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Abstract

This article presents state-of-the-art statistical learning methods for analyzing rain1

gauge data over the Natuna Islands. By using shape preserving piecewise cubic2

interpolation, we managed to interpolate 671 null values from the daily precip-3

itation data. Dominant periodicity analysis of daily precipitation signals using4

Lomb-Scargle Power Spectral Density shows annual, intraseasonal, and interan-5

nual precipitation patterns over the Natuna Islands. Unsupervised anomaly analy-6

sis using the Isolation Forest algorithm shows there are 146 anomaly daily precip-7

itation data points. We also conducted an experiment to predict the accumulation8

of monthly precipitation over the Natuna Islands using the Bayesian structural9

time series algorithm. The results show that the local linear trend with seasonal-10

ity model is able to model the value of accumulated monthly precipitation for a11

twelve-month prediction horizon. The work presented here has profound implica-12

tions for rainfall observations in this area.13

key words: observational tropical meteorology, cubic interpolation, Lomb-14

Scargle PSD, isolation forest, Bayesian structural time series15

1 Introduction16

Natuna Islands are an archipelago which is administratively located in Natuna Regency, Riau Islands17

Province, Indonesia. Astronomically, the Natuna Islands are located at 3◦N to 4◦46′N and 107◦45′E18

to 108◦23’E. Directly adjacent to the South China Sea to the east and north, making the Natuna19

Islands one of the front lines of Indonesia’s territorial defense in an area rich in natural resources20
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that has the potential to cause conflict on a regional scale [Johnson, 1997, Sudirman et al., 2013,21

Kurniaty et al., 2018]. One way to strengthen the defense system in an area is to know in detail the22

intelligence data, one of which is meteorological data [Tuite and Harley, 2013, Azhari et al., 2021].23

Therefore, knowledge of rainfall data in the Natuna Islands plays a vital role in Indonesia’s defense24

system in the South China Sea. To deal with this problem, we applied some of the recently developed25

statistical learning techniques [Vapnik, 1999] to the daily rain gauge data from the BMKG Ranai26

meteorological station (Figure 1), which is the only meteorological station in the Natuna Islands,27

from 01 January 2013 to 31 December 2020 in this study.28

Figure 1: Topography of the Natuna Islands (rendered using PyGMT [Uieda et al., 2021]). Red
triangle denotes BMKG Ranai meteorological station at 3◦54′43′′N, 108◦23′35”E.

2 Data interpolation29

The presence of 671 null values from a total of 2892 data points can certainly complicate the pro-30

cessing of our daily precipitation data. Therefore, data interpolation is needed as a prerequisite for31

the next stage of data processing. We use shape-preserving piecewise cubic interpolation [Wolberg32

and Alfy, 1999] to interpolate daily precipitation over the Natuna Islands. This algorithm aims to33

model data points into a third degree polynomial of P (x) with coefficients [a, b, c, d] at intervals34

[x1, x2] as follows,35

P (x) = a(x− x1)3 + b(x− x1)2 + c(x− x1) + d (1)

On each subinterval xk ≤ x ≤ xk+1, the polynomial P (x) is a cubic Hermite interpolating polyno-36

mial for the given data points with specified derivatives at the interpolation points. P (x) interpolates37

y, that is, P (xj) = yj , and the first derivative P ′(x) is continuous. The second derivative P ′′(x)38

is probably not continuous so jumps at the xj are possible. The cubic interpolant P (x) is shape39

preserving. The slopes at the xj are chosen in such a way that P (x) preserves the shape of the data40

and respects monotonicity. Therefore, on intervals where the data is monotonic, so is P (x), and at41

points where the data has a local extremum, so does P (x). To simplify the computation process, we42

use pandas [McKinney, 2010] built-in interpolate method with the pchip option. The results of43

the interpolation are shown in Figure 2 as follows,44
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Figure 2: Result from shape-preserving piecewise cubic interpolation of daily precipitation data.

3 Periodicity analysis45

In order to determine the precipitation patterns in the Natuna Islands, we average the accumulated46

monthly rainfall as shown in Figure 3. The result shows that there are two peak periods of rainfall47

in September to December (SOND) and May to July (MJJ). Natuna Islands can be categorized48

as region B in the classification of rainfall areas over the Indonesian Maritime Continent (IMC)49

described by Aldrian and Susanto [2003]. These two peaks of rainfall were the result of a change50

in the direction of meridional movement of the Inter Tropical Convergence Zone (ITCZ) [Davidson51

et al., 1984, Aldrian and Susanto, 2003].52

Figure 3: The annual cycle of the accumulated monthly precipitation over the Natuna Islands.

We use the Lomb-Scargle Power Spectral Density (PSD) [Lomb, 1976, Scargle, 1983, Trauth, 2015]53

to quantitatively analyze the dominant periodicities of precipitation over the Natuna Islands. Assum-54

ing daily precipitation data as y(t) of N days, normalized Lomb-Scargle periodogram Px(ω), as a55

function of angular frequency ω = 2πf > 0, is calculated using the following equation,56

Px(ω) =
1

2s2


[∑

j(yi − ȳ) cosω(tj − τ)
]2

∑
j cos2 ω(tj − τ)

+

[∑
j(yi − ȳ) sinω(tj − τ)

]2
∑
j sin2 ω(tj − τ)

 (2)

, where the arithmetic mean ȳ and variance s2 are respectively expressed by equations (3) and (4) as57

follows,58

ȳ =
1

N

N∑
i=1

yi (3)
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s2 =
1

N − 1

N∑
i=1

(yi − ȳ)2 (4)

While the constant τ is defined through the following trigonometric relationship,59

tan (2ωτ) =

∑
j sin 2ωtj∑
j cos 2ωtj

(5)

To evaluate the power spectra produced by these calculations, we use the False-Alarm probability60

P (> z) of the null hypothesis, i.e. the probability that given peaks in periodogram are not significant61

which is defined as follows,62

P (> z) ≡ 1− (1− e−z)M (6)
, where M is the number of independent frequencies. We use Nyquist criterion, suggested by Press63

et al. [2007] to determine the number of M . We do this calculation and evaluation using built-in64

functions available in MATLAB® computing environment. The results are shown in Figure 4 as65

follows,66

Figure 4: Lomb-Scargle PSD with the false-alarm probabilities (horizontal lines). The plot suggests
that the 361.5, 177.9, 1652.6 day cycles are highly significant.

There are three dominant rainfall periodicity peaks in the Natuna Islands, i.e. annual (361.5 days),67

intraseasonal (177.9 days), and interannual (1652.6 days) patterns. These dominant patterns are68

consistent with several studies that were conducted in region B [Aldrian and Susanto, 2003, Xavier69

et al., 2020, Narulita et al., 2021]. Based on a study conducted on Bintan Island, 538 km southwest70

of Ranai, by Narulita et al. [2021], it is known that the annual pattern can be caused by ITCZ71

oscillation. Meanwhile, the intraseasonal pattern is caused by a combination of Madden-Julian72

Oscillation (MJO), Borneo vortex, and the cold surge phenomena. El Niño-Southern Oscillation73

(ENSO) and Indian Ocean Dipole (IOD) are considered to affect interannual rainfall pattern in the74

region.75

4 Anomaly detection76

The presence of anomalies in the Automatic Weather Station (AWS) rain gauge observations can be77

caused by various factors such as sensor malfunction, hardware error, power supply error, ambient78

environment change, and abnormal weather phenomena [Lee et al., 2018]. With advances in tech-79

nology, this anomaly detection process can be done automatically by applying the anomaly detection80
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methods used in the field of statistical learning. In this section, we try to experiment by applying an81

anomaly detection algorithm to rainfall measurements in the Natuna Islands without assuming data82

linearity using the Isolation Forest (iForest) algorithm.83

iForest [Liu et al., 2012] is an algorithm that is widely used to perform anomaly detection on time-84

series data [Calheiros et al., 2017, Puggini and McLoone, 2018, Qin and Lou, 2019, Zhong et al.,85

2019, Li and Jung, 2021]. The algorithm is based on the fact that there are data points that are few86

and very different from the dominant data points, then based on this assumption, it can be explained87

that anomalies are susceptible to a mechanism called isolation. This method is very useful because88

it fundamentally introduces the use of isolation trees as an effective way of detecting anomalies89

from datasets. In addition, this method can work with low linear time complexity and low memory90

requirements so it can perform well regardless of data size [Yao et al., 2019]. The main idea of91

the iForest is that the number of data points is abnormal is usually small, and there is a significant92

difference between normal and these abnormal attributes. This algorithm has the same basic pattern93

as the available decision tree model break down the complex decision-making process into more94

simple, so that the decision-making process would be more interpreted to find the solution to the95

problem [Zhang et al., 2019]. iForest is also an efficient way to detect anomalies in high-dimensional96

datasets. One can make observations by randomly selecting features and then selecting the split97

values between the maximum and minimum values of the features selected using this algorithm98

[Qin and Lou, 2019, Yao et al., 2019].99

We use iForest as an unsupervised ensemble classifier on daily precipitation data. The score used to100

classify anomalies s(x, n) is calculated using the equation (7) below,101

s(x, n) = 2−
E(h(x)
c(n) (7)

,where h(x) is the number of edges of isolation trees for point x, c(n) is a normalization constant,102

and E(h(x)) is the average of h(x) from a collection of isolation trees. Because we use iForest as103

an unsupervised classifier, the threshold values do not need to be specified. We use PyCaret library104

Ali [2020] in the Python computing environment to automatically compute the iForest algorithm.105

Figure 5: Unsupervised iForest anomaly detection in the interpolated daily precipitation data over
the Natuna Islands.

146 anomalous data points are presented in red dots in Figure 5. It can be seen in that figure, that106

all anomalies occurred in relatively high rainfall values. There are three possibilities that cause data107

points to be detected as anomaly, namely due to measurement errors, natural anomalous events,108

or artifacts due to interpolation errors. Therefore, further investigation is needed on these iForest109

anomalies.110

5 Probabilistic forecasting111

In this section, we try to make a one-step-ahead forecasting to predict the accumulation of monthly112

rainfall over the Natuna Islands in the next twelve months time horizon. We use a state-space prob-113
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abilistic forecasting approach by utilizing the Bayesian Structural Time-Series (BSTS) framework114

developed by Scott and Varian [2014].115

BSTS framework views time series as an unobserved process known as state space. In other words,116

we model hidden variables instead of modeling observational data directly. As in other time-series117

structural models, there are four hierarchical models used in the BSTS framework, namely local118

level, local linear trend, local linear trend with seasonal components, and models with regressor119

components. In this study, we use a local linear trend model with a seasonality component model120

on the univariate accumulation of monthly rainfall data over the Natuna Islands, yt as follows,121

yt = φt + τt + εt, ζt ∼ N (0, σ2
ε)

τt = −
s−1∑
s=1

τt−s + ωt, τt ∼ N (0, σ2
ω)

(8)

, where τt is the seasonal component, s is the dummy variables which amount to one in each season,122

and φt is the local linear trend model which is described in equation (9) as follows,123

yt = µt + εt, εt ∼ N (0, σ2
ε)

µt+1 = µt + νt + ξt, ξt ∼ N (0, σ2
ξ )

νt+1 = νt + ζt, ζt ∼ N (0, σ2
ζ )

(9)

, where µt is the unobserved state and νt is the additional state component which is the slope of124

the trend. We use the error variance distribution parameters to calculate the prior of this model.125

Numerical computations are used to estimate the Kalman filter, Kalman smoother, and Markov126

Chain Monte Carlo (MCMC) sampler on the posterior distribution. The whole computing process is127

done automatically by using the bsts [Scott, 2020] package in the R computing environment. The128

results of the probabilistic predictions for the next twelve months are shown in Figure 6 as follows,129

In evaluating the model, we use one-step-ahead error prediction as follows,

Figure 6: Predicted accumulation of monthly precipitation for twelve-month horizon. The solid blue
line indicates the median of the prediction results, the green dotted line indicates the 95% credible
interval, and the gray shading area indicates the posterior density distribution.

130

error = yt − E(yt|y1, · · · , yt−1; θ) (10)
, where the values of y1, · · · , yt−1 and the model parameter θ are fixed at the current values in the131

MCMC algorithm. Cummulative total of the mean absolute errors for each univariate BSTS models,132

local level; local linear trend; local linear trend with seasonal components, are shown in the Figure.133

The results show that local linear trend with seasonal components is the best model configuration134

choice among the three univariate BSTS models, with an error curve that is relatively not steep over135

time.136
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Figure 7: Heuristic comparison of univariate BSTS models in terms of cumulative prediction error
for the accumulation of monthly precipitation over the Natuna Islands.

6 Concluding remarks and future work suggestion137

We have applied some of the latest techniques in statistical learning, namely interpolation, signal138

processing, anomaly analysis, and probabilistic prediction, to assist the process of analyzing rain139

gauge station data from the Natuna Islands. Our study suggests possible extension of the work by140

using nonlinear interpolation techniques, nonstationary signal processing, matching anomaly analy-141

sis from iForest with other data sources, and considering related climatic phenomena as regressors142

in the future BSTS framework, with adequate computational resources, developed as a probabilistic143

prediction of daily rainfall by optimizing the computational time of the MCMC sampler.144
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