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Abstract

Extreme rainfall occurring simultaneously across multiple locations can generate joint risks
that are not adequately captured by univariate models assuming independence. This study
develops an R-vine copula-based framework to model dependence among seven rainfall
stations in DKI Jakarta and West Java, Indonesia, and quantify joint rainfall risk using
multivariate Value-at-Risk (VaR). Station-specific rainfall distributions are modeled using a
mixed discrete-continuous approach, followed by a probability integral transform to construct
the R-vine dependence structure. Monte Carlo simulation is then used to generate multivariate
rainfall scenarios and estimate VaR at the 95% and 99% confidence levels. The fitted R-vine
consists of six tree levels and 21 pair-copulas, with Kendall’s tau RMSE of 0.0935 between
observed and simulated dependence. Based on 100,000 simulations, the multivariate VaR
estimates are 46.0744 mm at the 95% level and 92.3355 mm at the 99% level, with bootstrap
confidence intervals of 45.4340–46.7030 mm and 90.4392–94.6717 mm, respectively. Bootstrap
intervals are obtained by resampling simulated aggregate rainfall values while keeping the
fitted marginal and R-vine models fixed. ECDF and QQ plots show generally consistent
distributional behavior, although some upper-tail discrepancies are observed. Kupiec testing
provides an in-sample coverage assessment of station-level univariate VaR, with no significant
departure from nominal exceedance rates. The 99% multivariate VaR should nevertheless
be interpreted cautiously because only 193 complete observations are available, providing
limited information on the far upper tail and potentially requiring extrapolation beyond the
observed range. Overall, the proposed framework provides a flexible approach for quantifying
joint rainfall risk through multivariate VaR while accounting for dependence among rainfall
stations.
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1. Introduction
Extreme rainfall has become one of the major hydrometeorological hazards in Indonesia, par-
ticularly in the provinces of DKI Jakarta and West Java, which frequently experience floods
and landslides. Located in the western part of Java, these provinces are strongly influenced
by the Asian–Australian monsoon, the El Niño–Southern Oscillation (ENSO), and the Indian
Ocean Dipole (IOD), resulting in considerable temporal and spatial variability in rainfall. In
addition, the close geographical proximity between DKI Jakarta and West Java, together with
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the influence of regional atmospheric circulation and orographic effects, often leads to concurrent
extreme rainfall events. In recent decades, climate change has further intensified the frequency
and magnitude of these extreme rainfall events, increasing the occurrence of hydrometeorological
disasters that cause substantial economic losses, infrastructure damage, environmental degrada-
tion, and social disruption. Consequently, reliable methods for assessing simultaneous extreme
rainfall risk have become increasingly important for disaster mitigation and climate adaptation
planning.

Extreme rainfall events are not merely local phenomena but frequently occur simultaneously
across multiple rainfall stations due to shared climatic drivers and atmospheric circulation
patterns. Such concurrent events may amplify hydrometeorological impacts because neighboring
regions experience extreme rainfall within the same period. In DKI Jakarta and West Java, this
phenomenon is particularly important because both provinces are climatologically connected
and hydrologically linked through several major river basins. Therefore, analyzing rainfall risk
independently at each observation station may overlook the complex dependence structure
among regional rainfall extremes. A multivariate framework is therefore required to adequately
characterize the dependence among multiple rainfall variables, particularly under extreme
conditions. Furthermore, statistical analysis alone is insufficient to support regional disaster
management. Integrating statistical modeling with a geographic information system (GIS)
provides a more comprehensive understanding of the spatial distribution of extreme rainfall risk
and facilitates regional decision-making.

Value-at-Risk (VaR) is one of the most widely used quantitative measures for estimating
extreme risk at a specified confidence level [1]. Although originally developed in financial
risk management, VaR has increasingly been applied in environmental studies to quantify the
magnitude of rare events. Extending VaR to a multivariate framework, however, requires an
appropriate model to describe complex dependence among multiple rainfall variables. Vine
copulas provide a flexible dependence modeling framework by decomposing a high-dimensional
multivariate distribution into a sequence of pair-copulas. Unlike conventional multivariate copulas
that assume a single dependence structure, vine copulas allow different copula families to model
each pairwise relationship, thereby accommodating heterogeneous, nonlinear, and tail dependence
among rainfall stations. This flexibility makes vine copulas particularly suitable for modeling
spatially distributed rainfall observations with varying dependence characteristics. Furthermore,
integrating vine copula-based multivariate VaR with GIS enables spatial visualization of regional
risk, thereby supporting the identification of areas vulnerable to simultaneous extreme rainfall
events [2]. Although vine copulas have demonstrated superior performance in modeling complex
multivariate dependence across various fields, their application to simultaneous extreme rainfall
risk assessment in DKI Jakarta and West Java remains limited.

Previous studies have investigated extreme rainfall using various statistical and hydrological
approaches. [3] employed Fuzzy C-Means clustering combined with Singular Value Decomposition
(SVD) to classify rainfall regions in Indonesia. [4] examined the impact of climate change on
extreme rainfall using descriptive statistical analysis based on rainfall intensity classifications. [5]
applied Extreme Value Theory (EVT) to forecast extreme rainfall in Banten Province and reported
a strong dependence among rainfall stations, with a correlation coefficient of 0.764. [6] analyzed
dominant rainfall characteristics using correlation analysis and the Windrose method, while
other studies have focused on flood susceptibility assessment using hydrological and numerical
modeling techniques.

These studies have significantly improved the understanding of rainfall variability, rainfall
prediction, and flood hazard assessment. Nevertheless, most previous research has concentrated
on rainfall classification, prediction, or local hydrological analyses without explicitly modeling the
complex dependence among multiple rainfall stations. The strong rainfall dependence reported by
[5] indicates that inter-regional dependence should be incorporated into regional risk assessment.
However, conventional correlation analysis primarily measures linear association and cannot
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adequately capture nonlinear dependence, asymmetric dependence, or tail dependence that
commonly characterize simultaneous extreme rainfall events. Moreover, traditional multivariate
copulas may impose restrictive dependence assumptions that are insufficient for representing
heterogeneous dependence structures observed across multiple rainfall stations.

Based on the existing literature, three research gaps remain. First, simultaneous extreme
rainfall in DKI Jakarta and West Java has rarely been evaluated using multivariate risk measures.
Second, the dependence among multiple rainfall stations has generally been analyzed using
conventional correlation methods or single-family copulas rather than flexible vine copulas
capable of representing heterogeneous nonlinear and tail dependence. Third, quantitative risk
estimation has seldom been integrated with GIS to provide spatial representations of simultaneous
extreme rainfall risk. Therefore, a comprehensive analytical framework that combines multivariate
risk assessment, vine copula-based dependence modeling, and GIS visualization is still needed.

To address these research gaps, this study integrates vine copula-based multivariate Value-
at-Risk (VaR) [7, 8] with GIS to quantify and visualize the risk of simultaneous extreme
rainfall in DKI Jakarta and West Java. The vine copula model is employed to characterize
the complex dependence structure among rainfall stations through pair-copula constructions,
while GIS is used to illustrate the spatial distribution of the estimated risk. The novelty of this
study lies in integrating vine copula-based multivariate Value-at-Risk with GIS to quantify and
spatially visualize simultaneous extreme rainfall risk while explicitly accounting for heterogeneous
nonlinear dependence among multiple rainfall stations. This integrated framework provides a
more comprehensive regional risk assessment than conventional approaches that analyze rainfall
independently or rely solely on correlation analysis. Accordingly, this study aims to estimate
the marginal distributions of extreme rainfall, model the multivariate dependence structure
among rainfall stations in DKI Jakarta and West Java using vine copulas, quantify simultaneous
extreme rainfall risk through vine copula-based multivariate Value-at-Risk, and visualize the
resulting spatial distribution of regional risk using GIS. The findings are expected to provide
scientific support for hydrometeorological disaster mitigation, climate adaptation strategies, and
evidence-based decision-making in regional rainfall risk management.

2. Some Concepts
This section introduces the main concepts and methodological components used in the analysis. It
begins with rainfall data preparation and marginal distribution modeling, followed by pair-copula
selection, R-vine dependence modeling, Value-at-Risk estimation, and spatial analysis. These
components provide the theoretical and computational basis for the subsequent results and
discussion.

2.1. Rainfall Data and Preprocessing
Let Xi = {xi1, xi2, . . . , xin} denote the daily rainfall observations at station i, where i = 1, 2, . . . , d.
The multivariate rainfall dataset preserves the temporal correspondence among stations, with
observations aligned by date. The rainfall data are first subjected to quality control. Records
with invalid measurement codes, specifically 8888 and 9999, are treated as missing values.
Duplicate observations recorded at the same station and date are consolidated before temporal
alignment. Only observations with complete records across all stations are retained for subsequent
multivariate modeling.

In this study, extreme rainfall refers to unusually high rainfall represented by the upper tail
of the distribution. Univariate VaR characterizes extreme rainfall risk at each station, whereas
multivariate VaR captures regional extreme rainfall risk by accounting for the dependence among
stations. Unlike a peaks-over-threshold approach, no predefined threshold is used to extract
extreme observations. Instead, the complete aligned daily rainfall series is used for marginal
distribution estimation and dependence modeling, allowing both zero-rainfall and positive-rainfall
observations to be retained. Because daily rainfall contains a probability mass at zero, each
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station is modeled using a mixed discrete-continuous distribution, with the probability mass
at zero separated from the continuous distribution of positive rainfall. The resulting marginal
distributions are then transformed into pseudo-observations for the R-vine copula model.

2.2. Marginal Distribution Estimation
Each regional rainfall variable is modeled separately to estimate its marginal probability dis-
tribution. In copula modeling, the marginal distributions are estimated independently before
constructing the joint dependence structure. This approach separates the marginal behavior of
each rainfall variable from its dependence structure in accordance with Sklar’s theorem [9]. For
station i, let p0,i = P (Xi = 0) denote the probability of zero rainfall, and let Gi(x; θi) denote the
conditional cumulative distribution function of positive rainfall. The mixed discrete-continuous
marginal distribution is defined as

Fi(x) =


0, x < 0,

p0,i, x = 0,

p0,i + (1 − p0,i)Gi(x; θi), x > 0.

(1)

where θi denotes the parameter vector of the selected continuous distribution.
Several candidate distributions are considered for the positive rainfall component, including

the Gamma, Lognormal, Weibull, Burr, and Pearson Type III distributions. The unknown
parameters are estimated using maximum likelihood estimation (MLE). Let (x+

i1, x+
i2, . . . , x+

ini
)

denote the positive rainfall observations at station i. The likelihood function [10] for the
continuous component is

L(θi) =
ni∏

j=1
g

(
x+

ij ; θi

)
,

where g(·; θi) denotes the probability density function of the candidate distribution. The
corresponding log-likelihood function is

ℓ(θi) =
ni∑

j=1
log g

(
x+

ij ; θi

)
,

and the maximum likelihood estimator is obtained as

θ̂i = arg max
θi

ℓ(θi).

The candidate marginal distributions are compared using the Akaike information criterion (AIC),

AIC = −2ℓ(θ̂i) + 2k,

where k is the number of estimated parameters. The marginal distribution with the minimum
AIC is selected, with the maximized log-likelihood used as supporting information.

Because daily rainfall contains a probability mass at zero and a continuous distribution for
positive rainfall amounts [11], the standard continuous probability integral transform (PIT) is not
directly applicable. A randomized PIT is therefore used to obtain continuous pseudo-observations
for the copula model. For positive rainfall observations, the transformation is given by

Ui = p0,i + (1 − p0,i)Gi

(
Xi; θ̂i

)
, Xi > 0.

For zero-rainfall observations, the probability mass at zero corresponds to the interval (0, p0,i].
A randomized PIT is therefore applied by generating a random value within this interval:

Ui = Vip0,i, Vi ∼ U(0, 1), Xi = 0.
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This distributional transformation maps zero-rainfall observations within their probability interval,
while positive-rainfall observations are mapped to values above p0,i. The resulting pseudo-
observations are then used to construct the multivariate dependence structure using the R-vine
copula [12].

2.3. Pair-Copula Family Selection and Parameter Estimation
After transforming the marginal variables to the uniform scale, the dependence structure is
modeled using the vine copula framework. The vine structure is constructed through a pair-
copula decomposition, where the joint multivariate distribution is represented by a sequence
of conditional bivariate copulas. For each edge in the vine structure, several candidate copula
families are considered. The unknown parameters of each candidate pair-copula are estimated
using maximum likelihood estimation (MLE). Let

U = (U1, U2, . . . , Ud)

denote the pseudo-observations obtained from the randomized probability integral transform.
The log-likelihood function of the vine copula model is defined as

ℓ(θ) =
n∑

i=1

∑
e

log cje,ke|De

(
u

(i)
je|De

, u
(i)
ke|De

; θe

)
,

where cje,ke|De
denotes the conditional pair-copula density associated with edge e, De represents

the conditioning set, and θe denotes the corresponding parameter vector. The parameter estimates
are obtained by maximizing the log-likelihood function,

θ̂ = arg max
θ

ℓ(θ).

To identify the most suitable dependence model for each pair of variables, the Akaike
information criterion (AIC) is computed as

AIC = −2ℓ(θ̂) + 2k,

where k is the number of estimated parameters in the candidate pair-copula model. The candidate
copula family with the smallest AIC value is selected for each pair of variables in the vine structure.
This data-driven procedure allows different copula families to be assigned to different pairs of
variables, thereby providing a flexible representation of heterogeneous dependence patterns and
tail dependence among extreme rainfall observations.

2.4. Vine Copula Model
According to Sklar’s theorem, every multivariate cumulative distribution function can be uniquely
decomposed into its marginal distributions and a copula function when the marginal distributions
are continuous [9][13].

F (x1, . . . , xd) = C (F1(x1), F2(x2), . . . , Fd(xd)) ,

where F (·) denotes the joint distribution, Fi(·) denotes the marginal distribution, and C(·)
denotes the copula function.

Since this study focuses on simultaneous extreme rainfall, a vine copula framework is employed
to model the complex multivariate dependence structure. Unlike conventional multivariate copulas,
the vine copula decomposes a high-dimensional joint distribution into a sequence of bivariate
copulas through a pair-copula construction (PCC) [14][15]. This approach provides greater
flexibility in capturing heterogeneous dependence patterns and tail dependence among multiple
rainfall variables.
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The joint copula density is decomposed into a product of conditional bivariate pair-copula
densities as [16]

c(u1, . . . , ud) =
d−1∏
t=1

∏
e∈Et

cje,ke|De

(
uje|De

, uke|De

)
, (2)

where Et denotes the set of edges in tree level t, cje,ke|De
denotes the conditional bivariate

pair-copula density associated with edge e, and De denotes the conditioning set. The terms
uje|De

and uke|De
are the conditional distribution values of variables je and ke, respectively, given

the variables in De.

2.5. Value-at-Risk
Value-at-Risk (VaR) is a quantile-based risk measure that represents the threshold value that is
exceeded with probability (1 − α) at a given confidence level α. Although originally developed
in financial risk management, VaR has been widely adopted to quantify extreme risks in
environmental and hydrological applications because it provides an interpretable measure of rare
events [17]. In the univariate setting, VaR is estimated separately for each rainfall station based
on the empirical quantile of the observed rainfall data. Thus, for station i, the univariate VaR at
confidence level α is defined as

VaRα,i = Qα(Xi),

where Qα(Xi) denotes the empirical α-quantile of the observed rainfall at station i. Accord-
ingly, the univariate VaR represents the rainfall threshold at each station that is exceeded by
approximately a fraction (1 − α) of the observed rainfall events.

Let X = (X1, X2, . . . , Xd) denote the multivariate rainfall vector generated from the fitted
R-vine copula model, where Xi represents the rainfall amount at the i-th station. To quantify
the overall regional rainfall risk, the simulated multivariate rainfall vector is aggregated into a
single regional rainfall indicator. This aggregation is analogous to the construction of a financial
portfolio, in which multiple dependent risk components are combined into a single measure. In
this study, each rainfall station represents one component of the regional rainfall system.

To evaluate the regional rainfall risk, an equally weighted aggregate rainfall variable is defined
as

Y =
d∑

i=1
wiXi,

where wi denotes the weight assigned to the i-th station. To characterize the collective behavior of
rainfall across the monitoring stations, an equal-weight aggregation scheme is adopted, assigning
the same weight to each station. This assumption ensures that no individual station is given
greater importance in the regional aggregate and avoids introducing subjective weights when
additional information, such as watershed characteristics, population exposure, or hydrological
influence, is unavailable. Therefore, the weight for each station is defined as

wi = 1
d

, i = 1, 2, . . . , d,

where d denotes the total number of monitoring stations. Consequently, the aggregate rainfall
variable becomes

Y = 1
d

d∑
i=1

Xi.

The variable Y represents the average rainfall amount across the monitoring stations and
serves as an aggregate indicator of regional rainfall conditions. The dependence and potential
co-occurrence of high rainfall across stations are captured through the fitted R-vine copula model.
The cumulative distribution function of the aggregate rainfall variable is given by

FY (y) = P (Y ≤ y).
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Accordingly, the VaR of the regional aggregate rainfall at confidence level α is defined as [18,
19]

VaRα = inf {y ∈ R : FY (y) ≥ α} .

Here, the term multivariate VaR refers to a VaR measure derived from the joint multivariate
rainfall distribution modeled by the R-vine copula, while the resulting VaR is a scalar threshold
of the regional aggregate rainfall variable Y .

Since the distribution of Y induced by the R-vine copula generally has no closed-form
expression, the VaR is estimated using Monte Carlo simulation. Let

Y (1), Y (2), . . . , Y (N)

denote the simulated aggregate rainfall values obtained from the fitted R-vine copula model. The
estimated regional aggregate VaR is then computed as

V̂aRα = Qα

(
Y (1), Y (2), . . . , Y (N)

)
,

where Qα(·) denotes the empirical α-quantile of the simulated aggregate rainfall distribution.

2.6. Spatial Analysis
The estimated Value-at-Risk for each rainfall station was associated with its geographical
coordinates,

Ri = (Loni, Lati, VaRi),

where Loni, Lati, and VaRi denote the longitude, latitude, and estimated Value-at-Risk of
the i-th station, respectively. For spatial visualization, the station-level VaR95 estimates were
classified into three qualitative categories based on their empirical range and relative separation
across stations. Values below 45 mm were classified as Low Risk, values between 45 and 58 mm
as Moderate Risk, and values above 58 mm as High Risk. These boundaries were defined solely
to facilitate comparative visualization of relative risk levels among stations and do not represent
hydrological warning thresholds, regulatory standards, or established rainfall hazard levels.

3. Results and Discussion
The daily rainfall data used in this study cover the period from April 1, 2025, to March 1, 2026,
across seven observation stations. During the preprocessing stage, data points coded as 8888 and
9999 were treated as invalid and converted to missing values prior to analysis. The resulting
number of missing observations was 28 at Maritim Tanjung Priok, 45 at Kemayoran, 21 at Halim
Perdana Kusuma Jakarta, 22 at Penggung, 31 at Citeko, 66 at Geofisika Bandung, and 49 at
Kertajati.

To maintain temporal consistency across stations and ensure that each multivariate observation
represented rainfall conditions on the same date, dates with missing observations at any station
were subsequently excluded from the multivariate dataset. After this complete-case filtering and
date alignment, 193 complete daily observations remained across the seven stations. The resulting
193 × 7 dataset was used as the basis for the subsequent marginal distribution estimation, R-vine
copula modeling, simulation, and regional rainfall risk analysis.

Table 1 shows that average daily rainfall ranges from 6.789 mm at Stasiun Geofisika Bandung
to 14.744 mm at Halim Perdana Kusuma Jakarta. All stations recorded a minimum value of
0 mm and exhibited relatively high variability, with CV values ranging from 1.600 to 2.353.
The maximum values, which are substantially higher than the medians across all stations, also
indicate a right-skewed distribution and the occurrence of extreme rainfall events.

Table 2 summarizes the selected marginal distributions for positive daily rainfall amounts
based on maximum likelihood estimation, log-likelihood, and the Akaike information criterion
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Table 1: Descriptive statistics of daily rainfall at each observation station
Station N Mean Median Min Max SD CV
Stasiun Meteorologi Maritim Tanjung Priok 193 10.940 0.1 0.0 235.2 25.740 2.353
Stasiun Meteorologi Kemayoran 193 12.288 0.8 0.0 213.4 26.631 2.167
Halim Perdana Kusuma Jakarta 193 14.744 2.1 0.0 179.7 28.920 1.962
Pos Meteorologi Penggung 193 8.506 0.6 0.0 110.6 18.805 2.211
Stasiun Meteorologi Citeko 193 12.249 2.7 0.0 111.0 21.015 1.716
Stasiun Geofisika Bandung 193 6.789 1.5 0.0 53.3 10.863 1.600
Stasiun Meteorologi Kertajati 193 10.683 1.0 0.0 128.3 21.703 2.032

(AIC). The Lognormal distribution is selected for Kemayoran, Kertajati, and Penggung, while
the Weibull distribution is selected for Halim Perdana Kusuma Jakarta, Tanjung Priok, Geofisika
Bandung, and Citeko. The variation across stations indicates distinct distributional characteristics
of positive rainfall and supports the use of station-specific marginal models. These continuous
distributions are then combined with the probability mass at 0 mm within a mixed discrete-
continuous framework defined in Eq. (1), before applying the probability integral transform (PIT)
and estimating the R-vine copula.

Table 2: Best-Fitted Marginal Distributions for Each Station

Station Distribution Log-Likelihood AIC

Stasiun Meteorologi Maritim Tanjung Priok Weibull -386.6194 777.2388
Stasiun Meteorologi Kemayoran Lognormal -411.5001 827.0001
Halim Perdana Kusuma Jakarta Weibull -487.8840 979.7680
Pos Meteorologi Penggung Lognormal -377.2963 758.5926
Stasiun Meteorologi Citeko Weibull -508.1208 1020.2416
Stasiun Geofisika Bandung Weibull -426.6432 857.2865
Stasiun Meteorologi Kertajati Lognormal -421.0840 846.1680

Table 3 presents the in-sample coverage assessment using the Kupiec test at the 95% and
99% confidence levels for the seven rainfall stations. Since the VaR thresholds and violations
are evaluated using the same historical observations, the results are interpreted as an in-sample
assessment rather than an independent out-of-sample backtest. At the 95% level, the expected
number of violations is 9.65 per station. Six stations record 10 violations and Station 6 records 9,
with violation rates of 0.0518 and 0.0466, respectively. The p-values range from 0.8282 to 0.9085,
indicating no significant departure from the nominal 5% exceedance rate. The station-level VaR
values range from 29.700 mm (Station 6) to 72.920 mm (Station 3).

At the 99% level, the expected number of violations is 1.93 per station, while all stations
record 2 violations (0.0104). The p-value is 0.9598 for all stations, indicating no significant
departure from the nominal 1% exceedance rate. The VaR values range from 50.080 mm (Station
6) to 166.832 mm (Station 3). Overall, the results indicate consistency between the observed and
nominal exceedance rates within the historical sample. However, the 99% assessment should be
interpreted cautiously because of the limited number of complete observations and exceedances.

Based on the classification scheme, Geofisika Bandung and Penggung were categorized as Low
Risk, with station-level VaR95 values of 29.70 and 42.24 mm, respectively, while Tanjung Priok,
Kemayoran, and Citeko were classified as Moderate Risk, with values ranging from 50.38 to 57.06
mm. Halim Perdana Kusuma Jakarta and Kertajati were classified as High Risk, with VaR95
values of 72.92 and 59.52 mm, respectively. Figure 1 maps these station-level univariate VaR95
values to illustrate the spatial variation of local rainfall risk. This GIS visualization represents
station-specific risk and should not be interpreted as a spatial decomposition of the R-vine-based
multivariate VaR, which is expressed as a single regional aggregate value derived from the joint
rainfall distribution across all seven stations.

After selecting the best-fitting marginal distributions, the rainfall data were modeled using
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Table 3: In-Sample VaR Coverage Results Using the Kupiec Test
Station Confidence VaR Violations Expected Violation Rate P-value Decision

1 95% 50.380 10 9.65 0.0518 0.9085 Valid
2 95% 56.080 10 9.65 0.0518 0.9085 Valid
3 95% 72.920 10 9.65 0.0518 0.9085 Valid
4 95% 42.240 10 9.65 0.0518 0.9085 Valid
5 95% 57.060 10 9.65 0.0518 0.9085 Valid
6 95% 29.700 9 9.65 0.0466 0.8282 Valid
7 95% 59.520 10 9.65 0.0518 0.9085 Valid
1 99% 99.268 2 1.93 0.0104 0.9598 Valid
2 99% 121.000 2 1.93 0.0104 0.9598 Valid
3 99% 166.832 2 1.93 0.0104 0.9598 Valid
4 99% 97.468 2 1.93 0.0104 0.9598 Valid
5 99% 97.048 2 1.93 0.0104 0.9598 Valid
6 99% 50.080 2 1.93 0.0104 0.9598 Valid
7 99% 89.580 2 1.93 0.0104 0.9598 Valid

Note: Station codes are defined as follows: 1 = Stasiun Meteorologi Maritim Tanjung Priok; 2 = Stasiun
Meteorologi Kemayoran; 3 = Halim Perdana Kusuma Jakarta; 4 = Pos Meteorologi Penggung; 5 = Stasiun
Meteorologi Citeko; 6 = Stasiun Geofisika Bandung; and 7 = Stasiun Meteorologi Kertajati.

Fig. 1: Spatial distribution of station-level univariate Value-at-Risk

a mixed discrete-continuous framework to account for zero rainfall. The marginal distribution
at each station consists of a discrete probability mass at 0 mm and a continuous distribution
for positive rainfall amounts. The probability integral transform (PIT) was then applied to the
mixed marginal distributions, with the discrete component explicitly accounting for zero-rainfall
observations and the fitted continuous distribution applied to positive rainfall amounts. This
treatment avoids imposing a continuous distribution on zero rainfall and preserves the occurrence
probability of non-rainfall conditions.

The transformed data were subsequently used to construct the R-vine copula dependence
structure among the rainfall stations. The joint density of the R-vine is represented as a
product of conditional pair-copula densities across the vine tree levels, as shown in Eq. (2).
During simulation, the fitted R-vine model was used to generate dependent uniform variables
that preserve the estimated dependence structure. These simulated uniform variables were
then transformed back to the rainfall scale using the fitted mixed discrete-continuous marginal
distributions, allowing both zero and positive rainfall outcomes to be generated.

Table 4 presents the structure and selected pair-copula families of the fitted R-vine model,
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while the corresponding vine structure is illustrated in the copula structure plot. The seven
rainfall stations form an R-vine with six tree levels and 21 pair-copulas. In Tree 1, which
represents the strongest and most direct pairwise dependencies, the selected families include
BB8, Frank, Gaussian, and Tawn type 1 copulas. In the higher trees, the dependence structure
is represented by conditional pair-copulas, with conditioning sets increasing according to the tree
level.

Table 4: Structure and selected pair-copula families of the R-vine model
Pair Tree Variable 1 Variable 2 Conditioning Set Copula Par Par2

1 1 2 1 – BB8 4.30 0.95
2 1 3 2 – Frank 6.47 –
3 1 5 6 – Frank 3.84 –
4 1 3 5 – Gaussian 0.59 –
5 1 7 3 – Frank 2.85 –
6 1 7 4 – Tawn type 1 2.05 0.66
7 2 3 1 2 Student-t 0.11 6.67
8 2 5 2 3 Tawn type 1 2.03 0.21
9 2 3 6 5 Survival BB7 1.03 0.22
10 2 7 5 3 Rotated Tawn type 2 (180◦) 20.00 0.01
11 2 4 3 7 Tawn type 1 19.82 0.02
12 3 5 1 3,2 Independence – –
13 3 6 2 5,3 Independence – –
14 3 7 6 3,5 Student-t 0.21 5.97
15 3 4 5 7,3 Gumbel 1.07 –
16 4 6 1 5,3,2 Frank -1.72 –
17 4 7 2 6,5,3 Survival BB8 1.13 1.00
18 4 4 6 7,3,5 Independence – –
19 5 7 1 6,5,3,2 Independence – –
20 5 4 2 7,6,5,3 Rotated Tawn type 1 (180◦) 15.66 0.01
21 6 4 1 7,6,5,3,2 Tawn type 2 6.41 0.05

Note: Station codes are defined as follows: 1 = Stasiun Meteorologi Maritim Tanjung Priok; 2 = Stasiun
Meteorologi Kemayoran; 3 = Halim Perdana Kusuma Jakarta; 4 = Pos Meteorologi Penggung; 5 = Stasiun
Meteorologi Citeko; 6 = Stasiun Geofisika Bandung; and 7 = Stasiun Meteorologi Kertajati.

The R-vine structure and pair-copula families were selected automatically in R using the
RVineStructureSelect() function from the VineCopula package (version 2.6.1). The setting
familyset = NA was used, with the Akaike information criterion (AIC) as the selection criterion.
With this setting, the selection procedure considers the copula families supported by the function,
including the independence, Gaussian, Student-t, Clayton, Gumbel, Frank, Joe, BB1, BB6, BB7,
BB8, and Tawn copulas, together with their applicable rotated or survival forms. The final model
selected Gaussian, Student-t, Gumbel, Frank, BB8, BB7, and Tawn copulas, including rotated
or survival variants. In addition, the independence copula was selected for several conditional
pairs in Trees 3–5, indicating that these pairs did not require an additional dependence structure
according to the AIC-based selection procedure. The selected R-vine dependence structure is
illustrated in Figure 2.

Table 5 compares Kendall’s tau between the observed and simulated rainfall data for all 21
station pairs. The simulated data generally preserve the positive dependence structure observed
in the historical data, although the values of Kendall’s tau are slightly lower for all station pairs.
The differences range from -0.005 for Stations 2–6 to -0.184 for Stations 1–4, indicating that the
R-vine simulation tends to slightly underestimate the strength of dependence, particularly for
several station pairs with moderate observed association.
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Fig. 2: Complete structure of the R-vine copula model across six tree levels, showing pairwise dependencies
and conditioning sets.

Table 5: Comparison of Kendall’s tau between observed and simulated data

Station Pair τobs τsim ∆τ

1–2 0.737 0.679 −0.058
1–3 0.561 0.483 −0.078
1–4 0.332 0.148 −0.184
1–5 0.432 0.348 −0.084
1–6 0.203 0.152 −0.050
1–7 0.323 0.199 −0.124
2–3 0.619 0.552 −0.067
2–4 0.294 0.164 −0.131
2–5 0.454 0.400 −0.054
2–6 0.265 0.260 −0.005
2–7 0.303 0.250 −0.053
3–4 0.284 0.174 −0.110
3–5 0.462 0.405 −0.057
3–6 0.336 0.297 −0.039
3–7 0.334 0.299 −0.035
4–5 0.262 0.141 −0.121
4–6 0.211 0.155 −0.056
4–7 0.560 0.406 −0.154

Continued on next page
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Table 5 – continued from previous page
Station Pair τobs τsim ∆τ

5–6 0.424 0.395 −0.029
5–7 0.310 0.167 −0.143
6–7 0.314 0.231 −0.083

Note: τobs denotes Kendall’s tau based on observed data, τsim
denotes Kendall’s tau based on simulated data, and ∆τ =
τsim − τobs.

The strongest observed dependence occurs between Stations 1–2 (τobs = 0.737) and Stations
2–3 (τobs = 0.619), which are also relatively well reproduced by the simulation, with τsim = 0.679
and 0.552, respectively. Overall, the similarity between the observed and simulated Kendall’s
tau values indicates that the fitted R-vine model adequately preserves the dependence structure
among rainfall stations. The RMSE of Kendall’s tau is 0.0935, indicating a relatively small
overall discrepancy between the observed and simulated dependence measures and supporting
the adequacy of the fitted model for generating multivariate rainfall scenarios.

Table 6 presents the estimated multivariate Value-at-Risk (VaR) at the 95% and 99%
confidence levels based on 100,000 Monte Carlo simulations. The estimated VaR is 46.0744 mm
at the 95% confidence level and increases to 92.3355 mm at the 99% confidence level. The higher
VaR at the 99% confidence level reflects the greater magnitude of rainfall associated with more
extreme joint events. These estimates represent joint rainfall risk across the seven stations rather
than station-specific VaR estimates. Thus, the multivariate VaR provides a single quantitative
measure of joint rainfall risk that incorporates the dependence structure captured by the R-vine
model. The results indicate that the proposed framework can generate multivariate rainfall
scenarios while accounting for dependence among the seven rainfall stations.

Table 6: Multivariate VaR Estimation at 95% and 99% Confidence Levels
Confidence Level Number of simulations VaR (mm) CI (mm)
95% 100,000 46.0744 45.4340–46.7030
99% 100,000 92.3355 90.4392–94.6717

The uncertainty of the regional aggregate VaR estimates was assessed using bootstrap
resampling of the 100,000 Monte Carlo-simulated aggregate rainfall values, with the fitted
marginal and R-vine models kept fixed. Based on B = 1, 000 bootstrap replications, the
resulting confidence intervals were 45.4340–46.7030 mm for VaR95 and 90.4392–94.6717 mm for
VaR99. These intervals represent uncertainty conditional on the fitted model and do not account
for uncertainty in marginal parameter estimation, copula-family selection, vine structure, or
copula parameter estimation. The wider interval at the 99% level is consistent with the greater
uncertainty associated with the upper-tail rainfall quantile. In addition, because the analysis is
based on only 193 complete observations, the 99% estimate is supported by limited empirical
information in the far upper tail and should therefore be interpreted cautiously.

In addition, the ECDF and QQ plots were used to compare the distributional behavior of the
observed and simulated rainfall data. The ECDF plots in Figure 3 show generally consistent
cumulative distributional patterns across the seven stations. The close alignment of the empirical
cumulative distributions suggests that the R-vine-based simulation captures the overall rainfall
distribution reasonably well.

The QQ plots in Figure 4 also show reasonable agreement over the central portion of
the distributions, while some discrepancies are observed in the upper tail. These upper-tail
discrepancies suggest limitations in reproducing extreme rainfall magnitudes and warrant cautious
interpretation of the 99% regional aggregate VaR, which is more sensitive to tail behavior. Given
that only 193 complete observations are available, the far upper tail is supported by limited
empirical information and should therefore be interpreted with caution.
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Fig. 3: ECDF comparison between observed and R-vine-simulated rainfall data.

Overall, the graphical diagnostics indicate that the R-vine-based simulation reproduces the
main distributional and dependence characteristics of the observed rainfall data, with some
discrepancies in the far upper tail. The Kendall’s tau comparison provides an assessment of the
reproduced dependence structure, while the ECDF and QQ plots assess the distributional behavior.
The upper-tail discrepancies are particularly relevant for interpreting the 99% regional aggregate
VaR, which may be sensitive to the modeled tail behavior and involve extrapolation beyond the
observed sample range. The bootstrap confidence intervals quantify uncertainty conditional on
the fitted marginal and R-vine models and do not account for uncertainty in marginal parameter
estimation, copula-family selection, vine structure selection, or copula parameter estimation.
The Kupiec test provides a separate in-sample assessment of unconditional coverage for the
station-level univariate VaR estimates. Nevertheless, the combined diagnostic results provide
complementary evidence regarding the adequacy of the fitted model for representing rainfall
distributions and inter-station dependence. The resulting multivariate VaR therefore provides a
model-based scalar measure of joint rainfall risk derived from the dependence structure among the
study stations. The estimates at more extreme quantile levels, particularly the 99% multivariate
VaR, should nevertheless be interpreted with caution because they are more sensitive to the
modeled upper-tail behavior and may involve extrapolation beyond the observed sample range.

Sensitivity analysis was conducted using five random seeds (123, 456, 789, 2026, and 31415),
with seed 123 used for the main analysis and as the reference for comparison. The selected
R-vine structures and pair-copula families varied across some seeds. Relative to seed 123, the
RMSE of Kendall’s tau ranged from 0.0211 to 0.0322, with maximum absolute differences of
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Fig. 4: QQ plot comparison between observed and R-vine-simulated rainfall data.

0.0475–0.0805. The resulting VaR estimates ranged from 45.9138 to 46.6937 mm at the 95%
confidence level and from 92.4158 to 99.1207 mm at the 99% confidence level. All VaR estimates
at the 95% confidence level fell within the corresponding confidence interval (45.4340–46.7030
mm), whereas some estimates at the 99% confidence level fell outside the corresponding interval
(90.4392–94.6717 mm). These findings suggest that VaR95 estimates are relatively consistent
across the tested seeds, while the VaR99 estimates are more sensitive to seed-dependent model
selection and should therefore be interpreted with caution.

Validation of joint extreme rainfall was conducted by evaluating the frequency of events
where rainfall at a minimum number of stations simultaneously exceeded the VaR value for
each respective station. The thresholds employed were the 95% VaR and 99% VaR, calculated
individually for each station. This approach enables an evaluation of the R-vine copula model’s
ability to represent inter-station dependence under extreme conditions. The validation results
are presented in Table 7.

Based on Table 7, at the 95% VaR level, the observed proportion of events where at least
two stations simultaneously exceeded the threshold was 8.81%, whereas the simulation yielded a
proportion of 9.86%. The difference of 1.05 percentage points indicates that the model produced
a joint extreme event frequency relatively close to observed conditions. For events involving at
least three stations, the observed proportion was 3.11% compared to 3.79% in the simulation, a
difference of 0.68 percentage points. For four to six stations, the differences between observation
and simulation remained relatively small, with absolute differences of 0.23, 0.14, and 0.43
percentage points, respectively.
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Table 7: Joint Extreme Rainfall Exceedance under VaR 95% and VaR 99%
Minimum
Number of

Stations

Observed
VaR95

Simulated
VaR95

Observed
VaR99

Simulated
VaR99

2 0.0881 0.0986 0.0104 0.0288
3 0.0311 0.0379 0.0000 0.0060
4 0.0155 0.0132 0.0000 0.0011
5 0.0052 0.0038 0.0000 0.0002
6 0.0052 0.0008 0.0000 0.0000
7 0.0000 0.0001 0.0000 0.0000

At the 99% VaR level, joint extreme events became rarer, as expected given the higher
threshold used. For at least two stations, the observed proportion was 1.04%, while the simulation
yielded 2.88%. Although the simulation tended to produce a higher frequency of joint exceedances
at this level, the absolute difference was 1.85 percentage points. For at least three stations, the
observed proportion was 0%, while the simulation showed 0.6%. For events involving four or more
stations, the observed joint exceedance proportion was also very low, while simulation results
indicated frequencies approaching zero. Overall, the results indicate that the R-vine copula
model is capable of replicating joint extreme rainfall patterns reasonably well—particularly at the
95% VaR level—with relatively small discrepancies between observed and simulated proportions
across most joint occurrence levels. At the 99% VaR level, larger discrepancies observed for
two- or three-station events reflect the limitations posed by the scarcity of extreme data points;
consequently, validation results concerning the extreme tails of the distribution require cautious
interpretation.

4. Conclusion
This study developed an R-vine copula-based framework for assessing joint extreme rainfall risk
across seven rainfall stations in DKI Jakarta and West Java. The marginal analysis showed that
the rainfall characteristics differ across stations, with the Lognormal and Weibull distributions
providing the best fit for positive rainfall amounts. The occurrence of zero rainfall was explicitly
incorporated through a mixed discrete-continuous marginal framework, allowing the subsequent
dependence modeling and simulation to account for both non-rainfall and positive rainfall
conditions.

The fitted R-vine model consisted of six tree levels and 21 pair-copulas, providing a flexible
representation of both unconditional and conditional dependence among the seven rainfall stations.
Different copula families were selected across the tree levels, reflecting heterogeneous dependence
patterns among the stations. The comparison between observed and simulated Kendall’s tau
yielded an RMSE of 0.0935, indicating a relatively small overall discrepancy and suggesting that
the R-vine simulation reasonably reproduced the main dependence characteristics of the observed
rainfall data. The ECDF and QQ plot comparisons further supported the ability of the model to
reproduce the main distributional characteristics, although some discrepancies were observed in
the upper tail.

Based on 100,000 Monte Carlo simulations, the estimated regional aggregate VaR was 46.0744
mm at the 95% confidence level and 92.3355 mm at the 99% confidence level. Bootstrap confidence
intervals were obtained using B = 1, 000 replications by resampling the simulated aggregate
rainfall values with replacement, while keeping the fitted marginal distributions and R-vine model
fixed. The resulting confidence intervals were 45.4340–46.7030 mm and 90.4392–94.6717 mm
for the 95% and 99% VaR estimates, respectively. The higher VaR at the 99% confidence level
reflects the greater severity associated with more extreme joint rainfall conditions. However, the
99% VaR should be interpreted with caution because the model is based on only 193 complete
daily observations, which provide limited information about the far upper tail. The upper-tail
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discrepancies observed in the QQ plots further indicate that the extreme-tail estimates may be
sensitive to the modeled tail behavior and may involve extrapolation beyond the observed sample
range.

The Kupiec test provided an in-sample coverage assessment of the station-level univariate
VaR estimates. At both the 95% and 99% confidence levels, the corresponding p-values exceeded
0.05, indicating no significant departure from the expected unconditional exceedance frequencies
within the historical sample. These results should be interpreted specifically as evidence regarding
the marginal VaR coverage and not as an independent out-of-sample validation. In particular,
the Kupiec test does not constitute a direct backtest of the seven-dimensional joint rainfall model
or the regional aggregate VaR.

Overall, the proposed R-vine copula framework provides a flexible approach for represent-
ing dependence among rainfall stations and quantifying regional aggregate rainfall risk. The
framework integrates station-specific mixed discrete-continuous marginal distributions, R-vine
dependence modeling, Monte Carlo simulation, and multivariate VaR estimation while explicitly
accounting for dependence among stations. The multivariate Value-at-Risk estimates provide
a single quantitative measure of joint rainfall risk across the study region. However, the 99%
estimate should be interpreted cautiously because only 193 complete observations are available
and the QQ plots show some upper-tail discrepancies, indicating that extreme-tail estimates
may be sensitive to the fitted tail behavior and may involve extrapolation beyond the observed
sample range. Further studies using longer records and additional extreme-tail validation would
be valuable for improving the assessment of very high quantile rainfall risk.
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