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Background: Monthly rainfall forecasting is important for water-resource 
management, agricultural planning, and hydrometeorological risk assessment. 
However, reliable forecasting requires a temporally consistent dataset and 
appropriate representation of seasonal rainfall variability.  
Aims: This study aims to reconstruct and audit a monthly rainfall dataset for the 
Indragiri region, identify its temporal and seasonal characteristics, evaluate 
alternative Seasonal Autoregressive Integrated Moving Average (SARIMA) models, 
and assess their forecasting performance and residual adequacy. 
Methods: Monthly rainfall data derived from reanalysis were reconstructed for 
January 2014-June 2025, resulting in 138 monthly records. Temporal auditing 
identified June 2025 as incomplete, containing only 20 of the expected 60 
timestamps; therefore, 137 complete months through May 2025 were used for 
model development. Autocorrelation and partial autocorrelation analyses were 
conducted to identify temporal and seasonal structures. Eight SARIMA candidates 
were compared using AIC, BIC, RMSE, MAE, sMAPE, and Ljung–Box residual 
diagnostics. 
Results: The rainfall series had a mean of 16.15 mm, standard deviation of 13.19 
mm, and maximum of 49.59 mm, with strong annual seasonality. 
SARIMA(0,0,2)(2,1,0)[12] achieved the lowest test RMSE (10.36 mm), MAE (6.98 
mm), and sMAPE (48.17%). However, significant residual autocorrelation 
remained at lags 6, 12, 18, and 24 (p < .001). 
Conclusion: The selected SARIMA model provides a useful seasonal forecasting 
baseline but does not fully capture the dependence structure of monthly rainfall. 
Forecasts for July 2025–June 2027 indicate persistent seasonal variability, 
highlighting the need for additional climatic predictors or alternative models to 
improve forecasting accuracy. 
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INTRODUCTION 

Rainfall is a central component of the hydroclimate system and a key input to agricultural 
production, water availability, flood risk, and drought management. At monthly scales, rainfall 
records frequently exhibit persistence, seasonality, and non-Gaussian variability, which makes their 
direct extrapolation difficult and motivates statistical time-series approaches (Wilks, 2011; 
Petropoulos et al., 2022). In tropical regions, the repeating annual cycle is particularly important 
because the timing of wet and dry periods is often more persistent than the magnitude of individual 
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rainfall events. Forecasting models that represent this seasonal dependence can therefore provide 
useful baseline information for planning and risk assessment (Hyndman & Athanasopoulos, 2021; 
Brockwell & Davis, 2016). 

Indonesia presents a particularly relevant setting for seasonal rainfall analysis because 
rainfall variability reflects interactions among monsoonal circulation, local land–sea processes, 
topography, and large scale ocean–atmosphere variability. Aldrian and Susanto (2003) identified 
several dominant rainfall regimes across Indonesia and showed strong annual and, in some regions, 
semi-annual variability. Subsequent studies have documented the roles of ENSO and the Indian 
Ocean Dipole (IOD) in modulating Indonesian rainfall, with the magnitude and spatial structure of 
the influence varying by season and region (Hidayat & Ando, 2014; Nur'utami & Hidayat, 2016; As-
syakur et al., 2014; Kurniadi et al., 2021). Over Sumatra, rainfall also exhibits strong diurnal and land–
sea interactions, underscoring the multi-scale character of the hydroclimate (Mori et al., 2004; Qian, 
2020). 

For a statistical forecasting study, however, model performance depends first on the quality 
of the temporal series supplied to the model. Reanalysis or gridded data can provide spatially 
consistent meteorological information, but extracted datasets may contain duplicate timestamps, 
incomplete final periods, missing values, or multiple grid-cell values requiring aggregation. ERA5, for 
example, is designed as an hourly global reanalysis with an ensemble-based uncertainty estimate and 
continuous long-term coverage, but any downstream extraction still requires explicit quality control 
before time-series modeling (Hersbach et al., 2020). More generally, hydroclimatic series can contain 
nonstationarity and scaling behavior that should not be ignored when choosing an appropriate 
stochastic model (Koutsoyiannis, 2006). 

Seasonal ARIMA models provide a transparent framework for representing autoregressive 
dependence, differencing, and recurring seasonal structure. The Box–Jenkins framework remains 
foundational for identifying, estimating, and diagnosing ARIMA-family models (Box & Jenkins, 1970; 
Box et al., 2015). Automated model-selection procedures can accelerate the search over candidate 
structures, but information criteria alone do not guarantee that a model will forecast well out of 
sample or that its residuals will be independent (Akaike, 1974; Hyndman & Khandakar, 2008; 
Hyndman & Koehler, 2006). Forecast evaluation therefore benefits from explicit train–test 
separation and model diagnostics (Tashman, 2000; Bergmeir et al., 2018). 

Rainfall presents an additional challenge because near-zero values and high-rainfall episodes 
generate asymmetric and heavy-tailed behavior. Consequently, conventional percentage errors can 
become unstable, and residual normality should not be treated as the only criterion for a useful 
forecasting model. Forecast accuracy should instead be assessed with complementary scale-
dependent measures such as MAE and RMSE, while residual dependence should be examined 
explicitly (Hyndman & Koehler, 2006; Gneiting & Katzfuss, 2014). The Ljung–Box test is widely used 
to determine whether the residual autocorrelations as a group are consistent with white noise (Ljung 
& Box, 1978). 

Against this background, this study focuses on the Indragiri region of Riau and addresses a 
practical but often overlooked problem: how to obtain a defensible monthly rainfall forecasting 
series from reanalysis-derived data and evaluate a seasonal model beyond AIC alone. The 
contribution is therefore methodological rather than a claim that SARIMA is universally optimal. The 
workflow explicitly documents data reconstruction and completeness checks, identifies annual 
dependence through ACF and PACF, compares multiple SARIMA specifications using a held-out test 
period, and evaluates residual independence before producing a 24-month forecast. This design 
follows the broader forecasting literature emphasizing reproducibility, out-of-sample evaluation, 
probabilistic uncertainty, and transparent diagnostics (Armstrong, 2001; Diebold & Mariano, 1995; 
Makridakis & Hibon, 2000; Makridakis et al., 2020; Petropoulos et al., 2022). 

 
METHOD 

2.1 Data Source and Study Series 
The analysis uses four reanalysis-derived GRIB files containing rainfall and temperature 

variables. The study treats rainfall as the primary dependent variable and retains temperature as 
ancillary information for future extension to a dynamic-regression or SARIMAX formulation. The 
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present paper does not use temperature as an exogenous predictor, so the fitted model is 
substantively a SARIMA model rather than a regression-with-exogenous-input SARIMAX model. 
2.2 Data Reconstruction and Quality Control 

The raw extraction contained multiple spatial values at each timestamp. The reconstruction 
procedure first aggregated the spatial values at each timestamp and then accumulated the rainfall 
values into calendar months. The resulting monthly file contained 138 records from January 2014 
through June 2025. Quality control checked for duplicate monthly periods, missing months, missing 
values in the principal rainfall field, negative rainfall totals, and incomplete temporal coverage. A full 
month in the source series is represented by two timestamps per day; thus, the expected monthly 
count varies with month length. A month was flagged as partial when its timestamp count was below 
90% of the modal monthly count. 

 
Table 1. Monthly rainfall data quality-control summary. 
Quality-control item Result 
Total monthly records 138 
Date range January 2014–June 

2025 
Duplicate months 0 
Missing months 0 
Monthly rainfall missing 
values 

0 

Negative rainfall values 0 
Complete months used in 
modeling 

137 

Partial month June 2025 (20 of 60 
expected timestamps) 

 
The audit shows that June 2025 is not a complete monthly observation. The reconstructed 

file records 3.490 mm for that month but only 20 timestamps, versus 60 timestamps expected for a 
complete 30-day month. The principal modeling series therefore ends in May 2025, retaining 137 
complete monthly observations. The original monthly file and audit fields document these conditions 
explicitly. 
2.3 Exploratory Analysis 

The rainfall series was summarized using the mean, standard deviation, quartiles, minimum, 
and maximum. Temporal dependence was examined using the sample autocorrelation function 
(ACF) and partial autocorrelation function (PACF) up to lag 36. Because a 12-month cycle is the 
natural seasonal period for monthly rainfall, particular attention was given to lags 12, 24, and 36. 
ACF/PACF interpretation followed the standard Box–Jenkins identification framework (Box & 
Jenkins, 1970; Box et al., 2015; Hamilton, 1994; Shumway & Stoffer, 2017). 
2.4 SARIMA Model 

The seasonal autoregressive integrated moving average model is denoted 
SARIMA(p,d,q)(P,D,Q)s, where p, d, and q represent the non-seasonal autoregressive, differencing, 
and moving-average orders, respectively; P, D, and Q denote their seasonal counterparts; and s is the 
seasonal period. The general multiplicative model can be written as: 

 
(1 − 𝜑₁𝐵 −⋯− 𝜑ₚ𝐵ᵖ)(1 − 𝛷₁𝐵ˢ −⋯−𝛷ₚ𝐵ᴾˢ)(1 − 𝐵)ᵈ(1 − 𝐵ˢ) 

= (1 + 𝜃₁𝐵 +⋯+ 𝜃𝑞𝐵𝑞)(1 + 𝛩₁𝐵ˢ +⋯+ 𝛩𝑄𝐵𝑄ˢ)𝜀ₜ. 
 
Candidate structures were selected from the observed seasonal dependence and from 

automated stepwise search, then compared using AIC/BIC and out-of-sample performance. 
Information criteria reward good fit while penalizing model complexity (Akaike, 1974; Schwarz, 
1978). In forecasting applications, however, a lower information criterion is not sufficient if the 
model fails to deliver acceptable prediction accuracy or leaves strong dependence in its residuals 
(Hyndman & Athanasopoulos, 2021; Makridakis & Hibon, 2000). 
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2.5 Train–Test Design and Accuracy Measures 
To avoid evaluating a model on observations used for estimation, the last 12 complete 

months were reserved for testing. The training period therefore spans January 2014–May 2024 (125 
months), and the testing period spans June 2024–May 2025 (12 months). This fixed-origin holdout 
design follows standard out-of-sample forecasting practice and avoids the leakage concerns 
associated with inappropriate random cross-validation for dependent data (Tashman, 2000; 
Bergmeir et al., 2018). 
Forecast accuracy was assessed using RMSE, MAE, and sMAPE. RMSE is defined as sqrt[(1/n) Σ(yₜ − 
ŷₜ)²], whereas MAE is (1/n) Σ|yₜ − ŷₜ|. sMAPE was used as an additional descriptive measure, but it 
was not treated as the principal criterion because very small rainfall denominators can make 
percentage-based errors unstable (Hyndman & Koehler, 2006). 
2.6 Residual Diagnostics 

For an adequate stochastic forecasting model, residuals should contain little or no systematic 
temporal information. Residual diagnostics therefore considered the residual time plot, histogram, 
Q–Q plot, ACF, PACF, Jarque–Bera normality test, and the Ljung–Box portmanteau test. The Ljung–
Box statistic tests the joint null hypothesis that autocorrelations up to a specified lag are zero; a small 
p-value indicates remaining serial dependence (Ljung & Box, 1978). Residual autocorrelation and 
squared-residual dependence can also signal model misspecification or nonlinear variance structure 
(Box & Pierce, 1970; McLeod & Li, 1983). 
2.7 Software and Reproducibility 

The analytical workflow was implemented in Python using pandas for tabular data handling 
and statsmodels for time-series estimation and diagnostics. The methodological choices are 
consistent with established work on decomposition and exponential smoothing (Cleveland et al., 
1990; Gardner, 1985, 2006; Hyndman et al., 2002), probabilistic and competitive forecasting 
(Gneiting & Katzfuss, 2014; Gneiting & Raftery, 2007; Makridakis & Hibon, 2000; Makridakis et al., 
2020), time-series theory and state-space representation (Hamilton, 1994; Harvey, 1989 ; Shumway 
& Stoffer, 2017), and residual dependence testing (Box & Pierce, 1970; Ljung & Box, 1978; McLeod & 
Li, 1983). These references support the use of information criteria, predictive accuracy, and residual 
diagnostics as complementary criteria rather than interchangeable measures. Software 
documentation follows the pandas and statsmodels literature (McKinney, 2010; Seabold & Perktold, 
2010). 

  
 

RESULTS AND DISCUSSION 

  3.1 Rainfall Characteristics 
After removal of the incomplete June 2025 record, the modeling series contains 137 complete 
monthly observations from January 2014 to May 2025. The rainfall mean is 16.15 mm and the 
standard deviation is 13.19 mm. The median is 16.09 mm, while the minimum and maximum are 
0.026 mm and 49.59 mm, respectively. The distribution is therefore broad, with repeated very low 
rainfall months and several months close to 40–50 mm. The monthly audit file confirms 137 
observations for the modeling period and no negative rainfall values. 

Table 2. Descriptive statistics of the complete monthly rainfall series. 
Statistic Value 
N 137 
Mean (mm) 16.150 
Standard deviation 
(mm) 

13.194 

Minimum (mm) 0.026 
25th percentile 
(mm) 

2.237 

Median (mm) 16.092 
75th percentile 
(mm) 

28.870 

Maximum (mm) 49.589 
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Figure 1. Monthly rainfall series used for the principal SARIMA analysis (January 2014–May 2025). 

 
The time series exhibits a repeating annual pattern, with prolonged low-rainfall periods and 
recurrent increases toward wetter months. Similar annual and semi-annual variability has been 
documented across Indonesian rainfall regimes, although the precise timing and intensity vary 
geographically (Aldrian & Susanto, 2003; Hidayat & Ando, 2014). The visible seasonality also agrees 
with studies linking Indonesian rainfall variability to Indo-Pacific climate drivers and regional 
circulation (Nur'utami & Hidayat, 2016; Kurniadi et al., 2021; Qian, 2020). 
3.2 Autocorrelation Structure 
The ACF of monthly rainfall shows substantial short-lag dependence and pronounced oscillation 
across successive years, with notable structure around the annual cycle. The PACF likewise shows a 
strong first-lag component and several early-lag effects before tapering. These features support the 
inclusion of a 12-month seasonal period and motivate seasonal differencing in a subset of candidate 
models. The observed pattern is consistent with a time series in which the month-to-month state and 
the corresponding season in preceding years both contribute information for forecasting (Box & 
Jenkins, 1970; Hyndman & Athanasopoulos, 2021; Shumway & Stoffer, 2017). 
 

 
Figure 2. Autocorrelation and partial autocorrelation of the monthly rainfall series. 

 
3.3 Candidate SARIMA Model Comparison 
Eight SARIMA candidates with a seasonal period of 12 months were fitted to the 125-month training 
sample. The comparison indicates that the lowest test RMSE was obtained by 
SARIMA(0,0,2)(2,1,0)[12], with RMSE = 10.3560 mm and MAE = 6.9761 mm. The model had an AIC 
of 621.583 and BIC of 636.515 on the training set. Several alternatives had lower AIC values but 
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slightly worse test RMSE, illustrating why model selection should combine fit criteria and out-of-
sample forecasting performance rather than use AIC alone. 
 

Table 3. Out-of-sample performance of candidate SARIMA models on June 2024–May 2025. 
Model AIC RMSE 

(mm) 
MAE 
(mm) 

sMAPE (%) 

SARIMA(2,0,0)(2,1,0)[12] 608.543 10.591 7.219 51.917 
SARIMA(2,0,1)(2,1,0)[12] 609.320 10.547 7.166 63.730 
SARIMA(1,0,0)(2,1,0)[12] 613.217 10.474 7.080 48.917 
SARIMA(1,0,1)(2,1,0)[12] 614.970 10.455 7.060 48.288 
SARIMA(0,0,1)(2,1,0)[12] 619.644 10.358 6.985 49.046 
SARIMA(0,0,0)(2,1,0)[12] 619.959 10.428 6.992 46.754 
SARIMA(0,0,2)(2,1,0)[12] 621.583 10.356 6.976 48.168 
SARIMA(1,0,0)(1,1,0)[12] 721.981 11.783 8.646 65.802 

 
The lowest RMSE belongs to SARIMA(0,0,2)(2,1,0)[12], but the practical difference from 
SARIMA(0,0,1)(2,1,0)[12] is small. More importantly, all eight models fail the residual white-noise 
requirement used in this study. Thus, the selected specification is the best predictive candidate 
among the tested models, not an unequivocally adequate error-generating model. This distinction is 
important in forecasting because correlated residuals imply that some information remains 
unmodeled (Hyndman & Athanasopoulos, 2021). 
3.4 Residual Diagnostics 
The diagnostic results for the selected SARIMA(0,0,2)(2,1,0)[12] model are mixed. The residual time 
series oscillates around a variable center and contains several relatively large positive and negative 
values. The residual distribution is right-skewed and departs visibly from the theoretical normal line. 
The Jarque–Bera statistic is 23.897 with p = 0.000006, indicating significant non-normality. However, 
non-normality alone does not determine forecasting usefulness; residual independence is the more 
direct diagnostic for whether systematic temporal information remains in the errors (Hyndman & 
Athanasopoulos, 2021; Gneiting & Katzfuss, 2014). 
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Figure 3. Residual diagnostics for the selected SARIMA(0,0,2)(2,1,0)[12] candidate, including 

standardized residuals, distribution, Q–Q plot, and correlogram. 
 

The key limitation is the Ljung–Box result. At lags 6, 12, 18, and 24, p-values are all below 0.001, so 
the null hypothesis of no joint autocorrelation is rejected. This indicates that the selected model 
leaves statistically significant temporal structure in the residuals. The finding is consistent with the 
residual ACF/PACF images, which show several departures from the confidence bands. In the 
forecasting literature, such residual dependence is a warning that the current model has not 
exhausted the predictable structure of the series (Ljung & Box, 1978; Box & Pierce, 1970; Hyndman 
& Athanasopoulos, 2021). 
 

Table 4. Ljung–Box diagnostic for the selected candidate model. 
Lag Ljung–

Box Q 
p-value 

6 31.683 0.000019 
12 43.113 0.000022 
18 47.103 0.000204 
24 53.832 0.000449 

 
Because every candidate failed the white-noise criterion, the study does not interpret the residual 
diagnostic failure as evidence that rainfall forecasting is impossible. Rather, it shows that the eight 
tested low-order specifications are insufficient to represent all serial dependence in this particular 
dataset. This is compatible with forecasting case studies where no single candidate satisfies every 
diagnostic simultaneously, particularly when the series contains strong seasonal structure and 
irregular extremes (Hyndman & Athanasopoulos, 2021). 
3.5 Validation Against the Held-Out Period 
The held-out validation period is June 2024–May 2025. The selected candidate predicts the broad 
seasonal shape but systematically underestimates several high-rainfall months. The largest miss 
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occurs in May 2025, when the observed rainfall is 32.835 mm while the model predicts only 4.884 
mm, an absolute error of 27.951 mm. The model also underpredicts November 2024, December 
2024, and January 2025. These errors demonstrate that seasonal persistence alone is insufficient to 
reproduce every high-rainfall episode. 

 
Figure 4. Out-of-sample validation of the selected SARIMA model for June 2024–May 2025. 

 
3.6 Final Forecast: July 2025–June 2027 
After candidate comparison, the selected model SARIMA(0,0,2)(2,1,0)[12] was re-estimated using all 
137 complete months, January 2014–May 2025. The final full-sample fit has AIC = 712.903 and BIC 
= 728.594. Because June 2025 was excluded as a partial observation, the 24-month forecasting 
horizon begins in July 2025. Forecasts display a persistent annual cycle, with low values in the middle 
of the year and higher values toward the end of the year and early wet season. 
 

Table 5. Monthly rainfall forecast for July 2025–June 2027 from the full-sample selected model. 
Period Forecast 

(mm) 
Lower 95% 
(mm) 

Upper 95% 
(mm) 

2025-07 10.004 0.000 25.240 
2025-08 3.844 0.000 19.267 
2025-09 2.158 0.000 17.583 
2025-10 4.598 0.000 20.023 
2025-11 15.094 0.000 30.520 
2025-12 31.418 15.993 46.844 
2026-01 25.677 10.252 41.103 
2026-02 27.424 11.998 42.849 
2026-03 29.683 14.258 45.109 
2026-04 27.758 12.333 43.184 
2026-05 17.326 1.901 32.752 
2026-06 17.642 2.216 33.067 
2026-07 5.425 0.000 22.428 
2026-08 2.874 0.000 19.915 
2026-09 1.011 0.000 18.051 
2026-10 3.054 0.000 20.095 
2026-11 8.191 0.000 25.232 
2026-12 26.096 9.055 43.136 
2027-01 24.559 7.518 41.600 
2027-02 27.536 10.495 44.576 
2027-03 31.891 14.850 48.932 
2027-04 26.848 9.807 43.889 
2027-05 18.534 1.493 35.575 
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2027-06 13.046 0.000 30.087 

 
Figure 5. Twenty-four-month rainfall forecast with 95% confidence intervals. 

 
The 24-month forecast has a mean of 16.737 mm. The highest predicted value is 31.891 mm in March 
2027, while the lowest is 1.011 mm in September 2026. The confidence intervals widen for longer 
horizons, reflecting increasing forecast uncertainty. Negative lower bounds produced by the 
Gaussian state-space prediction distribution were clipped at zero for presentation because rainfall 
cannot be negative; the clipping is a physical-display constraint and does not alter the fitted model 
or point forecast. Probabilistic forecasting frameworks emphasize the need to distinguish point 
forecasts from the full predictive distribution and its uncertainty (Gneiting & Katzfuss, 2014; Gneiting 
& Raftery, 2007). 
 

CONCLUSION 

This study established a reproducible workflow for converting reanalysis-derived rainfall 
data into a validated monthly series for the Indragiri region and for evaluating seasonal ARIMA 
models using both predictive and diagnostic criteria. The initial dataset contained 138 monthly 
records from January 2014 to June 2025. Quality control identified June 2025 as temporally 
incomplete, reducing the principal modeling sample to 137 complete months from January 2014 to 
May 2025. The rainfall series exhibits strong annual seasonality and substantial temporal 
persistence, supporting a seasonal period of 12 months. 

Among eight candidate SARIMA models, SARIMA(0,0,2)(2,1,0)[12] achieved the lowest out-
of-sample RMSE (10.356 mm) and MAE (6.976 mm). Nevertheless, the model failed the residual 
white-noise criterion, with Ljung–Box p-values below 0.001 at lags 6, 12, 18, and 24. The model 
should therefore be interpreted as a useful seasonal baseline rather than as a fully adequate 
stochastic representation of the rainfall process. Its principal strength is the reproduction of the 
dominant annual cycle; its principal weakness is the persistence of residual dependence and the 
underestimation of selected high-rainfall episodes. 

When refitted to all 137 complete months, the selected model produced a 24-month forecast 
for July 2025–June 2027 with an average of 16.737 mm. The forecast peaks at 31.891 mm in March 
2027 and reaches a minimum of 1.011 mm in September 2026. Future work should extend the 
baseline by testing richer seasonal structures, transformation-based models, benchmark methods, 
and dynamic regression with large-scale climate predictors. Independent validation against station 
observations should also be undertaken before the forecast is used for operational decision-making. 
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