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ARTICLE INFO ABSTRACT

Edited by Editor: DR B Gyampoh Ocean characteristics have contributed to a series of unusual rainfall patterns and floods, leading
to severe land degradation, loss of life and infrastructure in various regions. Modelling and

Keywords: prediction of precipitation using in-situ data and oceanographic variables is possible. There are

Precipitation limited studies to substantiate this approach in less-developed countries. This study aims to model

Transfer functions

and predict precipitation in the arid, semi-arid and sub-humid regions of South Africa using
ARIMAX models

. . dynamic linear regression (DLR) models, with sea surface temperature (SST) anomalies,
Dynamic linear regression models ) e X .
Anomalies evaporation-precipitation differences, longwave radiation (IwRad), net surface heat flux and
Time series forecasting relative humidity as input variables. The prediction accuracy of the autoregressive integrated
moving average model with extra data (ARIMAX) and dynamic distributed lag (DDL) models was
compared on the mean monthly rainfall data for the period 2008 to 2022. The results highlighted
that the DDL models predict better than the other ARIMAX models, with SST anomalies and IwRad
having a significant contribution (p-values < 0.05). These models had the smallest root mean
squared error (RMSE) values for the arid (8.27 mm), semi-arid (19.15 mm) and the sub-humid
(26.77 mm) regions, indicating that DDL models are suitable tools for the prediction of precipi-
tation in these regions. However, additional oceanographic predictors such as sea surface salinity,
ocean heat content, and upper-ocean current patterns may further enhance precipitation pre-
diction accuracy, particularly in regions with strong ocean-atmosphere coupling, such as coastal
or monsoon-influenced areas.

Introduction

Precipitation is an important factor that supports livelihoods through agricultural productivity in arid and sub-humid regions [1].
Crops and livestock depend on regular rainfall to grow and thrive [2]. However, excessive precipitation can have negative impacts,
such as flooding and landslides [3,4], damage to homes, transportation routes and other structures. In recent years, the coastal regions
of Southern Africa have experienced a series of extreme weather events in the form of heavy rainfall, flooding, and cyclones that have
caused loss of life and significant damage to infrastructure and natural landscapes [5]. The effects of persistent extreme precipitation,
changes in rainfall patterns, and their impact on climate change have become alarming concerns in most parts of the world [6]. This
triggered more research interest in determining the changes in hydrologic and climatic time series [7].
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In recent years, the prediction of monthly and seasonal rainfall has relied on three main methodological approaches. These ap-
proaches are dynamical models, statistical models, and hybrid dynamical-statistical frameworks [8]. Dynamical models, such as
coupled ocean-atmosphere systems, simulate the physical processes governing climate variability, while statistical models establish
empirical relationships between historical climate patterns and future conditions [9]. Hybrid models attempt to integrate the strengths
of both the ocean-atmosphere systems and the statistical models for improved forecast skill [10]. More recently, machine learning has
emerged as a powerful tool in climate prediction due to its ability to handle nonlinear relationships and high-dimensional data, of-
fering promising improvements in precipitation forecasting accuracy [11]. Despite these advancements, the skill of current prediction
systems in capturing South African precipitation remains limited, particularly on monthly timescales, due to the region’s complex
climatic drivers and high variability [12,13]. This study aims to contribute to addressing this gap by exploring machine learning
techniques for monthly rainfall prediction in South Africa.

Accurate precipitation predictions are essential for planning and decision-making related to agriculture (e.g. [14]), hydrology (e.g.
[11), spatial planning (e.g. [15]), natural disaster risk reduction (e.g. [5]), and the development of climate models (e.g. [3,4]). So-
phisticated weather models incorporate data from radar, satellites, and ground-based instruments to produce forecasts that are much
more accurate than those made in the past [16]. Initially, weather forecasting was costly and relied on knowledge of weather patterns,
observations of the sky and the surrounding environment to make predictions [17]. However, the use of traditional methods with
precipitation data alone might be unreliable due to several reasons, including data limitations and algorithmic inconsistencies [18].

Numerous studies apply machine learning (ML) and statistical time series analysis methods to predict rainfall. These models
include the antileakage least-squares spectral analysis (ALLSA) [19], vector autoregressive model [20], multi-layer perceptron (MLP)
neural network (NN) [21] and the autoregressive integrated moving average (ARIMA) models [22]. The findings in these studies
provide significant insights into trend-season estimates, monthly and regional precipitation forecasts. For example, the study by
Ghaderpour et al. [19] compared the ALLSA method against ML and time series forecasting methods for monthly precipitation. The
findings indicated that the ALLSA method outperformed the ML and time series methods. While various machine learning and sta-
tistical models have been used in rainfall forecasting, this study adopts a Dynamic Distributed Lag (DDL) framework due to its proven
utility in modelling lagged climatic effects and maintaining interpretability in regional hydrological applications.

In studies involving climatic data, the challenge of missing data is a common feature [3], and the Prediction and Research Moored
Array in the Tropical Atlantic (PIRATA) and Research Moored Array for African-Asian- Australian Monsoon Analysis and Prediction
(RAMA) meteorological and oceanic data are no exceptions [23,24]. However, this challenge can be mitigated by applying approaches
such as imputation [25], the use of robust statistical models for missing data in regression analysis [26], and the Bayesian Dynamic
Linear (BDL) regression model that considers regression coefficient relationships as dynamic and capable of changing over time.

Climate change has an adverse impact on the arid and semi-arid regions of South Africa [27] that are characterised by low rainfall,
high temperatures, and sparse vegetation [28]. The impacts include an increase in temperatures and rainfall variability [1]. The
uncertainty regarding the expected amount of precipitation is a persistent challenge for farmers, policymakers, and planners [29],
making it difficult for these groups to effectively plan and prepare for future agricultural activities. Therefore, rainfall prediction is
crucial for the generation of information needed for future planning and the sustainability of agricultural systems in these regions. This
study used PIRATA and RAMA observations to generate precipitation prediction models for the arid, semi-arid and sub-humid regions
of South Africa. The specific objectives of the study were to (i) fit the dynamic linear regression (DLR) model for precipitation
(mm/month) in each of the three regions based on sea surface temperature anomalies (anom), evaporation minus precipitation (emp),
longwave radiation (IwRad), net surface heat flux (gnet) and relative humidity (rh), and (ii) compare the prediction accuracy of the
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Fig. 1. The Prediction and Research Moored Array in the Tropical Atlantic (PIRATA) and Research Moored Array for African-Asian-Australian
Monsoon Analysis and Prediction (RAMA) locations.
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fitted models when predicting monthly average precipitation in these regions.
Methodology

The data generated from the oceanographic multi-satellite weather stations is useful for the prediction of inland rainfall, which
directly affects agricultural and other economic activities [30]. Once established, precipitation forecasts can be generated for the
interpretation of rainfall patterns and their effects in the targeted regions.

Data

The use of PIRATA and RAMA meteorological and oceanographic moored buoy networks provides continuous, basin-scale time
series data in both the Atlantic and Indian Oceans for climate study and forecasting [31]. Oceanographic factors such as anom, emp,
IwRad, gnet and rh from the PIRATA and RAMA stations (see location plots on Fig. 1) were explored for the prediction of precipitation.
These factors were selected for their relevance to ocean-atmosphere interactions and climate variability, as they influence surface
temperature, convection, moisture balance and energy exchange [32,33]. This is attributed to their ability to affect the Earth’s climate
and weather patterns. A study by Fontaine et al. [32] established that there is a synchronous relationship between rainfall anomalies
over some parts of North Africa and the thermal contrasts (sea surface temperature differences) between the Mediterranean Sea and the
Indian Ocean. At this moment, climate services to forecast precipitation using statistical methods in arid and semi-arid regions of South
Africa are still limited.

Previous studies have used the PIRATA and RAMA global moored buoys’ observations to validate the accuracy of wind data [33,
34], compare with satellite-derived precipitation datasets [35] and validate Sea surface salinity (SSS) measurements retrieved from
SMAP radiometer [36]. Similarly, studies have used observations from PIRATA and RAMA global moored buoys to monitor and
forecast precipitation. For example, the study by Prakash et al. [37], which used multi-satellite data from the PIRATA and RAMA ocean
buoys between 1998 and 2010, indicated that the ocean buoys offer precise measurements of precipitation, enhanced by 5 to 9 % over
oceanic and mountainous regions. Similarly, Bowman et al. [38] compared various satellite-based algorithms used for estimating rain
rate with data from ocean buoy rain gauges, including the PIRATA buoy network, to validate the accuracy of the estimations. The
results from the study indicated that there is little difference between the biases of the satellite rain algorithms with the data obtained
from the PIRATA stations. Wu & Wang [35] used the PIRATA and RAMA data to evaluate the accuracy of the satellite precipitation
data. Additionally, the study took note of the biases of the various observational systems used. The results highlighted the differences
between the satellite datasets and data from the ocean buoys. Despite the successes in showing differences between data from the
ocean buoys and satellite data, it is unclear whether data from PIRATA and RAMA can be used to predict precipitation in arid and
sub-humid regions.

The oceanographic and surface meteorological data collected from 2008 to 2022 at some of the PIRATA and the RAMA locations,
operated by the Tropical Atmosphere Ocean (TAO) Project Office of the National Oceanic and Atmospheric Administration (NOAA/
PMEL) in America, provide the oceanographic variables. The datasets were publicly available from the NOAA Pacific Marine Envi-
ronmental Laboratory (PMEL) at https://www.pmel.noaa.gov/tao/drupal/disdel/. The datasets were obtained from mooring stations
in the tropical oceans south of the equator, primarily between 0°S to 15°S and spanning longitudes of 10°W to 35°W (PIRATA, Atlantic
Ocean) and 55°E to 80°E (RAMA, Indian Ocean). These datasets were investigated for their influence on the precipitation variability in
three identified regions of South Africa. Fig. 1 shows the PIRATA and RAMA locations used in this study.
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Fig. 2. Aridity zones of South Africa.
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The oceanographic variables considered for this study include the Atlantic and Indian oceans sea surface temperature anomalies,
the evaporation-precipitation differences, IwRad, net surface heat flux and the relative humidity. The rainfall (mm/month) data were
retrieved from a long-term satellite climatic project using the Tropical Rainfall Measuring Mission (TRMM), for the period 2008 to
2022. The data were averaged at the regional level for each climatic zone - arid, semi-arid, and sub-humid, using a spatial resolution of
25 km x 25 km. Models were calibrated separately for each zone to account for climatic variability. Fig. 2 shows the arid, semi-arid and
sub-humid regions of South Africa that receive different amounts of annual precipitation.

Analytical methods

To determine which variables to include in the models, we applied two diagnostic procedures to justify the inclusion of anom, emp,
IwRad, gnet and rh as predictors in the DDL models. First, multicollinearity was assessed using the Variance Inflation Factor (VIF), with
all values below 2.2, indicating acceptable levels. Second, Granger causality tests (lag = 6) were performed to evaluate the temporal
predictive relevance of each predictor for three precipitation regimes (arid, semi-arid and sub-humid precipitation) over time. The
results showed that all predictors significantly Granger-caused each dependent variable (all p-values < 0.05), confirming that they
contribute valuable forecasting information. Together, these tests provide statistical justification for the inclusion of the chosen
predictors in the subsequent forecasting models.

To explore the influence of oceanographic variables (anom, emp, IwRad, gnet, and rh) on inland precipitation, DLR models were
used. We selected distributed dynamic linear regression (DDLR) to model monthly regional rainfall due to its balance of interpret-
ability, computational efficiency and ability to account for both autocorrelation and delayed effects of predictors. DDL models are
particularly suited to hydrological and climate time series, where environmental drivers exert influence over varying temporal lags.
This approach also supports transparent interpretation of lag-specific relationships, aiding scientific communication and policy
relevance. Unlike complex nonlinear and other black-box models such as long short-term memory (LSTM) networks or support vector
regression (SVR), DDL provides a transparent framework in which the time-varying effects of predictors can be directly interpreted.
This feature is especially valuable in climate data, where understanding the short-term and long-range dependence features of the
errors, evolving relationships between covariates, and the target variable, is essential [39]. Moreover, DDL’s linear structure allows for
efficient computation, significantly lower computational overhead and simpler tuning and straightforward distribution across multiple
nodes, making it well-suited to our oceanographic data from different environments [39,40]. The proposed models form part of the
resources needed for water management and other economic activities that rely on weather forecasts.

Prediction models

We considered DLR models that predict regional precipitation using the oceanographic factors as exogenous variables. The
autoregressive integrated moving average (ARIMA) model with extra data (X), commonly known as the ARIMAX model, is a special
case of the dynamic linear regression models, which is a class of linear regression models that essentially generate better forecasts than
the traditional regression models. The ARIMAX model is expressed as a combination of a structural equation and a disturbance time
series model given as:

ye=Xp+n, )}
@(B)®(B)A?AZy, = 6(B)O(B)ay, 2

where model (1) is a structural equation that predicts the response, y;, using the current set of predictors, X;, and the noise process, 7,,
which describes the unexplained part of y;; and model (2) is a noise (or disturbance) model with white-noise error terms, i.e., a; ~ i.
i.d. N(0, 6®). The ARIMAX model fuses a linear regression model (1) of order k with the ARIMA(p,d,q) x (P,D,Q)g noise or distur-
bance model (2), where:

&(B)=1- ®B— &,B> — ... — ®,B;
®(B) =1—®B5 — ®,B* — ... — ®pB";
0(B)=1—6:B—6,B* — ... — 9,B

®(B) =1—-0,B° — 0,B% — ... — ©4B%,

are the non-seasonal, @(B), and seasonal, ®(B), autoregressive components; non-seasonal, (B), and seasonal ©(B), moving average
components that are expressed as backshift operator functions of the autocorrelation and moving-average parameters. The noise
process can be expanded and expressed as

P q
n = Zf)iﬂt—i + Zejatﬂ' +a, 3
o1 )

where some of the coefficients p; and 6; are allowed to be zero [41]. Thus, the ARIMAX model, written as a single model,
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where the p;’s and some of the ¢;’s are constrained to zero results in the basic DLR model (i.e., the ARIMAX model), whereas if the p;’s
and some of the ¢;’s are allowed to be non-zero, and other DLR forecasts emerge [41].
Considering the intrinsic temporal component of the response and predictor variables involved, DLR models are widely known

procedures for modelling the linear dependence between a stochastic response, Y;, and a set of k covariates, X; = (XED ,Xiz), e Xﬁk)), a
collection of competing candidates for predictors in times less than t [42]. Thus, the ARIMAX model (1) is modified and expressed as
Y= Xt—ipﬁ + 1 5)

wherei>0,p =1,2, ..., k, and 5, ~ ARIMA(p,d,q) x (P,D,Q)s.

Other variations of DLR models would include the autoregressive (AR) structure or lagged effects of the response (yH-) in the
ARIMAX model to predict the current value y,;. In general, different types of DLR models exist from the numerous forms of parameter
structure (parameter or transfer functions), of which the ARIMAX models are special cases, used to determine the effect of the covariate
on the response [43,44]. The parameter structure that incorporates the lagged version of both the response and the predictor variables
is called the dynamic distributed lag (DDL). A DDL model with p lags of the dependent variable and q lags of the independent variable,
also known as the Autoregressive Distributed Lag (ARDL) model, is expressed as

) q
Ye=Po+ Zdjf)’z—i + Zﬂjxt—j + 1, (6)
i1 =0

where ¢;y;_; are the weighted lagged dependent variable terms, and the other variables are as defined in Eq. (5). This study explores
the linear dependence between the response (regional precipitation) and the covariate (oceanographic factors) through DDL models
that involve some autoregressive structure (time lags ranging from 1 to 6 months) of both the response, Y;, and the predictors, X;.

A comparison of all the possible models for predicting precipitation in the three regions was performed. The DLR models were
generated by the automatic forecasting function, auto.arima(), implemented in the Comprehensive R Archive Network (CRAN)
package, forecast, which uses the Hyndman-Khandakar algorithm [45]. The R package, dynlm [46], was used as an additional tool to fit
the DLR models and provide a means to identify other parameters for possible inclusion in the exogenous set of the DLR models. The
best DLR model to estimate rainfall in each region was determined based on Akaike’s information criterion (AIC) approach in sync with
the error measures, Mean Absolute Error (MAE), and the Root Mean Squared Error (RMSE).

Model fit tests

The Ljung-Box test [47] was used to test for the existence of significant autocorrelations in the residuals of the fitted disturbance
ARIMA(p,d,q) x (P,D,Q)g model based on the following hypotheses:

Hj : The residuals from the ARIMA (p, d, q) x (P,D,Q)g model have no autocorrelation. against

H; : The residuals from the ARIMA (p, d, q) x (P,D,Q)s model have autocorrelation.

Under Hy, the test statistic,

v ~2
Q=n(n+2) Pk , @
— n—k

where n is the sample size, py is the sample autocorrelation at lag k, and v is the number of lags under consideration, follows the Chi-
Square (y2) distribution, with v degrees of freedom. We reject Hy when Q exceeds the critical value y2(1 — a), or equivalently, when
the p-value is less than «a level of significance.

Cross-Correlation function (CCF)

The CCF of the response variable (precipitation) and the lagged predictor variables was examined to identify the candidate pre-
dictors for the DLR model. A general guide that was used is that a correlation greater than or equal to 3.0 is considered significant at
any particular time lag of the predictor variable.

Validation approach

To evaluate the performance of the selected time series models, a resampling procedure known as the rolling-origin cross-validation
(ROCV) method was proposed [48]. The ROCV technique is particularly appropriate for time series data with serial autocorrelation, as
it accounts for the temporal dependencies inherent in such data [49]. This addresses a key limitation of traditional cross-validation
methods, which assume that all observations are independent and identically distributed (i.i.d.). Given the temporal dependency
inherent in time series data, the ROCV technique was employed to preserve the serial autocorrelation structure. The dataset was
partitioned into training and testing sets in an approximately 70:30 ratio, respectively. Model performance was assessed using RMSE,
MAE, and the Symmetric Mean Absolute Percentage Error (SMAPE), a scale-independent measure. These metrics were computed on
the test dataset covering the period from October 2018 through September 2022, derived through rolling-origin cross-validation to
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ensure temporal integrity of the evaluation. The SMAPE between forecast values, Y;, and actual values, y;, over n time periods is
calculated as:

100% % - ly: — ¥l

yel)/2 8
=1 (lyel + 1yel) /2 (€))

SMAPE =

SMAPE values typically range between 0 % and 200 %, where a lower value indicates better predictive performance of the model. For
example, SMAPE values between 0 % and 100 % are commonly considered as practical forecasting.

Results

Fig. 3 displays the rainfall distribution in the arid, semi-arid and sub-humid regions of South Africa. The semi-arid and sub-humid
regions portray almost similar rainfall patterns, although some records of rainfall amount above 150 mm were observed in certain
months in the sub-humid region (Fig. 3).

Stationarity is an important aspect of time series analysis, especially when modelling autocorrelation in hydrology and climate data
[7]1. In simple terms, a time series is considered stationary when it has a constant mean and an autocorrelation function that does not
depend on the time lag [50]. It is, therefore, crucial to test for stationarity in both the response and each of the predictor variables
before fitting a DLR model to the time series data. Table 1 displays the results from the Kwiatkowski-Phillips—Schmidt-Shin (KPSS)
unit root test for stationarity of the arid, semi-arid and sub-humid precipitation data, and the associated oceanographic variables
(anom, emp, wRad, gnet and rh).

In all the time series stationarity tests, the KPSS tests produced test-statistic values that do not exceed the critical values. Therefore,
stationarity was confirmed in the time series data sets.

Correlations with precipitation

To identify some relatively simple regression structures for modelling precipitation in the three regions, the CCF, which is a set of
correlations between the response (precipitation, y;) and the lagged predictors x,.x, for k =0,£1,+2, ..., was considered. We focus on
leading x-variables (i.e., with k negative in one or more x;.x,) since we use these past observations to predict future values of the
response variable, y;. Table 2 displays the correlation coefficients between precipitation and lagged oceanographic factors.

The variable ‘anom’ had some significant correlation values with the precipitation in the arid region (at lagsk = — 2, — 3, — 4, — 8,
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Fig. 3. Precipitation time series in arid, semi-arid and subhumid regions.
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Table 1
Kwiatkowski-Phillips-Schmidt-Shin (KPSS) unit root test for stationarity.
Variable Test statistic Critical values
o = 0.05 o =0.01
Arid precipitation 0.12 0.46 0.74
Semi-arid precipitation 0.05 0.46 0.74
Sub-humid precipitation 0.07 0.46 0.74
anom 0.04 0.46 0.74
emp 0.45 0.46 0.74
IwRad 0.22 0.46 0.74
qnet 0.05 0.46 0.74
th 0.19 0.46 0.74
—9), semi-arid region (atlagsk = — 1,..., — 4, — 7, — 8, — 9) and the sub-humid region (atlagsk = — 1, — 2, — 3, — 7, — 8). The
variable ‘emp’ had non-significant correlation values with the precipitation in the arid and semi-arid regions, and two significant
correlation values in the sub-humid region (atlags k = — 6, and — 7). Several significant correlation values between the response and
the variable IwRad were observed, with the highest r = — 0.64 at lag k = —3 in the semi-arid and (r = — 0.67) at lag k = —2 in the

subhumid region. Moderate to low correlation values between the response and rh were detected, with the max (— 0.50) at lagk = —7
in the semi-arid region.

Models of predicting precipitation for the arid region

Table 3 displays the estimated coefficients, model fit and error measures for the ARIMAX model, with ARIMA(2,1,1)(0,0,1)[12]
errors in the noise model, and the DDL model for the prediction of precipitation in the arid region.

The Ljung-Box test for the autocorrelation of the error terms for the ARIMAX model had a p-value of 0.3324 for the test statistic Q =
24.29, whereas for the DLR model, the Breusch-Godfrey (BG) test for serial correlation had a p-value of 0.08 for the test statistic Q =
34.53 on 24 degrees of freedom. Since the p-values for the two tests are both greater than the significance level (¢ = 0.05), a good
model fit is confirmed. Based on AIC and error measures displayed in Table 3, the ARIMAX model had a better model fit (lower AIC,
MAE and RMSE values) than the DLR model.

The DLR model in Table 3 suggests that the current sea surface temperature anomalies [L(anom, 0:5)0] and lagged longwave
radiation [L(lwrad, 0:5)3] have a significant influence on the rainfall received by the arid region. Combining the significant effects
from the DLR and the ARIMAX models in Table 3, the updated DDL model (see Egs. (9) and (10), in the Supplementary Document),
with additional coefficients in the covariate and ARIMA(2,0,0) errors for the prediction of precipitation in the arid region, was fitted.

The previous month’s precipitation (y;_1), current and previous months’ anomalies, current and lagged IwRad observations
contribute significantly (p-values < 0.05) to the prediction of the current precipitation in the arid region. The Ljung-Box test for the
autocorrelation of the error terms from the DDL model (10) produced a p-value of 0.59 for the test statistic Q = 19.93 on 22 degrees of
freedom. Since the p-value (0.59) is greater than the significance level (¢ = 0.05), the fitted model fits the data well and compares
better (lower AIC = 1123.83 and RMSE = 8.26) than the first two summarised in Table 3. All the oceanographic variables in the
covariate, except for relative humidity (rh), have a significant influence (p-values < 0.05) on the prediction of precipitation received in

Table 2

Cross-Correlation Function (CCF) of precipitation and the predictors.
Arid

Lag (k)

Variable 0 -1 -2 -3 -4 -5 -6 -7 -8 -9 -10 -11 -12
anom —0.12 0.22 0.45 0.55 0.47 0.25 —0.04 —0.23 —0.30 —0.36 —0.31 —0.22 —0.07
emp —0.14 —0.22 —0.24 —0.21 —0.10 0.08 0.21 0.22 0.24 0.21 —0.05 —0.09 -0.17
IwRad 0.27 —0.05 —0.30 —0.54 —0.54 —0.34 —0.06 0.20 0.33 0.42 0.38 0.35 0.22
rh 0.23 0.37 0.40 0.33 0.28 0.07 —0.13 -0.33 -0.37 —0.21 —0.05 0.13 0.23
Semi-Arid
anom 0.16 0.47 0.62 0.59 0.36 0.03 -0.27 —0.48 —0.53 —0.49 —0.33 —0.08 0.17
emp —-0.25 —0.28 —0.24 -0.19 —0.01 0.18 0.28 0.31 0.25 0.15 —-0.07 —-0.20 -0.27
IwRad —0.01 -0.37 —0.58 —0.64 —0.52 —0.24 0.12 0.40 0.57 0.60 0.50 0.28 —0.01
rh 0.36 0.45 0.40 0.25 0.06 —0.20 —0.39 —0.50 —0.42 —0.24 —0.01 0.24 0.37
Sub-humid
anom 0.29 0.53 0.59 0.46 0.18 -0.13 -0.37 —0.53 —0.54 —0.47 -0.27 0.04 0.35
emp -0.29 -0.29 —0.20 —0.09 —0.06 0.23 0.33 0.33 0.15 0.09 —0.15 —0.25 -0.29
IwRad -0.19 —0.51 —0.67 —0.59 —-0.40 —-0.09 0.24 0.48 0.61 0.61 0.47 0.15 —0.18
rh 0.44 0.47 0.40 0.21 —0.06 —-0.26 —0.42 -0.41 -0.29 —-012 0.11 0.33 0.45

Correlation is considered significant if |r| > 0.3.
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Table 3
Models for the prediction of precipitation in the arid region.
ARIMAX Model DDL Model
Coeff Estimate S.E P-value Coeff Estimate S.E P-value
mal —0.94 0.07 <0.001* Intercept —29.76 30.73 0.335
smal 0.18 0.10 0.008* L(arid, 1) —0.86 0.08 0.074
anom 0.25 0.87 0.773 L(anom, 0:5)0 —-2.72 1.12 0.016*
emp 2.73 15.72 0.862 L(anom, 0:5)1 3.08 1.37 0.256
IwRad 0.45 0.11 <0.001* L(lwRad, 0:5)0 0.23 0.12 0.056
qnet 0.09 0.02 <0.001* L(lwRad, 0:5)3 —-0.35 0.12 0.005*
L(lwRad, 0:5)4 -0.29 0.18 0.104
L(lwRad, 0:5)5 0.26 0.14 0.057
L(rh, 0:5)0 0.54 0.28 0.058
Model Fit Error Measures Model Fit Error Measures
AIC 1241.89 MAE 7.23 AIC 1283.44 MAE 13.03
BIC 1263.72 RMSE 9.46 BIC 1288.06 RMSE 15.99

“** Significant at « = 0.05. L(variable, n) represents the variable at time lag n.
Note: ‘mal’is the first-order MA, ‘smarl’ is the seasonal moving average term of order 1.

the arid region.

Fig. 4 shows the 12-step-ahead monthly precipitation forecasts around the forecast curve. There is a consistent pattern in the
forecasts for the observed rainfall amounts. The correlation between the observed rainfall values in the arid region and the values from
the fitted model was 0.70, which suggests that the updated model better aligns with observed values. This is an indication that the
estimated model is performing well in predicting precipitation in the region.

The forecast errors (MAE = 6.18, RMSE = 8.26) obtained from the updated model for the prediction of precipitation in the arid
region were comparable to the hold-out cross-validation error measures (MAE = 2.51, RMSE = 10.50). The forecast errors are slightly
above those of the training set, as expected. Thus, the model predicts well on unseen data.

Models for the prediction of precipitation in the semi-arid region

The coefficients, model fit, and error measures of the estimated ARIMAX model, with ARIMA(0,0,0)(2,1,0)[12] errors in the noise
model, and the DDL models for predicting rainfall in the semi-arid region are summarised in Table 4.

Based on the AIC and error measures displayed in Table 4, the DDL model, with time lags (1, 2, 5, 6, 12) on semi-arid region
precipitation (sarid), time lags 2 on the anom and lwrad, predicts semi-arid rainfall better than the ARIMAX model. In both models,
anom and emp seem to have no significant influence on the rainfall amount in this region (p-values > a (0.05)).

The significant coefficients in the DDL model (Table 4) were used to update the ARIMAX model since, by the time of writing, the
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Fig. 4. Forecast plot of the precipitation in the arid region. The black and red curves represent the observed and the fitted precipitation values,
respectively. The blue curve represents the 12-month-ahead forecasts, and the grey-shaded areas are the 80 % and 95 % confidence intervals of
the forecasts.



L. Chaka et al. Scientific African 29 (2025) 02924

Table 4
Models for the prediction of precipitation in the semi-arid region.
ARIMAX Model DDL Model
Coeff Estimate S.E P-value Coeff Estimate S.E P-value
sarl —0.52 0.07 < 0.001* Intercept 51.82 16.71 0.002*
sar2 —0.51 0.07 < 0.001* L(sarid, 1:2)1 0.21 0.08 0.008*
anom —0.86 1.64 0.602 L(sarid, 1:2)2 0.11 0.07 0.122
emp 43.69 29.16 0.132 L(sarid, 5:6)5 -0.17 0.07 0.024*
L(sarid, 5:6)6 —0.09 0.08 0.289
L(sarid, 12) 0.19 0.08 0.021*
L(anom, 2) 2.76 1.88 0.144
L(IwRad, 2) —-0.59 0.26 0.026*
Model Fit Error Measures Model Fit Error Measures
AIC 1412.13 MAE 14.14 AIC 1395.45 MAE 13.46
BIC 1427.37 RMSE 20.29 BIC 1422.90 RMSE 17.03

“* Significant at « = 0.05. L(variable, n) represents the variable at time lag n.
Note: ‘sarl’ is the seasonal autoregressive term of order 1,.
‘sar2’ is the seasonal autoregressive term of order 2.

dynlm procedure could not provide a prediction procedure [46]. The updated model, with ARIMA(0,0,2)(2,0,0)[12] errors (see Egs. 11
and 12, Supplementary document), was fitted for the prediction of the current precipitation (y;) in the semi-arid region. The moving
average error terms and the seasonal autoregressive (lag2) error terms in model (12), the previous semi-arid precipitation observations
(lags 1 and 2), anom (lag 2) and lwRad (lag 2) in model (11) had significant influence (p-values < 0.05) in the prediction of pre-
cipitation in the semi-arid region. The rest of the terms had insignificant effects (p-values > 0.05). The Ljung-Box test for the auto-
correlation of the error terms from the fitted model (11) produced a p-value of 0.86 for the test statistic Q = 13.44 on 20 degrees of
freedom. Since the p-value (0.86) is greater than the significance level (@ = 0.05), the fitted model fits the data well and compares
better (lower AIC = 1390.37 and RMSE = 19.15) than the first two, summarised in Table 4.

Fig. 5 portrays the 12-step-ahead monthly precipitation forecasts (blue curve) and the 80 % and 95 % confidence intervals (grey
and blue shaded areas, respectively) around the forecast curve of the fitted model (11). There is a relatively consistent pattern of the
forecasts with respect to the original observations. The correlation between the observed rainfall values and the fitted values from the
semi-arid rainfall data was 0.82, indicating a strong positive linear relationship. This suggests the model effectively captures the
overall trend and variability in the semi-arid precipitation data. This further confirms that the proposed model (11) is performing and
predicting the precipitation in this region very well.

The forecast errors (MAE = 14.22, RMSE = 18.85) obtained from the fitted model for the semi-arid region precipitation are
comparable to the hold-out cross-validation error measures (MAE = 17.71, RMSE = 22.88), which are slightly above those of the
training set, as expected. Thus, the fitted model predicts well on unseen data.
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Fig. 5. Forecast plot of precipitation in the semi-arid region. The black and red curves represent the observed and the fitted precipitation values,
respectively. The blue curve represents the 12-month-ahead forecasts, and the grey-shaded areas are the 80 % and 95 % confidence intervals of
the forecasts.
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Models for the prediction of precipitation in the sub-humid region

Similarly, the DLR models for estimating and predicting rainfall in the sub-humid region were compared. Table 5 displays the
coefficients, standard errors and model fit measures for the estimated ARIMAX model, with ARIMA(0,0,0)(2,1,1)[12] errors, and the
DDL model in the noise model for rainfall prediction in the sub-humid region. The ARIMAX model consists of the sea surface anomalies
(anom) as the only exogenous input variable whose disturbance model is made up of the seasonal autocorrelation (lag 2) and seasonal
moving averages (lag 1) terms, and with white-noise errors. On the other hand, the DDL model showed significant prediction effects
from the previous longwave radiation (IwRad, 2) observation (lag 2) and the past observations (lags 1 and 5) of precipitation (shumid)
in the sub-humid region.

The Ljung-Box test for the autocorrelation of the error terms for the ARIMAX model had a p-value of 0.60 for the test statistic Q =
18.74, whereas the Breusch-Godfrey (BG) test for serial correlation had a p-value of 0.83 for the test statistic Q = 17.47 for the DLR
model. Since the p-values for the two tests are greater than the significance level (¢« = 0.05), a good model fit is confirmed. Although
the AIC and error measures displayed in Table 5 are a bit too high, the ARIMAX model looks better (lower AIC, MAE and RMSE values)
than the DDL model in this case. With non-significant seasonal autoregressive and significant moving average effects of the error terms,
the sea surface temperature anomalies seem to have a significant negative influence on the rainfall amount in this region.

Using the significant effects of the DLR models summarised in Table 5, the DDL, with ARIMA(0,0,1) errors, for precipitation
prediction in the sub-humid region was fitted (see Egs. 13 and 14, Supplementary document). All the parameters of the fitted model
(13-14) had a significant influence (p-values < 0.05) in the prediction of precipitation in the sub-humid region. The Ljung-Box test for
the autocorrelation of the ARIMA(0,0,1) error terms from the updated model (13) produced a p-value of 0.51 for the test statistic Q
= 22.19 on 23 degrees of freedom. Since the p-value (0.51) is greater than the significance level (@ = 0.05), the fitted model fits the
data well and shows a slight improvement (lower AIC = 1467.23) from the competing models displayed in Table 5. The updated model
(13-14) relies on the previous observations of sea surface temperature anomalies (lag 5), longwave radiation (lag 2) and sub-humid
rainfall (lags 1 and 5) for the prediction of the current precipitation in the region.

Fig. 6 portrays the 12-step-ahead monthly precipitation forecasts and their respective 80 % and 95 % confidence intervals
generated by the DDL model in the sub-humid region. Relative to the original monthly rainfall observations in this region, there is
consistency in the forecasts generated by the fitted model, as suggested by a high positive correlation of 0.78. This confirms that the
proposed model is performing well in the prediction of monthly rainfall in this region.

The forecast errors (MAE = 20.53, RMSE = 25.77) obtained from the updated DDL model (10) for the prediction of precipitation in
the sub-humid region were comparable to the hold-out cross-validation error measures (MAE = 21.53, RMSE = 26.77), which are
slightly above those of the training set, as expected. This confirms that the fitted model predicts well on unseen data.

To assess forecast performance, we employed rolling-origin cross-validation for each regional rainfall model (semi-arid, arid, sub-
humid). Model accuracy was evaluated using the error-based metrics, RMSE, MAE, and sMAPE. Results are summarised in Table 6.

The sub-humid model had the lowest SMAPE (38.11 %), suggesting the most consistent relative accuracy. The arid model had the
lowest absolute errors (RMSE = 8.77, MAE = 6.82), reflecting tight forecast accuracy on a smaller scale. The semi-arid model per-
formed moderately, with mid-range error metrics but higher sMAPE (64.74 %). Among the three models, the sub-humid region model
demonstrated the lowest relative error (SMAPE = 38.11 %), suggesting higher proportional accuracy despite a higher RMSE due to
greater rainfall variability. The arid model achieved the lowest absolute error (RMSE = 8.77, MAE = 6.82), while the semi-arid model
showed intermediate performance, with RMSE = 22.31 and sMAPE = 64.74 %. These results highlight regional variability in model
predictability and the influence of seasonal dynamics on forecast precision.

Discussion

Regional rainfall prediction has long faced significant limitations due to data availability and model resolution, challenges that

Table 5
Models for the prediction of precipitation in the sub-humid region.
ARIMAX model DDL model
Coeff Estimate S.E P-value Coeff Estimate S.E P-value
sal -0.17 0.23 0.464 Intercept 143.65 14.89 < 0.001*
sar2 —0.09 0.19 0.623 L(shumid, 1) 0.27 0.07 < 0.001*
smal —0.68 0.24 0.004* L(shumid, 5) —-0.18 0.07 0.007*
xreg —4.69 2.29 0.040* L(anom, 5) —0.53 1.76 0.763
L(IwRad, 2) —-1.63 0.29 < 0.001*

Model Fit Error Measures Model Fit Error Measures
AIC 1469.61 MAE 18.19 AIC 1532.10 MAE 25.07
BIC 1484.86 RMSE 24.19 BIC 1550.66 RMSE 33.16

“** Significant at « = 0.05. L(variable, n) represents the variable at time lag n.
Note: ‘sarl’ is the seasonal autoregressive term of order 1,.

‘sar2’ is the seasonal autoregressive term of order 2.

‘smarl’ is the seasonal moving average term of order 1.
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Fig. 6. Forecast plot of precipitation in the sub-humid region. The black and red curves represent the observed and the fitted precipitation values,
respectively. The blue curve represents the 12-month-ahead forecasts, and the grey-shaded areas are the 80 % and 95 % confidence intervals of
the forecasts.

Table 6

Models for the prediction of precipitation in the South African regions.
Region RMSE MAE SMAPE (%)
Semi-arid 22.31 17.35 64.74
Arid 8.77 6.82 60.27
Sub-humid 26.78 20.50 38.11

climate change has exacerbated by introducing greater variability and extremes. Recent advancements in modelling techniques, such
as ML, present new opportunities for improving accuracy and understanding the impacts on agriculture and water resources. Recent
advances in modelling techniques, such as ML, present new opportunities to improve accuracy and understanding of the impacts on
agriculture and water resources [51]. Analysis of rainfall distribution across the arid, semi-arid, and sub-humid regions reveals clear
climatic gradients, with the arid zone consistently receiving the lowest monthly precipitation. Rainfall distribution patterns align with
findings from previous studies [52,53], showing similar seasonal trends in semi-arid and sub-humid regions. However, occasional
monthly totals above 150 mm in the sub-humid zone, as also reported by previous research studies [54,55], point to localised climatic
events influencing precipitation variability. Although rare, these sudden heavy rainfall events show how unpredictable sub-humid
climates can be, and emphasise the need for location-specific monitoring to detect such anomalies.

Comparison of dynamic linear regression (DLR) models

The cross-correlation analysis revealed significant relationships between precipitation and lagged oceanographic variables, with
notable variations across different climatic regions. In particular, the variable ‘anom’ exhibited strong correlations (|r| > 0.3) in
multiple lags in arid, semi-arid, and sub-humid regions, suggesting its potential as a key predictor of precipitation variability. This
aligns with the findings of Aryee et al. [56], who demonstrated that sea surface temperature (SST) anomalies significantly influence
rainfall patterns in tropical and subtropical regions. The highest negative correlations for longwave radiation (IwRad) were r = —0.64
and —0.67 in semi-arid and sub-humid regions, respectively. This indicated that lwRad from the air plays a critical role in modulating
convective activity, consistent with studies linking reduced IwRad to enhanced cloud cover and precipitation [57,58]. Meanwhile,
‘emp’ showed limited predictive power, except in the sub-humid region, possibly due to regional differences in moisture flux dynamics.
The moderate correlations with ‘rh’ further support the influence of atmospheric moisture on precipitation, particularly in semi-arid
zones, as observed in similar climatic studies [59,60]. These findings highlight the importance of region-specific lagged predictors in
precipitation modelling, offering valuable information to improve seasonal forecasting in vulnerable ecosystems.

Model accuracy in predicting monthly average precipitation

The ARIMAX and DDL models demonstrated strong predictive performance for precipitation in the arid region, with the ARIMAX
model outperforming the DDL model. In particular, lwRad and gnet were significant predictors (p < 0.001), aligning with studies that
highlight radiative forcing as a key driver of convective rainfall in arid zones [61]. The DDL model further revealed that lagged SST
anomalies (anom) and IwRad (lags 3 and 5) significantly influenced precipitation, consistent with findings by Ogwang et al. [62], who
identified SST anomalies as critical for modulating moisture convergence in drylands. The high correlation (r = 0.70) between
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observed and fitted values, along with low forecast errors (MAE = 6.18, RMSE = 8.26), underscores the reliability of the model for
seasonal forecasting in water-scarce regions.

In the semi-arid region, the DDL model outperformed the ARIMAX model, with lagged precipitation (lags 1, 2, 5, 6, 12) and lwRad
(lag 2) being significant predictors (p < 0.05). The strong seasonal autoregressive effects (SAR1, SAR2) suggest persistent intra-annual
rainfall patterns, corroborating research by Nkiaka et al. [63] on the role of land-atmosphere feedbacks in semi-arid climates. How-
ever, unlike the arid region, the anomalies of the SST (anom) did not show a significant influence, possibly due to the greater
dependence on localised moisture recycling in the region [64]. The high correlation (r = 0.82) between observed and predicted values
indicates robust model performance, although the higher sSMAPE (64.74 %) suggests challenges in capturing extreme rainfall vari-
ability, a known limitation in semi-arid forecasting [65].

For the sub-humid region, the ARIMAX model performed better than the DDL model, with SST anomalies (anom) exerting a sig-
nificant negative influence (p = 0.04). This aligns with studies linking warmer SSTs to suppressed convection in humid tropics [66,67].
The DDL model highlighted the importance of lagged IwRad (lag 2) and precipitation (lags 1 and 5), suggesting strong moisture
retention and memory effects in sub-humid ecosystems [60]. Despite higher absolute errors (RMSE = 25.77), the model achieved the
lowest SMAPE (38.11 %), indicating superior relative accuracy, which is a critical metric for high-rainfall regions where absolute errors
scale with precipitation magnitude [68]. The correlation (r = 0.78) further validates the utility of the model for operational forecasting
in sub-humid zones.

Importance of the study

The research findings emphasise the urgent need for South Africa to develop effective adaptation strategies in response to projected
changes in precipitation patterns. Priority should be given to strategies that improve water resource management, promote climate-
resilient agricultural practices, strengthen public health infrastructure, and build climate-resilient infrastructure [69]. Following the
implementation of these measures, South Africa can proactively address the challenges posed by changing precipitation patterns and
ensure the sustainability and resilience of its socio-economic and ecological systems.

Additionally, the study highlights the significant influence of oceanographic factors on the monthly average precipitation in the
arid, semi-arid, and sub-humid regions of South Africa [70]. Integrating and understanding these oceanographic factors within climate
models and forecasting systems can greatly enhance the precision of precipitation predictions and provide valuable information for
adaptive decision-making. These findings have crucial implications for multiple sectors within the country, including agriculture and
socio-economic growth. Leveraging the improved understanding of oceanographic influences on precipitation, policymakers and
stakeholders can devise targeted strategies to mitigate food insecurity, improve agricultural practices, and promote economic
development. South Africa can advance sustainable development practices and effectively address the challenges posed by evolving
precipitation dynamics by aligning adaptation efforts with the insights derived from this study.

Furthermore, the findings of this study offer concrete pathways to strengthen climate adaptation efforts in South Africa. This
research provides direct support for farmers in key agricultural regions like the Free State, enabling them to optimise planting cycles
and irrigation strategies in anticipation of dry spells by converting monthly rainfall forecasts into actionable tools. In flood-vulnerable
urban centres such as eThekwini, these predictions could improve preparedness for extreme rainfall events through targeted infra-
structure planning. At the policy level, more reliable seasonal projections are expected to improve the implementation of the National
Water and Sanitation Master Plan through data-driven water allocation decisions. The potential of the prediction model extends
beyond South Africa, with applications possible in the climate-variable regions of southern Africa. However, realising this potential
requires ongoing refinement to minimise predictive uncertainties and greater collaboration between researchers and local stake-
holders. Nowhere is this need more pressing than in the arid and semi-arid zones of South Africa, where changing precipitation
patterns increasingly jeopardise water security and agricultural stability. This work ultimately demonstrates how climate science,
when properly integrated with governance systems and community knowledge, can deliver practical solutions to pressing environ-
mental challenges.

Limitations of the study

Although the dynamic linear regression (DLR) model framework demonstrated the ability to predict monthly average precipitation
in arid, semi-arid, and sub-humid regions based on oceanographic variables, several limitations were encountered in this study. The
PIRATA and RAMA ocean buoys were geographically distant from the weather stations where the precipitation data were collected,
introducing potential spatial disparities and temporal differences that could have affected the accuracy of the results. Moreover, the
findings were specific to the selected regions of South Africa and may not be directly applicable to other geographic areas with
different climatic conditions. The generalisability of the results should be approached with caution when applying them to different
regions. Additionally, the accuracy of predictions using the DLR model is based on assumptions made within the model, such as the
regression coefficients assumed to be constant over time and the linearity of the relationships between predictor variables and pre-
cipitation. Recognising the potential limitations and uncertainties associated with these assumptions is crucial. When interpreting the
study’s results and considering their applicability to real-world scenarios, it is important to acknowledge these limitations. More
research and validation efforts are necessary to improve the accuracy and robustness of precipitation predictions in arid, semi-arid, and
sub-humid regions using the proposed approach.
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Conclusion

In summary, this study demonstrates the effectiveness of DDL models as powerful tools in improving the accuracy of rainfall
forecasting in Southern Africa, where climate variability poses significant challenges to sustainable water and agricultural resource
management. Although traditional forecasting methods face constraints due to data and software limitations, this research illustrates
how DDL models, when tailored to the unique climatic conditions of the region and enriched with relevant oceanographic and
exogenous variables, can significantly improve precipitation prediction. Despite some functional limitations in existing software,
statistical software such as R provides viable solutions for model refinement and integration of critical parameters. These innovations
present a strategic pathway to more reliable and actionable forecasts to support regional climate resilience. From the synthesised data
and modelling approaches, several key findings have emerged.

1. DDL models, when regionally adapted, offer substantial improvements in rainfall prediction accuracy across diverse climatic zones
in Southern Africa.

2. The incorporation of oceanographic factors into DDL and DLR models significantly enhances their predictive capacity, under-
scoring the importance of environmental context in model design.

3. Software limitations do not pose insurmountable barriers, alternative methods available in R and other software can effectively
integrate vital data inputs.

4. Enhanced rainfall forecasts are achievable by refining the composition of exogenous variables and combining multiple predictive
parameters through robust DDL and ARIMA modelling techniques.

Advancements in modelling support more informed decision-making for water resource planning and agricultural management,
ultimately strengthening resilience to climate change in the region. For the academic community, this study provides a replicable and
data-driven modelling framework that advances the use of machine learning in environmental forecasting, offering new pathways for
research in climate science, hydrology, and sustainable development. This study contributes a valuable modelling framework that
blends advanced machine learning with environmental data, offering a scalable and adaptable tool for meteorological forecasting and
climate-informed policymaking in Southern Africa.
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