Equation (3) below is
adopted to calculate B(j, j). DCT has proven effective-
ness in compactly representing signals with strong per-
iodic or quasi-periodic components (Ahmed, Natarajan,
and Rao 1974; Strang 1999). Additionally, it can be
efficiently implemented using built-in functions avail-
able in many computing environments, such as

MATLAB or Python (e.g. dctmtx in MATLAB, scipy.fft-
pack in Python).

1 . .
— forj=1,i=1,2,...,N

VN

2 i DQi—1
PeoenUTDEZD o Ni=1,2,..,N
N 2N
(3)

After applying DCT transformation (e.g. dctmtx in
MATLAB) to monthly rainfall records at rain gauge
NO5, the obtained weight coefficients are shown in
Figure 4(a). The values of weight coefficients decay
rapidly and only a few weight coefficients have a signifi-
cant magnitude. Then, the rainfall data time series can
be effectively reconstructed using a limited number of
important basis functions with significant weight coeffi-
cients. For example, a reconstruction using the top 30%
of DCT coeficients with the largest absolute values can
achieve a relative reconstruction error as low as 3.4%
when compared with the original rainfall data, as
shown Figure 4(b). This indicates that the dominant
basis functions are sufficient to capture the main fea-
tures of the rainfall data time series. This sparse rep-
resentation of rainfall data time series has been
observed at many rain gauge stations.
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In addition to the sparse representation of rainfall
data time series (e.g. f, and f, in Figure 1), rainfall pat-
terns at specific sites and those over the region where the
sites are located often exhibit a positive correlation
(Maraun et al. 2010). The site-specific rainfall pattern
is not only influenced by large-scale atmospheric pro-
cesses, but also exhibits unique localised variability.
Consequently, site-specific rainfall patterns and GCM
rainfall projections in the corresponding area are
expected to share a similar trend of overall change,
but also contain their respective individual patterns.
Under a JSR framework (see Figure 3), f, and f, can
be treated as a summation of the common components,
denoted as f and their individual patterns, denoted as
fu, (e.g. Baron et al. 2006).

fi=fc+fuy, = Biboc + Biwy, (4)

where B; is the basis function matrix; ¢ and @y, are
the weight coeflicients for the common and individual
components, respectively. JSR is designed to handle an
ensemble of signals by jointly representing them over

a shared set of basis functions, while allowing for both
common and individual components across signals
(Duarte and Eldar 2011). It leverages cross-correlation
among signals, leading to more efficient representations
and improved robustness to noise and missing data (e.g.
missing projection of future rainfall pattern at specific
sites in this study, as shown in Figure 1(a)). This
makes JSR widely applicable in various fields, such as
image compression and signal processing (Deng et al.
2013; Duarte et al. 2008; Elad and Aharon 2006). Lever-
aging this relationship in the proposed method, JSR is
used to jointly model the ensemble, enabling enhanced
projection of rainfall patterns at specific sites under cli-
mate change. Let f denote a matrix composed of both
time series data f, and f,, which are assembled into a
single matrix, as shown in Equation (5), under the JSR
framework.

=[p] ol



8 (& T.LUETAL

where B® is the joint basis function; @° is the ensembled
weight. Equation (5) ensures a coherent selection of
basis functions that applies to both time series of f,
and f,, leading to better alignment and fusion of both
site-specific and GCMs projection time series. There-
fore, JSR preserves the local variability while maintain-
ing consistency with overall climate change patterns in
the region.

3.2. Site-specific rainfall projection under JSR
framework

As defined in Section 2, f, and f,, with N time steps,
represent the rainfall data time series from the past to
the future. However, future projections are missing for
f,> the rainfall pattern at a specific site, as shown in
Figure 1(a). M denotes the number of available obser-
vation data points from the past at a specific site,
where M <N and the measured rainfall records at a
specific site are denoted by a vector y, with a length of
M. Similarly, y, represents the available rainfall data
time series from GCMs with N time steps (i.e. all N
time steps have projection results from GCMs). To
relate the available records to the full rainfall data
time series f;, i=1 or 2, a binary sensing matrix ; is
constructed to indicate the positions of available
measurements.

y; = ¥f; = P;Bidoc + P;Biwy, ¥ Aidc + Aidwy, (6)

The matrix ¢, has a dimension of M x N and it is used
to extract the first M time steps from the full signal f,,
corresponding to the available measurements (i.e. rain-
fall historical records at a specific site). ¥, is an identity
matrix with a dimension of N x N, indicating that the
full time series can be obtained from GCM projections
f>- Ai = ¢;B; is the measurement matrix. Therefore,
the available rainfall data time series ensemble y°,
including site-specific rainfall records y, and available
GCMs’ projection of the rainfall data time series y,,
can be expressed as follows:

&c

. ce [A A 0
y=[§1]ffomaz[A; o Az] oy, | ()
2 a,Uz

where A® is a joint measurement matrix. Since the
records at a specific site only include the past M time
steps, the missing measurements cause inevitable uncer-
tainties when estimating &° to reconstruct the complete
rainfall time series f,. To approximate the @° using only
available measurements and quantify the uncertainties,
a Bayesian framework is adopted (Guan, Wang, and

Phoon 2024; Ji, Xue, and Carin 2008; Tipping 2001).

PO @) x p(@°)
()

p(@°y) = (8)
where p(@°|y°) represents the posterior probability dis-
tribution of @° given y*; p(®°) is the prior distribution;
p(»°) is the evidence, ensuring a normalising constant to
maintain the valid distribution; p(y®|®°) is the likeli-
hood function.

A zero-mean Gaussian measurement error with an
unknown variance ¢ is adopted for each observation
and the corresponding likelihood function that accounts
for these uncertainties is formulated as (e.g. Tipping
2001).

(e'\e)_ 1 _1 € _ AQDE 2
pyle = 2oyt P\ T2 Iy o |
©)

where m is the number of data points; y* — A°@° is the
residual; ¢ is modelled as an unknown parameter
equalling to unknown variance 1/7. To promote the
sparse solutions, a hierarchical prior is employed with
a three-level Gaussian-inverse Gamma-Gamma prior
shown by Equation (10) and its specific terms described
in Equations (11) to (14), respectively (Guan, Wang,
and Phoon 2024; Zhao and Wang 2020).

(&, &, vy, ) = p(@°|a)p(aly)p(y)p(7) (10)

N;
péfla) = [T at”?@m) " expl—au(@)?/2]  (11)

t=1

Ny
plaly) = H 2/ozt_zexp<—zozt_1) (12)
t=1

2 2
_ (bo)™ Yo !
ply) = Tao)exp(—bow (13)
_ (do)® o1
p(m) = Wexp(—doﬂ (14)

where the first level p(@°|@) in Equation (11) assumes
that @° follow a Gaussian distribution, encouraging
most weights to be close to 0 while allowing for the
possibility of large weights. & controls the variability
of @°, determining the level of spread for the weight
values. The second level, as expressed in Equation
(12), uses an inverse gamma distribution, capturing
the uncertainty and allowing flexibility in variance.
The hyperparameter, y, related to the variance & in
Equation (13) is modelled as a gamma distribution,
which ensures that the variability of & is modelled. In
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addition, the regularisation parameter 7 in Equation
(14) following a gamma prior is introduced to control
the overall sparsity and smoothness of the estimated
weights. ag, by, ¢o, dp are non-negative constants.

Since no analytical solution is available for the pos-
terior probability distribution, Gibbs sampling is
adopted for inference (Casella and George 1992; Robert
2014). The process begins by initialising hyperpara-
meters and parameters and computing matrices.
Specifically, a sampling strategy is employed to sequen-
tially update parameters, where each parameter is
sampled from its corresponding conditional distri-
bution while using the most recent updates of the
others. Once convergence is achieved, posterior samples
of @° are used to reconstruct the full time series, as
described in Equation (5). The details of the Gibbs
sampling process follow the approach of Guan, Wang,
and Phoon (2024). Figure 5 shows a flowchart for JSR-
based Bayesian inference using Gibbs sampling. The
posterior mean of the reconstructed time series is calcu-
lated as the average across all @° samples, which can be
used as the projection results for engineering design and
decision-making, as it reflects a statistically consistent
estimate of the temporal trend. The uncertainty can
also be quantified by the standard deviation of these
samples at each time step.

y¢ = A°@° + &l
l Estimate @®

Gibbs sampling for Bayesian inference

| Initialize parameters |

!

| Compute matrices by A€, y° |

v

| Sample weights

v

Reconstruct

7| -eear

Figure 5. Process of Bayesian inference to estimate ¢ and f;.

4. Temporal downscaling of site-specific
rainfall projection results

The site-specific projection results have a low temporal
resolution (e.g. monthly), making temporal downscal-
ing necessary for engineering applications. In this
study, a stochastic storm selection method is adopted
(Socolofsky, Adams, and Entekhabi 2001; Takhellam-
bam et al. 2022), which is computationally efficient
and requires only a few parameters. Figure 6 illustrates
the idea of the stochastic storm selection method, which
downscales site-specific monthly projection results into
hourly rainfall events. First, historical hourly rainfall
records at the projection site are arranged as a sequence
of discrete rainfall events. Then, the total rainfall amount
of each discrete event is calculated and the total rainfall
amounts of all discrete events are used to construct an
empirical cumulative distribution function (CDF) that
guides the stochastic process of storm selection. In this
process, random numbers are repeatedly drawn from a
uniform distribution and their corresponding quantiles
on the empirical CDF determine the rainfall amounts of
the selected events. The temporal profiles of these events
are inherited from the historical records, which provide
the observed hourly intensity patterns and durations for
each event. For example, when downscaling a monthly
rainfall projection, historical events are sequentially
sampled by drawing uniform random numbers between
0 and the cumulative probability corresponding to the
remaining monthly rainfall to be allocated. A small toler-
ance threshold is pre-set to define an acceptable difference
between the cumulative rainfall of the selected events and
the target monthly total. The selection procedure is
repeated until the value of the difference is smaller than
this threshold &. For each selected event, the duration
and hourly intensity are derived from the historical events
that are used to determine its total rainfall. The resulting
hourly rainfall events are thus consistent with both the
low-temporal-resolution projection at the specific site
and the statistical characteristics of historical events
observed at the same site. In stochastic storm selection,
a critical factor influencing the temporal downscaling
results is the definition of a rainfall event. For example,
when the output is intended for slope stability analysis,
as illustrated in Figure 7, hourly rainfall events are needed
and might be defined as continuous rainfall periods sep-
arated by at least 9 dry hours (Joo et al. 2014; Jun et al.
2017). Such a definition excludes minor rainfall between
major events and avoids misclassification.

Figure 8 illustrates a flowchart of the detailed pro-
cedure. The process begins with the definition and sum-
marisation of historical rainfall events at the target
specific site, where hourly rainfall records are
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Figure 6. lllustration of stochastic storm selection for temporal downscaling.

segmented into discrete rainfall events based on a pre-
defined criterion. For each rainfall event, the total rain-
fall amount is calculated and these totals are then used
to construct a CDF. Given a monthly target rainfall
amount D,, the method searches the CDF to determine
the cumulative probability g, associated with the current
D,. A uniform random number u is then drawn between
0 and a and the corresponding historical event with
rainfall amount D; is selected. The residual target is sub-
sequently updated as D,—D; and this process is repeated
until the residual is smaller than a predefined tolerance
threshold &. Each selected event is assigned the same
duration and intensity as its corresponding historical
event, ensuring that the generated hourly rainfall events
preserve realistic temporal characteristics.

5. Implementation procedure

The implementation procedure of the proposed site-
specific projection method, including spatial and tem-
poral downscaling, is summarised below and illustrated

Event 1 Event 2
—_—— —_—
=
=
S
E
g
N Dry period <
e Dry period > 9t b
2 ry period > Sh
‘B < > >
2] <«
3
= Drizzle <1 mm/h
(n)

Duration D (hour)

Figure 7. lllustration of rainfall event definition for slope stab-
ility design.

in Figure 9. The proposed method uses site-specific rain-
fall records and the GCM projections at the grid cell cov-
ering the site of interest. The procedure consists of six
steps, with the details of each step summarised as follows:

Step 1: Collect the available site-specific rainfall
records y, and the GCM monthly rainfall projection
¥,, aggregate the site-specific rainfall records to match
the GCM temporal resolution.

Step 2: Construct the basis function B; using DCT
and representing the measurements in the frequency
domain, as shown in Equation (6).

Summarize historical rainfall events and build CDF
distribution of the total amount of rainfall events

v

Set monthly rainfall amount, D, and find
corresponding a in CDF

!

Generate a uniform random number u; between 0 and
a, and find corresponding rainfall amount D;

| Record Di and update rainfall amount D, = D, - Di

Threshold (¢),
e >D.?

Read corresponding event duration from the historical
rainfall events

Figure 8. A flowchart of the stochastic storm selection method
(after Socolofsky, Adams, and Entekhabi 2001).
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Collect the available site-specific rainfall records y; and GCM
monthly rainfall projection y,, aggregate the site-specific rainfall
records to match the GCM temporal resolution (i.e., monthly)

'

Construct the basis function B; using DCT and represent the
measurements in frequency domain as shown in Eq.(6)

|

Establish a JSR framework as described in Eq.(7) and perform Gibbs
sampling to generate multiple samples of @° under the Bayesian
framework following Eqgs. (8) to (14)

Reconstruct the site-specific rainfall f{ from multiple posterior
samples of @€ as shown in Eq.(5). The mean of the projected rainfall
time series is used for subsequent temporal downscaling

v

Define and summarize the historical hourly rainfall events at the
specific site and construct CDF of the rainfall event amounts

v

Iteratively select rainfall events from the CDF to temporally downscale
the site-specific rainfall time series into hourly rainfall events until the
residual is smaller than a pre-defined threshold and assign durations
based on corresponding historical events

Figure 9. Implementation procedure of the proposed method.

Step 3: Establish a JSR framework as described in
Equation (7) and perform Gibbs sampling to generate
multiple samples of ®@° under the Bayesian framework,
following Equations (8) to (14).

Step 4: Reconstruct the site-specific rainfall f, from
multiple posterior samples of @° as shown in Equation
(5). The mean of the projected rainfall data time series is
used for subsequent temporal downscaling.

Step 5: Define and summarise the historical hourly
rainfall events at the specific site and construct a CDF
of the rainfall event amounts.

Step 6: Iteratively select rainfall events from the
CDF to temporally downscale the site-specific rainfall
data time series into hourly rainfall events until the
residual is smaller than a pre-defined threshold and
assign durations based on corresponding historical
events.

6. lllustrative example

6.1. Site-specific and model rainfall data time
series

To demonstrate the proposed method, an illustrative
example is presented using a site-specific rainfall record
and GCM rainfall projection. The site-specific rainfall

data time series is from rain gauge NO5 in the New Ter-
ritories, Hong Kong. It provides complete and reliable
hourly rainfall records from January 1990 to December
2014, as shown in Figure 10(a). The hourly rainfall pat-
tern is characterised by a high proportion of zero values
(93.46%), while occasional extreme events can reach
high intensities (e.g. 81.5mm/h recorded in
June 2008). Statistical analysis using Equations (15)
and (16) yield a coefficient of variation (CV) of 3.41
and a skewness of 6.93, indicating a highly skewed
and heavy-tailed distribution.

CV = (15)

o
u

n T — w3
(n—l)(n—z);( ;) 09

where o is the standard deviation and w is the mean. For
implementation, the hourly rainfall is aggregated into
monthly totals to facilitate a sparse representation.
Figure 10(b) shows the monthly rainfall data time series,
with a mean of 188.8 mm, a standard deviation of
214.0 mm, a CV of 1.16 and a skewness of 1.87. It exhi-
bits strong seasonality and interannual variability,
characterised by alternating dry and wet years. Most

Skewness =
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Figure 10. Rainfall data time series at NO5 rain gauge (January 1990-December 2014) (a) Hourly rainfall data time series (b) Monthly

rainfall data time series.

rainfall occurs during the summer months, often in the
form of intense storms.

In addition to the site-specific rainfall record,
monthly rainfall projections are obtained from the
ACCESS-CM2 model (Australian Community Climate
and Earth-System Simulator, Climate Model Version
2), which are publicly available through the Earth Sys-
tem Grid Federation (ESGF) and other climate data
repositories. The selected model is used to illustrate
the proposed framework, which can be readily applied
to projections from other climate models. In this
study, the grid cell containing NO5 rain gauge is
extracted from the model outputs, producing rainfall
data time series of historical simulation from January
1990 to December 2014, and scenario — based projection
from January 2015 to December 2064 under the low -
emission pathway SSP1-2.6, as shown in Figure 11.
For the historical period, the mean monthly rainfall is
216.0 mm with a standard deviation of 155.7 mm and
a CV of 0.72. For the future, the mean monthly rainfall

is 221.8 mm, with a standard deviation of 176.9 mm and
a CV of 0.80.

Two cases are projected in this illustrative example
using the proposed method. The first case is to project
the site — specific monthly rainfall series at N05 during
2010-2014 using the monthly rainfall series at rain
gauge NO5 during 1990-2009 (y,) and the GCM rainfall
projection during 1990-2014 (y,) as inputs under the
JSR framework. The spatially downscaled monthly
result is subsequently temporally downscaled, based
on a CDF derived from historical hourly events at
NO5 during 1990-2009. Figure 12 shows the histogram
of historical hourly rainfall event amounts and the cor-
responding CDF. In the first case, the projected results
will be compared with real observations at NO5 during
2010-2014. In the second case, the rainfall patterns at
NO5 during 2015-2064 under the low-emission scenario
SSP1-2.6 are projected using GCM monthly rainfall out-
put during 1990-2064 together with the historical rain-
fall record at NO5 during 1990-2014.

1500 T T l T T T T T
= Historical : Projection under the low-emission
‘g rainfall pattern | pathway SSP1-2.6
& 1000 : '
g |
= 1
~ 1
Z 500 !
= A
g 1
)
k= I
[ |
0 1 | 1 L | 1
1990 2000 2010 2020 2030 2040 2050 2060
Year

Figure 11. Monthly rainfall data time series simulated by ACCESS-CM2 for the region where NO5 rain gauge is located (January 1990-

December 2064).
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Figure 12. Probability distribution of hourly rainfall event amount at NO5 rain gauge (January 1990-December 2009) (a) Histogram (b)

CDF.

6.2. Spatial downscaling results and validation
(Case 1)

6.2.1. JSR results

In this section, the proposed JSR method is applied to
generate 200 monthly rainfall projection samples at
NO5 for Case 1. Figure 13 shows typical wet and dry
samples generated, along with the observed monthly
rainfall record at NO5 during 2010-2014. The wet
sample represents a generated rainfall sequence whose
total rainfall over the considered period is significantly
higher than the mean total rainfall of all generated
sequences. In contrast, the dry sample represents a gen-
erated rainfall sequence whose total rainfall over the
considered period is lower than the mean total rainfall
of all generated sequences. Figure 13(a) shows their
time series, capturing the seasonal variations that largely
agree with the observations despite differences in mag-
nitude. Figure 13(b) shows their CDFs for comparing
the overall distribution of intensity. The dry sample’s
CDF is consistently shifted towards smaller values,
while the wet sample exhibits a heavier tail, indicating

—— Observation
Wet sample
Dry sample

1000

500

A | {
o M J‘a/kﬂ %L LAY, \QL/

2010 2011 2012 2013 2014 2015
Year

Intensity I (mm/month)

(@)

more frequent high-intensity monthly rainfall. This
spread reflects the inherent uncertainty, which may
stem from the limited information, including site-
specific historical rainfall and large-scale GCM trends
and the randomness of rainfall. The proposed JSR
method captures this uncertainty by generating a plaus-
ible range of rainfall scenarios, from conservative low-
rainfall conditions to wet conditions, instead of provid-
ing a single deterministic result.

6.2.2. Validation of spatial downscaling results

This section presents a quantitative evaluation of the
spatial downscaling results. Several statistical indicators,
including the g, 0 and CV, are computed by comparing
the mean projection of the 200 posterior samples with
the real observation during 2010-2014. Figure 14(a)
illustrates the mean projection rainfall data time series
alongside the observed monthly rainfall data time series
during 2010-2014. Quantitatively, the average monthly
rainfall is 166.5 mm from observation and 155.0 mm
from the mean projection in Figure 14(a), resulting in

0.8
o 06 — Observation
a
O Wet sample
0.4
Dry sample
0.2
0
0 200 400 600 800
Intensity I (mm/month)
(b)

Figure 13. Comparison of spatially downscaled wet and dry rainfall projection samples with observation at NO5 rain gauge (January
2010-December 2014) (a) Comparison of time series (b) Comparison of CDF.
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Figure 14. Validation of spatially downscaled rainfall projections from the proposed method against observation at NO5 rain gauge
(January 2010-December 2014) (a) Comparison between mean projection and observation (b) Uncertainty in projections and

observation.

a relative difference of 6.9%. The standard deviation is
also closely matched as 161.5 mm from observations
and 151.5 mm from the projection, with a relative
difference of 6.2%. The CV is exactly 1.0 for both obser-
vation and mean projection. This suggests that the
model captures the overall tendency and reflects the
characteristics of rainfall variation. In addition, Figure
14(b) shows the uncertainty band (4 * 10) of the pro-
jected results and the observation generally falls within
the uncertainty band. It demonstrates that the proposed
JSR method provides a reliable envelope for the site-
specific rainfall pattern.

To further evaluate the agreement in overall distri-
bution, Figure 15 compares CDFs of the mean projec-
tion and observation. To evaluate the overall
distribution of rainfall and statistical structure of the
entire time series, a two-sample Kolmogorov-Smirnov
(K-S) test (Justel, Pefia, and Zamar 1997) is performed
to assess whether two samples come from the same dis-
tribution by comparing their CDFs. The test statistics

0.8+
0.6 f
29
a
© 04l 47 Mean projection from the
) proposed method
— — —Observation
0.2
r
0 L L L
200 400 600 800
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Figure 15. Comparison of CDFs between the spatial downscaled
mean projection from the proposed method and observation at
NO5 rain gauge (January 2010-December 2014).

are defined as follows:

D = max |Fx(x) — Fy(x)| (17)

Dcritical = 1.36

[ +n
. L, for significance level at 0.05
ny - np

(18)

where Fx(x) and Fy(x) are empirical CDFs of samples X
and Y, respectively; D is the maximum absolute differ-
ence between Fx(x) and Fy(x); Dgitical 1S a critical
value; njand n, are the sample sizes of X and Y, respect-
ively. If D is smaller than Ditical, the null hypothesis
cannot be rejected, suggesting that the two samples
may come from the same underlying distribution. The
result of the K-S test (D =0.11 < Dgitical = 0.12) shows
the two samples are not different at a significant level
of 0.05. It indicates that the method captures the main
characteristics of local rainfall variability. Therefore,
the outputs from the proposed JSR-based method are
considered suitable for subsequent temporal downscal-
ing and applications.

Table 1. Best-fit distribution and the associated parameter.

Parameter
Variable Source Distribution Value
Rainfall intensity / Observation Pearson 3 0.60, 8.20, 5.08,
2.58
Downscaled Pearson 3 0.57, 4.64, 5.06,
results 2.65
Rainfall duration D Observation Pearson 3 0.54, 7.35, 0.74,
2.71
Downscaled Pearson 3 0.44, 5.87, 0.88,
results 3.01
Annual number of Observation Poisson A=20.6
rainfall events N Downscaled Poisson A=21.8
results
Correlation between / Observation Gaussian —0.11
and D Downscaled Gaussian —0.16
results
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Figure 16. Comparison of characteristics of temporally downscaled rainfall events with observation (January 2010-December 2014)
(a) Comparison of intensity CDF (b) Comparison of fitted intensity PDF (c) Comparison of duration CDF (d) Comparison of fitted dur-

ation PDF (e) Histogram of rainfall event number frequency.

6.3. Temporal downscaling results and validation
(Case 1)

6.3.1. Stochastic storm selection results

In this section, the mean projection of the spatially
downscaled results during 2010-2014 is temporally
downscaled into hourly rainfall events, which are
often needed for evaluating the effect of rainfall on
slope stability. Rainfall events with an average intensity
> 5mm/h are considered, as these events might trigger

slope instability (Joo et al. 2014; Jun etal.2017). The
characteristics of these events, including intensity (I),
duration (D) and annual frequency (N) are fitted indivi-
dually and a joint distribution of I and D is constructed
accordingly (e.g. Liu and Wang 2023). The similarity
between the observed and projected distributions of I
and D is evaluated using the K-S test and the overall
difference between their joint distributions is quantified
using the Kullback-Leibler (KL) divergence (Kullback
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and Leibler 1951), which is expressed as follows:

(PG
D Q= P(z)log(—.) (19)

i Q)
where P(i) and Q(i) are the probabilities of event i in the
projected and observed joint distributions, respectively.

6.3.2. Validation of temporal downscaling results

Table 1 summarises the best-fitted distribution types
and the associated parameters. Figure 16 presents the
CDFs of I and D, along with their fitted marginal prob-
ability density functions (PDFs). The K - S test results
indicate no statistically significant difference between
the observed and projected distributions of I and D,
indicating that the proposed method captures the stat-
istical characteristics of individual rainfall event proper-
ties. Moreover, the joint PDF of I and D is constructed
using a copula-based approach to model their depen-
dence structure and the resulting KL divergence is
0.21, indicating a reasonable agreement between the
observed and downscaled joint distributions (e.g.
Sharma et al. 2024; Zhang et al. 2025). Figure 16 also
shows the annual frequency of intense rainfall events
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over several years. Although the number of events varies
from year to year, the estimated Poisson parameter A,
representing the average annual event count, remains
comparable between observation and projection (see
Table 1). This consistency demonstrates a reasonable
performance of the proposed method. At the same
time, it should be noted that the tails of the observed
rainfall event distributions are constrained by the lim-
ited number of rainfall events recorded during 2010-
2014 (103 events with intensity > 5 mm/h), correspond-
ing to a minimum probability interval of about 1/103
(=0.97%). Evaluating goodness-of-fit at smaller prob-
ability tails would require longer-term rainfall records,
which will be addressed in future studies.

6.4. Future rainfall data time series at NO5 (Case 2)

In this section, multiple hourly rainfall projection
samples at NO5 are generated for a future period of 50
years (2015-2064) under the low-emission scenario
SSP1-2.6. Figure 17 presents the hourly rainfall time
series of four samples during 2015-2064. It demon-
strates that the proposed method can generate
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Figure 17. Hourly rainfall data time series of four samples generated by the proposed method at NO5 rain gauge (January 2015-
December 2064) (a) Sample 1, (b) Sample 2, (c) Sample 3, (d) Sample 4.
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Figure 18. Hourly rainfall data time series of four samples generated by the proposed method at NO5 rain gauge for the year 2045 (a)

Sample 1, (b) Sample 2, (c) Sample 3, (d) Sample 4.

continuous, long-term, high temporal resolution rain-
fall series at a specific site, capturing seasonal cycles,
inter-annual variability and the occurrence of extreme
events. Although the overall seasonal pattern and
inter-annual variability are broadly consistent across
the samples, differences among the samples in the tim-
ing and magnitude of individual events still exist. Since
uncertainty in future rainfall cannot be eliminated, the
method explicitly represents it by producing multiple
plausible realisations of future rainfall, which can be
used as input into probabilistic analyses under a
Monte Carlo simulation framework. To provide more
detailed seasonal rainfall characteristics, Figure 18
shows a zoom-in view for the year 2045 from the
same four samples shown in Figure 17. Rainfall is pre-
dominantly concentrated between May and October,
characterised by frequent intense rainfall events,
which can sometimes start in late spring and extend
into early autumn. In contrast, the winter months are
marked by prolonged dry periods, during which rainfall
events are infrequent and generally of low intensity.
Notably, despite differences in the timing and magnitude
of events among the four samples, all of them consistently

exhibit intense rainfall events during the summer, with
peak hourly intensities reaching 48, 78, 65 and
72.5 mm/h for Samples 1-4, respectively. Such events
are critical for assessing potential hazards, as they can
trigger geohazards such as landslides and debris flows.
The generated hourly rainfall data time series can be
directly employed in engineering analyses, for instance,
to define intense rainfall events using inter-event time
definition and intensity thresholds, or to construct IDF

30 Rainfall
E, 20 R
'5 Initial groundwater table :
%10 / ,,,,, I
@M e Constanttotal water head Residual soil
0 L L L L ! |

0 10 20 30 40 50 60 70
Horizontal distance, m

Figure 19. Slope seepage model (after Liu and Wang 2023; Oh
and Lu 2015).
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Table 2. Slope mechanical and hydraulic parameters (after Liu
and Wang 2023).

Parameter Unit Residual soil Shotcrete

Effective cohesion ¢’ kPa 0 100

Effective friction angle ¢’ ° 316 39

Unit weight kN/m? 18.03 22

Residual volumetric water - 0.12 -
content 6,

Saturated volumetric water - 0.398 -
content 6

SWCC model - van Genuchten -

HCF model - Modified -

Mualem

SWCC parameter « kPa~" 0.036 -

SWCC parameter n - 1.10 -

Saturated hydraulic conductivity ~ m/s 3.46 x 1076 1 x 10712

Ks

curves to support evaluation of future infrastructure per-
formance under climate change. The proposed method
bridges the gap between GCM projections with low
spatial and temporal resolutions and site-specific engin-
eering applications.

7. lllustrative slope stability analysis under
downscaled projection of future rainfall

To further demonstrate the relevance of the proposed
high-resolution rainfall projections for geotechnical appli-
cations, a slope stability analysis under future rainfall pro-
jections is conducted. A residual soil slope in Pohang,
South Korea, previously reported by Oh and Lu (2015)
and Liu and Wang (2023), as shown in Figure 19, is
adopted as an illustrative example. The slope’s seepage
model was built in GeoStudio (Krahn 2012) and the cor-
responding soil parameters are summarised in Table 2.
The future hourly rainfall time series shown in 20(a)
generated by the proposed downscaling method is
adopted and a rainfall event occurring between 17:00
on 9 June 2045 and 04:00 on 10 June 2045 (see the

= 80
Qo
=
g 60
)
~ 40
iy
g7
=]
—
0 b ' I
1 6 11 16 21 26

Date in June 2045
(a) Projected future rainfall time series

Rainfall Intensity (mm/hour)

red line in Figure 20(a)) is imposed on the slope as
the infiltration boundary condition. The slope’s Factor
of Safety (FS) is evaluated continuously over the rainfall
period as shown in Figure 20(b). The FS initially
decreases after the onset of rainfall due to infiltration,
then shows a slight recovery as rainfall pauses, followed
by a further decline with subsequent rainfall. The mini-
mum FS of 1.018 is reached at 04:00 on 10 June 2045,
indicating that the slope approaches a critical failure
condition during this projection. FS reduction is highly
consistent with variations in rainfall intensity, highlight-
ing the sensitivity of slope stability to the temporal
structure of rainfall. Even though the selected event is
just one of many possible future realisations, the results
illustrate how high-resolution rainfall projections
enable explicit examination of rainfall-induced geotech-
nical responses under climate change. This includes
progressive deterioration of slope stability, potentially
critical conditions and the timing of critical conditions.
High temporal and spatial resolution rainfall projec-
tions are therefore essential for quantifying future
slope failure risks, supporting early warning systems
and informing design and mitigation strategies under
climate change scenarios.

8. Summary and conclusions

This study proposes a JSR-based method combined
with a stochastic storm selection approach for project-
ing future hourly rainfall patterns at a specific site. By
leveraging both the sparsity and cross - correlation
between site-specific rainfall time series and regional
GCM projections with a low spatial resolution, the
proposed JSR-based method produces reliable site —
specific rainfall projections under changing climate
conditions. By further integrating a stochastic storm
selection method for temporal downscaling, the

80 25
Rainfall =
Intensity 2
60 | —e—TFS <
40 | %
15 5
20 5]
0 1
06-09 17:00 06-10 04:00

Time
(b) Factor of Safety (FS) variation during the
rainfall event

Figure 20. Rainfall event applied to the slope and the resulting slope stability response (a) Projected future rainfall time series (b) FS

variation during the rianfall event.
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projections are refined into high temporal resolution
rainfall events (e.g. hourly) suitable for engineering
applications. The whole proposed method was illus-
trated and validated using NO5 rain gauge observations
in Hong Kong. Evaluation results show that the
method captures key statistical characteristics of rain-
fall, including seasonality, variability and overall distri-
bution. When projecting future rainfall at NO5, the
result indicates a possibility of wet conditions under
SSP1-2.6, with some projections showing occasional
extreme monthly intensities that warrant attention in
engineering design.

The proposed method is computationally efficient and
data-driven. It bypasses complex physical modelling
while effectively capturing both the large-scale non-
stationary climate change trends embedded in GCM pro-
jections and the local variability from historical site-
specific rainfall data time series. Unlike traditional
methods, it does not require an explicit functional
relationship between GCMs rainfall and local obser-
vations, thereby bypassing the issues associated with the
non-stationary and highly variable nature of rainfall pat-
terns. In addition, the temporal downscaling after spatial
downscaling enables the generation of high - temporal-
resolution rainfall data time series suitable for engineer-
ing analyses in practice. This is beneficial for real-world
engineering applications, such as assessments of rain-
fall-induced slope instability under climate change.
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