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ABSTRACT 

Rainfall mapping forms an integral part of water resource management (WRM), especially in 

a water-scare country like South Africa (SA). Further to water scarcity are water-related natural 

disasters such as floods and droughts which are the effects of climate change. Monitoring 

rainfall in SA’s commercial forests was one of the many disciplines that utilises the assessment 

of rainfall distributions and mapping. Rainfall can be monitored over different time periods 

over different areas simultaneously, making it successful at comparing rainfall patterns 

between two or more regions at any given time. Over the years, monitoring rainfall using 

ground-based data became more tedious and expensive, even though it is still a popular and 

successful method. Hence, remote sensing and Geographic Information Systems (GIS) became 

a more affordable and reasonable alternative method for rainfall monitoring that brought about 

more reliant information that made the management and understanding of commercial forests 

much easier and more feasible, covering larger spatial areas. 

Rain stations together with remotely sensed data, such as Tropical Rainfall Measuring Mission 

(TRMM) and Climate Hazards Group InfraRed Precipitation with Station (CHIRPS) data are 

two examples that serve as reliable data for detecting, measuring and mapping rainfall around 

the world. Rainfall stations also gather rainfall data and are placed in different locations which 

offer precise measurements, however, they do offer some limitations. These limitations relate 

to the ability of them being located widespread but not all locations are suitable to collect live-

weather data. Rainfall stations also become faulty and do not log events accurately with gaps 

and missing data usually hampering analytics tasks. The alternate to this limitation is by using 

recently acquired satellite rainfall data; however the frequency and availability of this is 

challenging. Therefore interpolating current data that can be used to reliably assess current 

distribution patterns could be a viable option, even for future rainfall variability predictions.  

Traditional interpolation techniques include Inverse Distance Weighting (IDW), kriging and 

spline; however, do not produce as high accuracies as the ones used in this study. Recent 

advances in this domain produce high accuracy results. These include the General Linear 

Model (GLM), Random Forests (RF) regression learning and meta-ensemble regression 

methods. This study used monthly live-weather data from one hundred and fifteen (115) 

rainfall stations located in and around commercial forest plantations located in five (5) South 

African provinces, namely Limpopo, Mpumalanga, KwaZulu-Natal (KZN), Eastern Cape and 

Western Cape. A clear comparison between the GLM, RF and meta-ensemble was done for 
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data that was available between July 2018 and July 2019. This study explored these different 

interpolation techniques by being applied in two different methods with Moderate Resolution 

Imaging Spectroradiometer (MODIS) ancillary data. The first method was the comparison 

between the GLM and RF techniques and the second method was the action of stacking the 

algorithms to demonstrate a meta-ensemble interpolation technique.  

The first method demonstrated the GLM and RF being used separately to conduct a 

constructive comparison and analysis. The findings showed that the GLM had an R² value of 

0.71 and Root Mean Square Error (RMSE) of 0.1272, while the RF model had an R² value of 

0.79 and RMSE of 0.0165. This implied that RF was a more successful interpolator for rainfall 

mapping over the GLM.  

The second method of the study used the stacking of the GLM and RF algorithms to 

demonstrate a meta-ensemble algorithms with a combination of ancillary satellite data to detect 

and map rainfall patterns, over the same time period. The attribute data that was included were 

altitude, elevation, Enhanced Vegetation Index (EVI), Normalised Difference Vegetation 

Index (NDVI) and temperature. This stacking method showed an R² value of 0.86 and an 

RMSE of 0.0453. This implies that the meta-ensemble is a suitable interpolator which 

combines the strengths of each algorithm to make accurate estimations. However, considering 

all the results found within chapters two (2) and three (3) combined, the stacking of algorithms 

to demonstrated a meta-ensemble interpolation technique is the best single interpolator to map 

rainfall using point information, rather than the GLM and RF techniques. 

These two methods generated reliable data that can be used in the management of available 

surface water and the impacts, trends and shifts of rainfall due to climate change. Hence, there 

is a need that these interpolation techniques, together with ancillary information such as 

remotely-sensed variables, to provide reliable results that are able to investigate rainfall 

variability, especially in countries like SA who need to manage their limited water resources 

efficiently.  

Overall, the results from this study are in support of (i) mapping rainfall patterns in commercial 

forest regions of Limpopo, Mpumalanga, KZN, Eastern Cape and Western Cape, (ii) the GLM 

and RF interpolation techniques have high accuracy levels that can be distinctively compared, 

(iii) meta-ensemble is a successful stacking interpolation technique that can determine good 

accuracy of rainfall station data and (iv) attribute data together with the meta-ensemble 
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interpolation technique shows more variations in predicted rainfall maps, however, some of the 

best rainfall variability mapping and highest accuracy was generated from the meta-ensemble 

interpolator. The study determined that as much as the meta-ensemble technique is relatively 

new as compared to the other traditional algorithms, it does not necessarily produce the highest 

RMSE value; however, it is the most accurate. Therefore, it can be concluded that rainfall 

station data together with MODIS ancillary data produce the best results using the meta-

ensemble interpolation technique. 
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CHAPTER ONE: Introduction 

1.1 Background 

Rainfall distributions is an essential part of understanding rainfall variability, such that it allows 

a more in-depth study of weather-related phenomena and climatic changes. These changes lead 

to widespread environmental and social impacts and affect various agricultural sectors, such as 

commercial forestry (Masson-Delmotte et al., 2018). By understanding the spatial variations 

of rainfall and making deductions from current forecasts, rainfall data is crucial in addressing 

concerns on planting windows, forest growth related trends and land management matters.  

Hence, studies like the above-mentioned must be done to help provide and initiate management 

strategies for water in commercial forests, especially in a country like SA that is water-scare 

and highly dependent on the commercial forestry sector as a whole for economic growth. 

However, Rogers et al. (2005) stated that water management is a more significant issue than 

being a ‘scarce resource’. As part of the twenty-first century and the climatic changes 

occurring, national problems lead to a greater global climate crisis (Adger and Agnew, 2004). 

Hence, water management must be done at a national level first and thereafter expand 

worldwide. It has been mentioned by Pimentel et al. (2004), that once ecosystems are 

impacted, this results in after effects on the timber and food production industries, which in 

turn drastically affect our economy. 

Different types of rainfall have different climatological drivers that affect climate change. 

Some of these types include relief rainfall that is explained by Reed et al. (2009) as topography 

being an influential factor that contributes to the types of woodlands and grasslands, such that 

it grows according to the amount of rainfall on regions that have different reliefs. Another type 

of rainfall is frontal rain that occurs during the existence of a cyclone that consists of a cold 

and warm front (Zinevich et al., 2009). They further state that space and time can contribute to 

large scale frontal rain in different regions that can be studied when the cold air merges with 

the warm air. Tropical rainfall is another type of rainfall explained by Kang et al. (2018) as 

rainfall influenced due to oceanic dynamics in the inter-tropical convergence zone (ITCZ). 

These different types of rainfalls can be modelled to indicate storm cell patterns that occur over 

different places at different times, and can  move over land. However, modelling rainfall has 

limitations to understanding climate change, such that limitations exist with rainfall data 

gathered from rainfall stations, but are still valuable for explaining these different types of 

rainfall.  
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One of the most advanced ways to manage water resources is to study precipitation's spatial 

and temporal variations (Harrington et al., 2002). According to Pandey and Pandey (2010), 

monitoring on a spatial and temporal scale can be challenging. For example, monitoring rainfall 

station data is complex at a national level because they are widespread, which makes it difficult 

to control all at a given time. Furthermore, controlling these live-weather data systems is costly 

(Lakshmi, 2004), while others may sometimes be inaccessible (Bayat et al., 2019). Sometimes, 

rainfall stations can get vandalised, generating errors in raw data that can impact the accuracy 

of subsequent analyses.  

Remote sensing acts as a tool to access inaccessible areas and provides data that can be studied 

for weather forecasting and natural disaster predictions (Munawar et al., 2022). Although this 

is an advantage, its disadvantage includes the limitation of not measuring rainfall at a high 

resolution. Naumann et al. (2012) explored the high resolution TRMM data by conducting a 

study in Africa to assess drought events. This precipitation data can produce a high resolution 

of 0.25° x 0.25° and have multi-satellite estimates that are computed using re-analysed 

precipitation data from the Global Precipitation Climatology Centre (GPCC). They have a 3-

hourly time scale (Nerini et al., 2015) TRMM data is advantageous such that it allows to 

investigate rainfall distribution as well as its frequency and intensity. However, TRMM data 

has limitations such that it can only detect between 50° north and south of the equator and 

cannot perceive through cloud cover (Zipser et al., 2006). On the other hand, data is compatible 

with monitoring drought patterns, according to Zambrano et al. (2017), and has a resolution of 

0.05° x 0.05° and a 6-hourly time scale (Wang et al., 2021). This provides a reason that there 

certainly is a need to interpolate data by using a finer resolution satellite. 

Goovaerts (2000) stated that an estimate could be made using surrounding data to obtain a 

value of unrecorded localities. To do this, spatial interpolation is needed to obtain estimates of 

inaccessible points using sample point values. Some traditional spatial interpolation techniques 

include inverse distance weighting (IDW), spline and kriging. Goovaerts (2000) states that 

these spatial interpolations assume the sample points found closest to the location already 

interpolated. The closer the points, the better the interpolated value (Goovaerts, 2000). One 

way to interpolate precipitation is traditionally using the ‘nearest neighbour’ method, which 

utilises the closest rainfall station to estimate surrounding areas with unobtainable values 

(Coulibaly and Becky, 2007).  
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Goovaerts (2000) investigated the Simple Kriging (SK) and Ordinary Kriging (OK) 

interpolators of 36 climatic stations in Portugal, covering an area of 5 000 km². Their study 

yielded high accuracy predictions for OK over linear regressions. A study conducted by Chen 

and Liu (2012) investigated the IDW interpolator by detecting rainfall in Taiwan and 

determined how it is distributed. They gathered data from 46 rainfall stations and concluded 

that drier seasons produce more accurate results than flood seasons. Their overall accuracy was 

0.95, which showed that IDW is a good traditional interpolator. A more recent study by Zhang 

et al. (2018) investigated the spline interpolator in Florida to study rainfall variability. They 

concluded that the IDW and OK methods produced better results than the spline method.  

However, this study demonstrates a statistical method that is superior to the traditional 

interpolators mentioned above, as they can produce higher spatially correlated data of 

unsampled areas with the best variabilities (Goovaerts, 2000). Furthermore, they can be 

combined with ancillary data such as elevation, altitude, terrain, vegetation abundance, and 

temperature to produce more significant results. 

Apart from the traditional interpolation techniques mentioned, a more refined approach is 

required in this study to help determine changes in rainfall patterns. This is done using a more 

modern interpolator using the General Linear Model (GLM) approach, which can compute 

precipitation data and compare datasets (Chandler and Wheater, 2002). More importantly, it 

has provided information on weather-related crises related to flooding and droughts from 

rainfall patterns. Chandler and Wheater (2002) put the GLM to the test by studying the rainfall 

records of western Ireland to understand what influenced their historical flood events of the 

90s. They deduced that the GLM could be applied in hydrological processes and assist with 

future predictions. 

Further to the understanding of the relationship between GLMs and the hydrological process 

was a study conducted by Rong et al. (2020), who studied the Random Forest (RF) model to 

determine how rainfall caused landslides in China. They studied landslides because, just like 

floods and droughts in SA, the landslides in China output severe economic damages. Rong et 

al. (2020) determined Landslide Susceptibility Mapping (LSM) by using RF. They 

demonstrated that too much rainfall has long-term effects on landslides and that the RF is a 

suitable method for LSM and can make significant predictions for future management 

strategies. Like the study conducted by Rong et al. (2020), this study investigates the reliability 

of RF for mapping rainfall variability. 
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In contrast, Kanavos et al. (2001) used remotely-sensed data to make predictions of winter 

rainfall in weather forecasting, using a meta-ensemble technique (i.e. staking of algorithms) 

that produced high accuracies but not as high as for accuracies tested on other ground-truthed 

data. A few years later, Zhang et al. (2022) also tested the ensemble method to determine how 

accurately prediction values can be determined. Like this study, Zhang et al. (2022) used the 

stacking method to determine climate-related parameters. In addition, they also looked at 

appending bagging and boosting with their remotely sensed data. They deduce that the 

ensemble successfully predicts accuracies; however, gaps of effective combinations still exist 

to increase accuracy values. Zhang et al. (2022) further state that future studies must be 

advanced and explore more diverse algorithms. The RF and RK method was also proven to be 

reliable according to Gia Pham et al. (2019) when their precision for OK on soil pH mapping 

was lower by 1.81%. This study meets their suggestion by determining which interpolator is 

best for rainfall variability mapping, i.e., the GML, RF or stacking of algorithms in the meta-

ensemble. 

Accurate rainfall mapping and predictions feed into informed decision-making that enhances 

the resilience of agricultural systems. By studying these rainfall changes over different regions 

and periods, algorithms can be performed and analysed to determine how accurately they 

contribute to making a solid foundation for decision-making. This study utilised interpolation 

techniques, GLM, RF and meta-ensemble, to compare with each other to determine which 

interpolator is most successful at making accurate predictions. This research contributes to 

national climate change understanding by producing comparable and reliable rainfall maps. 

Furthermore, past research did not explore the stacking of the GLM, RF and meta-ensemble 

algorithms to determine rainfall variability in SA. Hence, this study is significant to the 

scientific industry as, further to the algorithms, ancillary satellite data was added to better 

understand rainfall found in the water-scare country of SA. Vegetation indices and altitude, 

elevation and temperature were combined with the meta-ensemble technique to provide a more 

versatile approach to understanding rainfall distribution and mapping. 

Chapter two (2) focuses on using the GLM and RF regression algorithms separately to 

determine the effectiveness of the approach and their accuracies, while chapter three (3) 

combines the GLM, RF, and ancillary data to provide a meta-ensemble interpolator approach 

to detecting and mapping rainfall for the period between July 2018 and July 2019. This data 

was made available by the Institute for Commercial Forest Resources (ICFR) for this project 
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period and consisted of a network of live daily rainfall stations in and around the forest 

plantations of South Africa.  

In order to address the above focuses the next section provides a briefing to the aims and 

objectives of this study and how this dissertation has been structured to meet those aims and 

objectives.  

1.2 Aim and Objectives 

The main aim of this study was to demonstrate the importance of detecting and mapping rainfall 

variability in Limpopo, Mpumalanga, KZN, Eastern Cape and Western Cape provinces of SA, 

from July 2018 to July 2019, using a combination of comparable GIS interpolation techniques. 

The main objectives were the following: 

 To detect and map rainfall in commercial forest regions of SA using the GLM and RF 

interpolation techniques and MODIS ancillary data. 

 To determine whether RF can produce a higher accuracy than the GLM and meta-

ensemble techniques. 

 To compare the GLM and RF accuracy levels for mapping rainfall in commercial 

forests. 

 Establish whether the meta-ensemble interpolator can be combined with ancillary data 

to map rainfall variations accurately. 

1.3 Outline of thesis 

Four (4) chapters are used in this thesis, with Chapters Two (2) and Three (3) being the 

principal chapters, which are worthy of being publishable papers. These two chapters 

descriptively explain the study area, literature review and methodology, hence, they are not 

discussed in Chapter One (1) to avoid repetition of information.   

Chapter Two (2) looks at the comparison between the GLM and RF interpolation techniques 

that were used separately to conduct a constructive analysis. It shows that the General Linear 

Model (GML) had an R² value of 0.71 and Root Mean Square Error (RMSE) of 0.1272, while 

the RF model had an R² value of 0.79 and RMSE of 0.0165. This implies that RF was a more 

successful interpolator for rainfall mapping than the GLM.  
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Chapter Three (3) used a stacking of the GLM, RF and meta-ensemble algorithms with a 

combination of ancillary data to detect and map rainfall patterns during the period between July 

2018 and July 2019, to determine the influence of rainfall in commercial forests. This method 

showed an R² value of 0.86 and an RMSE of 0.0453. This implies that the meta-ensemble is a 

good interpolator. Still, considering the results of chapter 2, the RF is the best single 

interpolator to map rainfall, rather than the GLM technique. 

Chapter Four (4) delivers a summary of the study. The aims and objectives of this research are 

descriptively explained to highlight the significant findings and the most suitable method for 

mapping rainfall in SA’s commercial forests. This chapter also provided this study’s limitations 

and recommendations for future research.  
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CHAPTER TWO: Mapping Rainfall in South Africa’s Commercial Forests 

Using the General Linear Model (GLM) and Random Forest (RF) 

Interpolation Techniques 

Abstract  

Detecting rainfall within South Africa and mapping its variability is essential in decision-

making and water resource management. This study utilized ground truth data to map rainfall 

across South Africa’s commercial forestry regions. The regions focused on were the Western 

Cape, Eastern Cape, KwaZulu-Natal, Mpumalanga and Limpopo provinces. The General 

Linear Model (GLM) and Random Forests (RF) interpolation techniques were used separately 

and then combined to conduct a constructive analysis. This study showed that the GLM had an 

R² value of 0.71 and an RMSE of 0.1272, while the RF model had an R² value of 0.79 and an 

RMSE of 0.0165. This indicated that RF was a more successful interpolator for rainfall 

mapping in commercial forests. This type of mapping provides better management of water 

resources. Hence, remote sensing is a critical analysis tool for understanding rainfall patterns 

in a water-scare country like South Africa. 

Keywords: Rainfall mapping, interpolation, commercial forestry, General Linear Model, 

Kriging, Random Forests 
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2.1 Introduction 

Rainfall is a fundamental weather-related phenomenon that allows vegetation growth in 

commercial forest plantations. Rainfall variability is associated with climate change and is 

expected to cause widespread environmental and socio-economic impacts within the 

commercial forestry sector (Masson-Delmotte et al., 2018). Water is essential for plant growth, 

and a decline in quantity directly threatens forestry resources and their productivity (Pimentel, 

2006). One of the leading causes of tree death arises from extreme rainfall variations, such as 

flooding and drought (Trenberth, 2011). Hence, understanding the spatial variations of rainfall 

and the deductions that can be made from useful data is crucial in addressing the global and 

local climate crisis challenges. Furthermore, the vulnerability of areas to drought and flooding 

should not be discarded, as it is vital in research related to sustainable water and natural 

resource management (Feng et al., 2013).  

South Africa is located in the subtropics, where atmospheric circulation acts as a driving force 

to influence rainfall over different temporal and spatial scales (Taljaard, 1996), therefore 

becoming and displaying an imperative role in managing water. Due to the warm Agulhas 

current on the east and cold Benguela current on the west, regions in the eastern part of South 

Africa receive more rainfall than the north-western regions (Landman et al., 2017). However, 

it is vital to understand how rainfall varies across forestry regions, given the widespread forest 

plantations within Southern Africa. Forests transpire water due to the high leaf area, canopy 

height and surface roughness. They have deep root systems that access moisture deep inside 

the soil in cases whereby the surface soil is dry. However, trunks have a high storage capacity 

and keep moisture locked in. In addition, forests are a high source of aerosols, where particles 

in the atmosphere collect water and trap impurities in the air. 

Different forestry regions have high rainfall variability. Tracking rainfall variation over time is 

instrumental in understanding current forest productivity. This allows foresters to plan future 

field operations, match sites to suitable forest species, help resource planning, and make 

decisions about optimal forest yields and forecasts. However, the availability of rainfall 

spatially, along with the technological and methodological limitations, cause inherent 

difficulties when attempting to model such climatic instances across large spatial scales (King 

et al., 2011). Remote sensing and satellite-based sensors allow for temporal investigations to 

be conducted by providing spatial datasets across the landscape and understanding the drivers 

dependent on the magnitude, time, duration and seasonality (Feng et al., 2013).  
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and used TRMM data to study African rainfall estimations. Jeffrey et al. (2001) illustrated that 

the southern hemisphere, more specifically, Australia, used Kriging of ground-based data to 

understand rainfall. They believed that traditional observational data is spatially and temporally 

incomplete. Hence, remotely-sensed data can provide a complete and accurate analysis of 

processes within the environment.   

On the contrary, Bakar (2020) used a different algorithm, called the Markov chain analysis, to 

model precipitation for four years using the Bayesian model. Coulibaly and Becker (2007) 

incorporated interpolation techniques to study rainfall variation within South Africa’s coastal 

and mountainous regions. South Africa’s rainfall, when spatially interpolated, is accompanied 

by several challenges (Coulibaly and Becker, 2007). According to these authors, factors such 

as elevation, wind direction, and proximity of the oceans impact the spatial distribution of 

rainfall over land. They further stated that IDW is a deterministic model, but not one of the 

most accurate approaches in spatial interpolation. However, OK shows more reliable results 

and is suitable for spatially mapping rainfall. This result was deduced using cross-validation 

and cross-correlation. Coulibaly and Becker (2007) suggested that mean error is a parameter 

used to compare the IDW and Kriging approaches and displayed that it has a higher value for 

IDW than most kriging methods. Hence, they concluded that Kriging is a better approach than 

IDW. On the other hand, Kyriakidis et al. (2001) merged atmospheric and terrain 

characteristics to interpolate rainfall, but rain gauges were used as data sources. However, 

Goovaerts (2000) introduced the Theissen Polygon along with IDW and OK to study annual 

and monthly rainfall in Portugal; hence, this supports the deductions made by Coulibaly and 

Becker (2007) in Australia. 

Regardless of developments in research concerning the role of rainfall, the precise deductions 

of the spatial distribution of rainfall within South Africa’s (SA’s) agricultural sector, including 

commercial forestry, using an ensemble of interpolation techniques remain a gap within 

research and applied techniques. De Anta et al. (2020) conducted a study using soil datasets 

and stated that uncertainty in research exists due to confinements and inconsistency in sampling 

methods, poor spatial resolution, insufficient data, and different calculation methods. This 

deduction can be compared and inferred very closely with remotely sensed data and 

determining the spatial distribution of rainfall. Obtaining adequate results in remote sensing 

using conventional methods is dependable on factors such as data availability, data sources, 

spatial resolution, periods, interpretation skills and distortions. As time progressed, the 
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accuracy of mapping rainfall has increased with technological improvements and advances in 

statistical methodology. 

In summary, there is a need for accurate rainfall mapping techniques for informed decision-

making and planning to increase the resilience of agricultural systems, such as in commercial 

forests, to the impacts of variations in rainfall. Rainfall variations will be characterised by 

geographic variability; therefore, there is a need to understand regional patterns of rainfall in 

commercial forests, especially in understudied regions such as South Africa, to allow for 

accurate future predictions. Furthermore, the anomalies that exist when reproducing data using 

interpolation techniques in remote sensing show that statistical relationships can provide a 

strong foundation for decision-making. This study will use an ensemble of techniques to 

statistically interpolate rainfall over South Africa while encompassing the commercial forestry 

regions. This research will contribute to national climate change understanding by producing 

maps of rainfall that can be used to predict rainfall in the future. 
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2.2 Materials and Methods 

2.2.1 Study region 

The study was conducted in commercial forests of the Limpopo, Mpumalanga, KwaZulu-Natal 

(KZN), Eastern Cape and Western Cape provinces (Figure 2.1). Commercial forests occupy 

approximately 1.2 million hectares in South Africa, with pine and eucalyptus being the 

dominant types (Forestry South Africa, 2020). The primary purpose of commercial forests is 

to meet the demand for wood and be self-sufficient for all timber purposes. Of the 1.2 million 

hectares of commercial forests, pine occupies approximately 49%, eucalyptus occupies 

approximately 43%, and wattle at about 7% (Forestry South Africa, 2020). Ground-truth data 

was collected from July 2018 to July 2019 at 115 rainfall stations across the five provinces of 

South Africa, as mentioned above, between the latitudes 20°S and 33°S and longitudes 15°E 

and 35°E. Appendix A provides more statistical detail on the rainfall data. Monthly rainfall 

was summed, to create a total rainfall layer for the available year and subsequently used for 

statistical analysis.  
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Figure 2.3.  Location of the 115 rainfall stations found within and adjacent to South Africa’s commercial forests.
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2.2.2 Databases and field data 

This study used environmental data obtained from ground-based data for July 2018 to July 

2019, obtained from rainfall stations, together with satellite-based Moderate Resolution 

Imaging Spectroradiometer (MODIS) data. Each rainfall station was identified by its latitude, 

longitude and station Identity (ID). The rainfall stations fell between the latitudes of ± 18°–30° 

S and longitudes of ± 22°–34° E. The study only shows parameters of rainfall gathered by 

rainfall stations and no other secondary reliable data collector. Some forestry regions may have 

had faults within the rainfall stations, while others may have had rainfall stations in perfect 

working conditions. One of the most significant Earth Observing Systems (EOS) is MODIS, 

which is essential in monitoring the atmosphere, land and ocean surfaces. This observation is 

done through the visible, near-infrared (NIR), mid-infrared (MIR) and thermal spectrum 

channels. MODIS consists of 36 spectral bands, of which bands 1-2 are 250 m, bands 3-7 are 

500 m and bands 8-36 are 1000 m, giving a high temporal resolution of one (1) to two (2) days. 

This is beneficial for tracking changes over a period of time. MODIS data was obtained from 

USGS Earth Explorer, whereby the study site was selected with zero percent cloud cover for 

July 2018 to July 2019. 
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2.3 Statistical analysis 

2.3.1. General Linear Model (GLM)  

The GLM is a statistical approach used to make predictions using dependent (continuous 

response) variables obtained by collecting independent (continuous predictor) variables 

(Johnson, 1998). The GLM is a multiple regression whereby a sequence of numbers is 

estimated (dependent variable) by the weighted sum of the other numbers (independent 

variables). Linear regression and Analysis of Variance (ANOVA) make up the GLM, 

comprising multivariate methods (>1 column in the Y matrix) (Johnson, 1998). According to 

Madsen and Thyregod (2010), GLMs represent a common statistical framework that allows 

users to analyse the importance of combining continuous and categorical predictors to a 

response variable. They further state that it subsumes a continuous prediction, including 

regression, while the categorical predictors include ANOVA and Analysis of Covariance 

(ANCOVA). This paper assesses the regression subsume to make continuous predictions. 

Parameters are utilised to minimize errors such as squared deviations, which can be calculated 

given the observed data using linear algebra.  

2.3.2. Random Forests (RF) unsupervised learning  

RF Regression refers to an accumulation of multiple iterations of decision trees (Xiao and 

Segal, 2009). In other words, the model works on its own to discover information that may not 

be visible to the human eye. It uses machine learning algorithms that conclude unlabelled data. 

Trees are assembled randomly to form an RF. This data analysis tool has become vital 

compared to single iteration classification and regression tree analysis. Robust error estimation 

of the remaining test set is permitted by bootstrapping the original data set in each tree, more 

commonly known as the Out-Of-Bag (OOB) sample (Ahmed et al., 2017). This type of 

machine learning is called ‘random’ because it utilises two random processes: ‘Bootstrapping’ 

and ‘Random Feature Selection’ (Duangsoithong and Windeatt, 2010). Using the bootstrap 

samples, the excluded OOB samples can be foreseen. OOB predictions from all the trees can 

then be pooled.   

Linear regression can then be performed using the RF algorithm, and RF does not need criteria 

of the probability density function of the target variable (Hengl et al., 2018). RF enables the 

estimation of variable importance. This is done by measuring the mean decrease in prediction 
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accuracy before and after interchanging OOB variables. Thereafter, the difference between the 

two is averaged over all trees and then normalised by the standard deviation of the differences 

(Ahmed et al., 2017): 

1. The RF model will be fitted with an efficient environmental co-variate. 

2. That was the computation and modelling of the variogram of the RF model residuals, 

followed by Simple Kriging (SK) on the residuals. This was done to generate an 

estimation of the spatial predictions. 

3. The RF regression predicts results, and the SK residuals are added to estimate the 

interpolated rainfall.  

RFs are known to be used in remote sensing studies because of their known high accuracy 

levels and reduced training time. Using multiple trees reduces the risks of over-fitting, and it 

can run on large databases. It produces highly accurate predictions for large databases and can 

maintain accuracy when a large proportion of data is missing (Pal, 2005). Hence, in this study, 

we will use RF as an interpolation method (Ahmed et al., 2017).  

2.3.3 Accuracy Assessment 

2.3.3.1 R Squared (R²) 

R² is the coefficient of determination between the dependent and independent variables. The 

dependent variable has a proportional variation that is predictable from the independent 

variable. The R² value was calculated using equation (2): 

R² = 1 - 
RSS

TSS
            … (2) 

Where: 

 RSS refers to the sum squares of residuals; and  

 TSS refers to the total sum of squares. 

2.3.3.2 Root Mean Square Error (RMSE) 

Model performance was based on an independent test dataset. Model performance was tested 

using the RMSE between the measured and predicted rainfall distribution. Models that attained 

the lowest RMSE were retained for predicting rainfall distribution. The RMSE was calculated 

using equation (3):  
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RMSE =  √
SSE2

n
       … (3) 

Where: 

 SSE is the sum of errors (measured-predicted values); and 

 n refers to the number of samples. 
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2.4 Results 

2.4.1 Frequency Plot 

Figure 2.2 shows a frequency plot to determine an analysis of the rainfall distributions in SA 

during the period between July 2018 and July 2019. The rainfall distribution is between 0-200 

mm with a frequency of greater than 20 but less than 40. Rainfall distributions between 200 

mm and 600 mm have the highest frequency of > 50 to ≤ 70. A frequency of 35 is shown for 

rainfall distributions between 100-200mm and 500-600mm. Between 700-1000 mm of rainfall 

distribution, the frequencies are less than and equal to 20 but more than and equal to 5. Rainfall 

below 600 mm to ≥ 1200 mm has the lowest frequency of below 5.  

 

Figure 4.2. Rainfall distributions and their frequencies between July 2018 and July 2019 in 

South Africa.  
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2.4.2 General Linear Model (GLM) 

The GLM algorithm was run to determine rainfall variability in South Africa, as shown in 

Figure 2.2. The GLM used to make predictions had an R² value of 0.71 and an RMSE value of 

0.1272, expressing the accuracy. 

Figure 2.3 shows the interpolation results obtained from July 2018 to July 2019, using the GLM 

algorithm. This map shows the variability of rainfall ranging from 958.6 mm to 159.2 mm. 

This map relates that the northeastern and eastern regions of the country receive the most 

amount of rainfall, reaching approximately 958.6 mm, while other interior regions receive 

relatively low rainfall reaching approximately 159.2 mm. This ranges from 800.2 mm of 

rainfall between July 2018 and July 2019. 
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Figure 2.3. Rainfall variability mapped in South Africa using the GLM interpolation technique for the period between July 2018 and July 2019.
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2.4.3 Random Forests (RF) 

The RF algorithm was run to determine rainfall variability in South Africa, as shown in Figure 

2.3. The RF algorithm used to make predictions had an R² value of 0.79 and an RMSE value 

of 0.0165, expressing the accuracy. 

Figure 2.4 shows the interpolation results obtained from July 2018 to July 2019 using the RF 

algorithm. This map shows a rainfall variability ranging from 1188.6 mm to 158.2 mm. This 

map relates that the country's north-eastern and eastern regions receive the most rainfall, 

reaching approximately 1188.6mm. In contrast, the other interior regions, the Western Cape 

and a majority of the Eastern Cape, receive relatively low rainfall reaching approximately 158.2 

mm. This provides a rainfall range of 1030.4 mm between July 2018 and July 2019. 
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Figure 2.4. Rainfall variability mapped in South Africa using the RF interpolation technique for the period between July 2018 and July 2019.
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2.4.4 GLM versus RF 

This study compared two interpolation techniques, GLM and RF. For the two interpolation 

techniques, the RF performed better at predicting rainfall values than the GLM between July 

2018 and July 2019. The first interpolation technique demonstrated the GLM to predict rainfall, 

while the second interpolation technique showed the RF performance of predicting rainfall. 

Results of these two interpolation techniques had similar performances; however, RF was the 

most successful at rainfall predictions. It was proved to be more accurate by providing a 

statistical framework with a high accuracy value of 0.79 and R² of 0.52, while GLM had an 

accuracy value of 0.71 and R² of 0.49. The RF model used a large independent test dataset that 

was not utilised in the OOB samples but used a collection of random decision trees. 
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2.5 Discussion 

One of the critical factors influencing commercial forestry and its primary purpose of meeting 

the demand for wood is the rainfall variability in SA's commercial forestry areas. South Africa 

has two (2) dominant commercial exotic tree types, pine and eucalyptus, followed by wattle. 

Pine, eucalyptus and wattle have a dominance percentage of 49%, 43% and 7%, respectively 

(Forestry South Africa, 2020). Hence, the study of rainfall in commercial forests is crucial. 

This chapter aims to discuss the dynamics involved in interpolating rainfall and look at 

conclusions of interpolation techniques that previous studies demonstrated individually. 

Furthermore, it discusses a comparison between the GLM and RF algorithms in this study, in 

comparison with previous studies.  

2.5.1 The relationship between GLM and RF Interpolation Techniques and rainfall 

mapping 

An advantage of spatial interpolation is that different techniques are available with different 

variations of complexities and advancements (Stewart Fotheringham, 1993). Hence, for the 

aim of this study, the GLM and RF interpolation techniques were used to understand their 

respective complexities and success relevance to this study. Understanding and analysing 

precipitation’s spatial variability, specifically rainfall, is important to water resource planners 

and managers. Scientific studies and analyses like this study help manage water resources, 

especially for water-scare countries like SA. Different interpolation techniques have been 

expedient within the hydrological field and are highly noteworthy to the Remote Sensing and 

GIS industries.  

This study showed that the GLM and RF both had high accuracy values. The GLM had an R² 

value of 0.71 and an RMSE of 0.1272, while the RF model had an R² value of 0.79 and an 

RMSE of 0.0165. The difference between the GLM and RF RMSE was only 0.1107, which is 

significantly small but very precise to indicate that RF is the better one of both interpolators. 

This supports the theory that the eastern part of SA receives more rainfall than the western part 

(McBride et al., 2022).  

2.5.2 Correlation with past studies 

This study shows that rainfall predictions can be made across the country using two different 

interpolation techniques. This is accordant with findings such as the ones conducted by 
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Coulibaly and Becker (2007) and Kyriakidis et al. (2001), who researched SA using kriging 

interpolation techniques. Coulibaly and Becker (2007) looked at SA’s annual interpolating 

precipitation between the years 1931 and 1990. The interpolators used were IDW, OK, 

universal kriging and co-kriging. They obtained an error mean of 11%, with coastal areas 

showing higher interpolation errors than mountainous areas. However, they concluded that the 

IDW performed the best and still better than the results of this study obtained for RF, which 

had an R² of 0.79. Coulibaly and Becker (2007) and Kyriakidis et al. (2001) were able to make 

rainfall predictions and also acknowledged the gaps within their research, such that they did 

not use the GLM to make predictions, as they were studies done years ago. This provided 

motivation as to do this study to fill in the gaps of previous studies. Hence, in contrast to 

Coulibaly and Becker (2007) and Kyriakidis et al. (2001), this study looked at demonstrating 

GLM against RF at rainfall predictions within SA’s commercial forests. 

Within the Greater Sydney Region (GSR), Yang et al. (2015) used spatial interpolation 

techniques to model regional climate. They have utilised and compared the ANUDEM, Spline, 

IDW and Kriging techniques to model the rainfall within this area. The accuracy assessment 

methods demonstrated were Mean Absolute Error (MAE) and mean RMSE. Similarly, my 

study utilised RMSE. Results from Yang et al. (2015) show that the IDW method was the best 

of all techniques when used in GIS. This IDW method firstly generated rainfall data for daily, 

monthly and annual predictions within forty years, with results that were significant in the 

predictions of erosion associated with rainfall, and secondly, for the management of impacts 

related to climate change on a local scale. In comparison, this smaller-scale study obtained 

monthly data for one year.  

Coulibaly and Becker (2007) used rainfall stations to obtain SA’s annual rainfall data. Their 

study is in close comparison to this study, which also resorted to using rainfall stations to obtain 

SA’s rainfall data. However, in contrast to this study, Coulibaly and Becker (2007) explored 

the methodology of wielding IDW, OK, universal kriging and co-kriging, which were 

compared to determine to each other to determine which one was the most suitable for 

precipitation predictions. They demonstrated that OK had the best results. Furthermore, a 

circular semivariogram model was used using thirteen samples to obtain results. The overall 

kriging was authenticated to be better than IDW, while the circular semivariogram model was 

deemed the most acceptable. There were low interpolation errors over the interior of South 

Africa and high for regions along the coast and mountainous areas; hence, their methodology 
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was proven successful at determining rainfall within the country. Similarly, this study shows 

that the correlation plot is essential for determining positive and negative correlations to define 

errors through the study and is also an acceptable model to determine SA’s rainfall.  

Kyriakidis et al. (2001) studied spatial rainfall interpolation using lower-atmosphere and 

terrain features in conjunction with a DEM. Their study, similar to this study, used rain station 

observations to map rainfall estimates for seasonal averages of precipitation accounted for 

daily. The spatial interpolation technique that was used was kriging; however, their 

interpolation of rain station data was deemed as having the worst results, while the atmospheric 

and terrain data showed good cross-validation. A regression model was used with precipitation 

data to estimate with cross-validations and jackknife tests. RMSE values were from 9% for 

cross-validations to 25% for the jackknife test. Kyriakidis et al. (2001) concluded that mapping 

could be better done using other variables, such as humidity and temperature. This is where 

research became useful and bridged the gaps in science by using altitude, EVI and elevation to 

make mapping predictions better. 

By furthering this study and filling in the current gaps in research, accurate rainfall mapping 

techniques will allow more informed decisions to be made, and greater planning will enable 

more resilience of agricultural systems. Commercial forests will be further studied with 

additional anomalies that can be tackled and provide enhanced data for interpolation. This 

means that more accurate data will contribute to understanding national and international 

climate changes and produce rainfall maps that sanction better rainfall predictions for the 

future. 

2.5.3 Spatial distribution of rainfall over the study area 

In any systematic investigation of rainfall seasonality over a large region, especially one which 

is climatologically heterogeneous, it is essential that the region be divided into a number of 

smaller homogeneous regions so that each can be treated as a separate entity for application 

into research (Keen, 1971). This applies to South Africa, where there is remarkable diversity 

in the total annual rainfall amount and the seasonal distribution of rainfall. Since there are many 

ways in which rainfall seasonality at a particular location may be characterized, there are many 

ways of achieving a classification of a region into smaller rainfall regions (Schumann and 

Hofmeyr, 1938).  The GLM and RF algorithms applied to create a map of rainfall seasonality 

across South Africa have been evaluated in terms of their ability to provide a complete 
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description of rainfall seasonality. A complete description captures measurements of the 

magnitude, timing and duration of wet and dry seasons (Pascale et al., 2016). These maps have 

typically been created to characterize rainfall seasonality into homogeneous rainfall regions as 

is experienced on the ground (Herrmann and Mohr, 2011), based on either point weather 

stations, remote-sensing products or a combination thereof. 

The results show that both the GLM and RF are capable of detecting and mapping variations 

of rainfall in SA during the period of July 2018 and July 2019. From the results maps, it can 

be seen that rainfall of higher ranges in the north-eastern and eastern regions of SA. Lower 

rainfall variabilities can be seen towards the Western Cape, Eastern Cape and interior of SA. 

This could be due to the reality of collecting data during peak winter in July 2019 and just 

before the next year’s peak winter in July 2019. This result aligns with the study done by Roffe 

et al. (2019), who stated that SA has great diversity in rainfall distribution and that some regions 

experience more rainfall than others, depending on their season. Strydom and Savage (2016) 

stated that the Western Cape is more prone to winter rainfall than summer, while KZN is more 

prone to summer rainfall than winter.  
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2.6 Conclusion 

Commercial forest plantations have become an essential source of job creation and the 

invention of efficient timber businesses. Private businesses find investing in exotic species such 

as the pine, eucalyptus and wattle beneficial. In conjunction with job creation and improving 

the country’s economy, it must not be forgotten that commercial forests need sustainable 

management. According to Forestry South Africa (2020), forestry is more than the science of 

just planting trees and managing and caring for them. It includes the best practices that create 

the least adverse environmental, economic and social problems. This study has demonstrated 

that interpolation techniques can produce rainfall estimates for mapping such that: 

 The detection and mapping of rainfall in commercial forest regions of South Africa 

were successful;  

 A comparison of the GLM and RF accuracy levels for mapping rainfall across 

commercial forestry areas was successfully done;  

 RF was a more successful interpolation technique for predicting rainfall. 

However, more research is required to determine more recent rainfall maps for analysis in our 

drought-prone country and its rainfall variations over the last few years. More research should 

be put into other variables such as vegetation indices, altitude, elevation, temperature and 

humidity to extend the study into more versatile and in-depth research. Using the latest 

imagery, such as TRMM data, could bring a more precise analysis for predictions and 

estimations. Since South Africa is a large country, each coastal province can be studied 

independently with its vast data. 

In light of the accuracy values of both interpolation techniques, RF and GLM, it is confirmed 

that SA has wetter areas towards the eastern region of the country, more particularly the 

northern KZN. For this reason, this study indicated that areas with higher rainfall serve well 

for commercial forests that must also be managed sustainably in a drought-prone country like 

SA. The attribute data used were desirable to study the different rainfall values across the 

country over a period of time. Overall, this study showed reliable indicators for rainfall patterns 

and mapping them, which can further enhance the studies related to commercial forests and 

how the changing environment and climate may or may not affect them. 
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This study is the first demonstration to look at rainfall data obtained from rainfall stations from 

July 2018 to July 2019, using the GLM and RF interpolation techniques in SA’s commercial 

forests. It offers a more detailed understanding of rainfall patterns and their effects on drought-

like conditions within the country. This decrease in rainfall over a period of time is associated 

with climate change which the next chapter focuses on. Overall, the results of this research 

show the potential need to refine data and further map commercial forests at a more provincial 

level rather than a national level. In addition, access to satellite data will enable a more 

illustrative analysis of data to uncover further gaps in research that will allow an overall 

improved understanding of the complexities associated with commercial forests in the face of 

SA’s changing weather and climate. 
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CHAPTER THREE: A Meta-Ensemble Interpolation Technique for 

Mapping Rainfall Distribution across South Africa’s Commercial Forests 

Abstract 

Mapping rainfall variability allows researchers to understand climate-related phenomena such 

as floods and droughts. South Africa is one of southern Africa’s countries undergoing several 

drought periods, associated with more than just ‘low rainfall’, but rather ‘low rainfall over a 

long period of time’. This study used ground-based rain station data and ancillary data, such as 

MODIS image variables, to map rainfall across the commercial forest region of South Africa. 

Stacking of the General Linear Model (GLM) and Random Forest (RF) provided a meta-

ensemble approach to undertake detections and map rainfall variability found within the 

commercial forests which spanned across five provinces. This study has shown that MODIS 

ancillary data is proficiently combined with a meta-ensemble interpolation technique and has 

shown an R² value of 0.86 and RMSE of 0.0453. When the GLM algorithm was used, it had 

an R² value of 0.71 and Root Mean Square Error (RMSE) of 0.1272, while the RF model used 

had an R² value of 0.79 and RMSE of 0.0165.Based on this study's high accuracy and the low-

cost implications, further studies can be derived from this approach for detecting and mapping 

rainfall. Furthermore, it provides insight into understanding climate-related phenomena and 

bridges the gap of previous studies that did not use the stacking method to develop a significant 

analysis of rainfall patterns in a drought-prone country like South Africa. 

 

Keywords: Rainfall, forestry, mapping, detecting, commercial forestry, meta-ensemble, 

General Linear Model, Random Forest 
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3.1 Introduction 

Rainfall mapping is an essential segment in the study of climate change, such that it can help 

one understand the changes of an area’s rainfall over time. Studying rainfall also enables the 

assessment of the quantity of water below and above the earth’s surface. The Intergovernmental 

Panel on Climate Change (IPCC, 2014) acknowledges the role of forests in mitigating climate 

change and the adaptive strategies for this phenomenon.  Furthermore, the quantitative studies 

of rainfall mapping is an integral part of forest management and climate change mitigation. 

Climate change adaptation can be supported by forest management through the establishment 

of ecosystem services; these ecosystems are such that man depends on them for his livelihood. 

Rainfall measurements are essential for determining hydrological processes that occur in nature 

and improving our understanding of it (Beusch et al., 2018). Quantitative studies utilise a 

combination of temporal and spatial data to improve accuracy. Besides people's livelihoods, 

forests provide important ecosystem goods and services such that it is vital for the wellbeing 

of society, in the sense that forests are pivotal in providing employment in many developing 

countries, both directly and indirectly (Dlamini, 2014). However, for all the circumstances 

mentioned above, rainfall is needed to enable the growth of forests, which is why they must be 

managed well.   

In South Africa, forests play a significant role in households' survival in terms of providing 

timber, firewood, and thatch grass to make and strategically run their homes (Chidumayo et 

al., 2011). Many African countries have climate change policies but need to guide managing 

forests and climate interventions. Nhamo (2015) states that access to relevant climate 

information is needed to support climate interventions. This helps to adapt to risks modelled 

by climate change and plan strategically. Over the years of studying climate change, it is 

evident that one climatic change occurrence will lead to another, for which impacts and 

consequences can be either positive or negative. In many cases, as explained by Keenan (2015), 

climate change can modify forest disturbances which may lead to wildfires, invasive species 

and even storms. Thus, resulting in decreasing productivity of forests and alters the 

distributions of plant, tree and animal species. 

Chandler and Wheater (2002) studied rainfall variability in Ireland using the GLM. One of the 

reasons for their study was the 1990s flood events and their need to understand the drastic 

changes in rainfall patterns. They indicate that the GLM was a successful indicator of historical 
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rainfall records that helped understand probable climate change developments. They posed that 

working with daily rainfall data is more significant than utilising monthly data. 

Hagmann et al. (2021) stated that forested landscapes have evolved due to historical events, 

different species composition and even fire regimes that alter ecosystems. Fire and fire 

frequency in forests play an essential role in the rapidly changing forestry ecosystems. It acts 

as a management strategy that has resulted in ecosystem structure changes and even 

composition over the last 200 years (Hessburg et al., 2015). In more severe cases, climate 

changes in forested landscapes are also vulnerable to disturbances such as droughts, species 

outbreaks, outbursts of diseases and even natural fires (Allen et al., 2010). Table 3.1 explains 

different studies conducted worldwide using GIS-based and remote sensing-based techniques 

to study the changes in forestry caused by direct and indirect alterations in ecosystems. 

Kanavos et al. (2021) used remotely-sensed data to make predictions of winter rainfall in 

weather forecasting, using a meta-ensemble technique (i.e. staking of algorithms) that produced 

high accuracies but not as high as for accuracies tested on other ground-truthed data. They 

utilised the OzaBag and OzaBagAdwin meta-algorithms with small datasets that resulted in 

low accuracies. The OzaBag and OzaBagAdwin meta-algorithms produced the highest 

accuracies of all the algorithms tested and also suggested that classifiers perform better if there 

is a larger dataset, and if data is obtained from a real-time system. Thus, this study improved 

performance by using a larger dataset from 115 live-weather rainfall stations. The meta-

ensemble approaches are not only used in rainfall mapping, but also in a study of spatially 

predicting gully erosion in Iran. This refers to a study done by Tien Bui et al. (2019) who had 

a large sample size of 915 locations and 22 gully conditioning factors. Their model ran an RF 

with alternating decision trees (ADTree) that gave a high prediction accuracy of 0.882. 

However their findings are that the meta-ensemble approach would improve the accuracy 

significantly. The accuracy value obtained by Tien Bui et al. (2019) showed a higher accuracy 

than the meta-ensemble approach used in this study.  

Studying tree growth changes is common in literature; however, in contrast was a study 

conducted by McNellis et al. (2021), who were able to study tree mortality. They proved that 

tree mortality in the western USA was greatly influenced by insects and diseases catalysed by 

climatic variations and the responses produced by species. However, variability within soils 

did not show much of an influence on tree mortality. Hence, RF can present both the practical 

and ineffective attributes found within nature that influence the growth of forests.  
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The RF models are shown to be effective in making predictions within ecosystems. For 

example, concerning critical environmental variables, Lee et al. (2019) used RF to map Citrus 

Flatid Planthopper (CFP), an invasive species. These variables include altitude, distance to 

road, slope, minimum temperature, maximum temperature, annual mean temperature and land 

cover types. In addition, RF showed the influences of human activities and allowed to make 

strategies of monitoring and surveillance further. In another study, Peerbhay et al. (2016) 

utilised WorldView-2 imagery to map the occurrence of bugweed (Solanum mauritianum) 

within forest margins, open areas and riparian areas. An unsupervised RF technique was used 

to analyze the species' occurrence, demonstrating the success of remotely sensed data for 

studies in South Africa. However, this study was a build-up of the study conducted by 

Peerbhay et al. (2015), whereby the capabilities and effectiveness of unsupervised RF were 

also investigated. In the study conducted by Peerbhay et al. (2015), the RF proximity matrix 

was used to detect bugweed using a principle component approach (PCA).  

Silva et al. (2017) also investigated forest plantations to make deductions about Brazil’s forest 

structures and the volumes to which they grow. Airborne lidar data were used with field data 

for this study and was to  be applied by pulp and paper companies within the country. Prior to 

the study conducted by Peerbhay et al. (2016), was a study done by Mutanga et al. (2012) who 

also utilized WorldView-2 data to study a vegetated wetland’s biomass. Here, RF regression 

was applied to make accurate predictions beyond the ones provided within the training data 

set. Here too, the RF algorithm was successful in making predictions. In addition, Ismail et 

al. (2010) explored how GIS and the RF model can be useful in managing forest pests. A high 

infestation of S. noctilio was detected in Mpumalanga. Therefore, the RF model applied was 

able to provide deductions on environmental conditions within the region and how it allows 

managers to monitor, adopt strategies, and intervene in pest infestations within forests. Below 

is Table 3.1 which shows a summary of studies showcasing the benefit of using such modelling 

techniques in the spatial domain with reliable applicability when dealing with rainfall datasets.  

Table 3.1. Ten main studies between years 2010–2021 focused upon this research towards 

showcasing the benefit of using modelling techniques in the spatial domain. 
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7 Peerbhay 

et al. 

(2016) 

Detect the 

occurrence of 

Solanum 

mauritianum 

(bugweed) found in 

forest margins, 

open areas and 

riparian zones.  

The RF proximity matrix 

was applied to WorldView-2 

imagery. 

Forest margins, open areas 

and riparian zones had an 

orruence of 91.33%, 85.08% 

and 67.90%, respectively.  

8 Peerbhay 

et al. 

(2015) 

Detect and map 

Solanum 

mauritianum to 

stop ecological and 

economic damage 

this plant has on 

forest ecosystems.  

RF was used with Anselin 

Moran’s I.  

Detection rate (DR) was 89%, 

False Positive Rate (FPR) was 

9.26%. PCA resulted in a DR 

of 95% and lower FRP of 

6.39%. 

9 Mutanga 

et al. 

(2012) 

Biomass was 

estimated in 

densely vegetated 

wetland areas. 

NDVI from WorldView-2 

imagery was used and 

applied with RF regression 

algorithm and multiple linear 

regression was compared to 

predict biomass. 

RMSE of prediction was 

0.441kg/m² vs. RMSE of 

0.5465kg/m² 

10 Ismail et 

al. (2010) 

Study pine forests 

and how they are 

distributed and 

susceptible to S. 

noctilio infestations 

in Mpumalanga. 

The RF model was used for 

the study.  

KHAT value of 0.84 and 

F>0.87, therefore RF 

produced accurate results.  

Rainfall distribution mapping of commercial forests is important for decision-making due to 

the variations across South Africa. Many geographical attributes, such as location and height 

above sea level, change the variability of rainfall; therefore, studying the rainfall patterns across 

different regions and their climatic influences is an essential phenomenon to be studied. 

Combined with satellite data information, ground-based data could effectively show 

commercial forestry rainfall variations reliably. In this study, an ensemble of interpolation 
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techniques and ancillary data are studied together with climatic datasets. This research will 

provide an overall understanding of producing rainfall maps and predictions of the future. This 

research aims to map the variability of rainfall across the commercial forest region spanning 

over the Western Cape, Eastern Cape, KwaZulu-Natal, Mpumalanga and Limpopo provinces 

in South Africa, using spatial interpolation techniques.    
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3.2 Methodology 

3.2.1 Study region 

Field data was collected at different rainfall stations throughout commercial forests of South 

Africa’s coastal provinces, namely Limpopo, Mpumalanga, KwaZulu-Natal (KZN), Eastern 

Cape and Western Cape (See Appendix A). Data were made available for 1 year between July 

2018 and July 2019 based on availability from the Institute for Commercial Forestry Research 

(ICFR). This was conducted between latitudes of 20°S and 33°S and longitudes 15° and 35°W 

(Figure 3.1). Commercial forests have two main tree types, such as pine and eucalyptus, which 

occupy a large area (Forestry South Africa, 2010). For this study, data was obtained via ground-

truthing using the rainfall stations, which are indicated by the red dots in Figure 3.1. For all 

rainfall stations that showed evidence of no recordings, non-activity and errors were 

eliminated; hence the final number of rainfall stations were 115. Monthly rainfall was summed, 

to create a total rainfall layer for the available year and subsequently used for statistical 

analysis.  
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3.2.4 Ancillary Data 

Ancillary data was used to supplement the ground-based rainfall data. These attributes included 

Altitude (Alt), Elevation (Elev), Enhanced Vegetation Index (EVI), Normalised Difference 

Vegetation Index (NDVI) and average Temperature. According to USGS (2022), elevation 

refers to a topographic depiction of what is found on the bare ground and excludes 

infrastructure, trees and plants but includes aspect and altitude. Height of singularities on the 

Earth’s surface refers to the altitude which helps develop aspect, slope and surface gradients. 

NDVI was used to detect the healthiness level of vegetation found on the Earth’s surface, 

dependent on ‘how green’ a plant is. High NDVI values indicate healthy vegetation whilst low 

NDVI values show unhealthy vegetation, a possible indication of how rainfall maybe 

distributed on land. Temperature was also studied as an attribute since it is one of the most 

changing variables during climate change. Hence, all the above-mentioned attributes 

contributes to the significance of detecting rainfall patterns and studying its variability across 

the coastal provinces of South Africa from July 2018 to July 2019. All climate variables were 

extracted from the freely available bioclimatic variables (Fick and Hijmans, 2017). 
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3.3 Statistical analysis 

3.3.1 General Linear Model (GLM)  

Poline and Brett (2012) state that for the past two decades and more, Magnetic Resonance 

Imaging (MRI) was based around the General Linear Model (GLM). This method persists in 

research despite new and other methods. The GLM operates by relying on assumptions and 

uses appropriate regressors, however, by using too few or too many regressors, it impacts on 

the sensitivity. According to Johnson (1998), continuous responses are given by making 

predictions using dependent variables and the continuous predictors are independent variables. 

Dependent variables and independent variables are used to conduct a multiple regression for 

number estimation. Both an ANOVA and linear regression is combined to form the GLM.  

3.3.2 Random Forest (RF) unsupervised learning 

Random Forest (RF) unsupervised learning is the method of regression that is used in this 

study. RF is formed by the random gathering of trees, called decision trees. There is multiple 

iterations of gathering of these trees. This system of data analysis is fundamental in research. 

Bootstrapping of the original data set allows for an estimation of error in the test set. This 

method is known as the Out-Of-Bag sample (OOB). Hence, predictions can be grouped from 

all the trees.  

On the contrary, RF has its disadvantages such that it is a challenge to interpret response and 

predictor variables. However, as a positive, it allows for the estimation of variables and how 

important they are. To do this, the mean value of the decreasing prediction accuracy is 

measured with the OOB variables that interchange before and after. An average of the two 

differences is calculated and then the standard deviation (Ahmed et al., 2017). The RF model 

is fitted with a covariate and then a variogram is generated via computing and modelling. 

Thereafter, simple kriging (SK) is performed on the residuals to make spatial predictions. The 

RF regression allows for prediction of results to make an estimation of the rainfall that is 

interpolated. Therefore, this study RF is a conductive method of interpolation to utilize.   

3.3.3 Meta-Ensemble Algorithms 

Machine learning algorithms have been done to make improvements in accuracies. This has 

been done by classification combinations which have algorithms applied to them (Sesmero et 
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al., 2015). However, stacking is a new approach that is able to generate ensembles of 

classifiers; however according to Sesmero et al. (2015), there are limitations as to what 

attributes are used with this technique that impacts results and their accuracies. This study used 

the action of stacking the GLM and RF algorithms to demonstrate a meta-ensemble 

interpolation technique, used to study rainfall in SA commercial forests, and for which their 

results will be evaluated.  

3.3.4 Correlation plot/matrix 

Correlation coefficients between different variables is what a correlation matrix is. One of its 

main functions is to summarize data in order for people make forward-thinking analyses. 

Typically, it is a ‘square’ shape and uses colour as a characteristic to plot values. Interrelated 

values are associated with each other and the matrix has the ability to rearrange variables 

according to their degree of association. Blue is the colour generally used to indicate positive 

correlations and red shows correlations that are negative. Coefficients that are correlated are 

displayed on the right side of the correlogram in accordance to their colours whilst the 

inconsequential values are left blank with a p-value > 0.05.  

3.3.5 Accuracy Assessment  

3.3.5.1 R squared (R²) Coefficient 

The dependent variable and independent variable has a coefficient of determination which is 

referred to as ‘R²’ or ‘R-squared’ (Kasuya, 2019). The dependent variable has variability of 

proportionality that can be predicted from the independent variable. The R² value is calculated 

using the equation below: 

R² = 1 - 
RSS

TSS
             

Where, ‘RSS’ refers to the sum squares of residuals; and ‘TSS’ refers to the total sum of squares. 

3.3.5.2 Root Mean Square Error (RMSE) 

RMSE is the method used to statistically interpolate how rainfall is spatially distributed in 

South Africa’s commercial rainforests. ‘Known locations’ and ‘interpolated or digitized 

locations’ are measured and the difference of these two variables gives us the RMSE. Squaring 

of this difference, adding them, then dividing that number by the number of test points and 
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finally finding the square root of the value will give you the data plotted around a line of best 

fit. RMSE values of the test set greater than the RMSE values of the training set show that the 

sample is tested well but not better than the predicted value out of the sample that is tested. If 

predictions are accurate, RMSE values lie between 0.2 and 0.5. RMSE is calculated as follows: 

RMSE =  √
SSE2

n
 

Where, ‘SSE’ is sum of errors (measured-predicted values); and ‘n’ refers to the number of 

samples. 
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3.4 Results 

3.4.1 Correlation Plot 

The correlation plot is coloured according to the value of the coefficients. The variables 

associated with each other is another way the matrix can be coloured. The blue colour is used 

to indicate the positive correlations whilst the red colour is used to indicate the negative 

correlations. Looking closely at Figure 3.2, the colour intensity and sizes of the circles vary. 

There is a proportional relationship between the colour and the correlation coefficient, such 

that it displays a stronger correlation with a darker and bigger circle. Meaning, the stronger the 

correlation, the larger the circle. This can be a value that is closer to -1 or 1, as per the colour 

legend on the y-axis, on the right side of the correlogram. This displays the correlation 

coefficients and their conforming colours. Hence, both the colour intensity and size of the circle 

show proportionality of the correlation coefficients. When p-values are > 0.05, the correlations 

are regarded as insignificant and are left blank within the matrix.  

Figure 3.2 below indicates the correlogram values for this study. It shows the most significant 

variables for elevation, altitude, temperature, EVI and NDVI. 

 

 

 

 

 

 

 

 

 

Figure 3.2: Correlation plot/matrix showing the values of ancillary data according to their 

positive and negative correlations. 
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Figure 3.3: Rainfall variability of Limpopo, Mpumalanga, KZN, Eastern Cape and Western 

Cape using the RF algorithm. 

The correlation matrix in Figure 3.2 shows that there are strong correlation values of r = 1 

illustrated by the large blue circles. The temperature-altitude coefficients have shown the 

strongest relationship of r = 1, followed by NDVI-EVI with r = 0.91. Following these 

correlations are NDVI-elevation with an r value of 0.17. EVI-altitude and EVI-temperature, 

both with r = 0.15. The EVI-elevation coefficients have an r value of 0.07; and both the NDVI-

altitude and NDVI-temperature coefficients have an r = 0.06. All these abovementioned 

relationships are positive correlations. However, the altitude-elevation and temperature-

elevation coefficients have r = -0.06 which is a strong negative relationship, represented by the 

red circles.   

Figure 3.3 below shows rainfall variability (mm) of Limpopo, Mpumalanga, KZN, Eastern 

Cape and Western Cape using the RF algorithm. The darkest blue colour represents rainfall of 

approximately 989.6 mm, as seen in eastern KZN, Eastern Cape, and parts of the Western Cape. 

The lightest blue colour represents rainfall of approximately 235.5 mm, as seen in the Western 

Cape and interior of the Eastern Cape. 
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When the stacking of the algorithms were done with ancillary data to demonstrate the meta-

ensemble interpolation, the following ancillary data was included:  

 Altitude; 

 Elevation; 

 Temperature; 

 EVI; and 

 NDVI. 

These layers are illustrated in Figure 3.4 below for a clear representation.  Elevation had a 

range of -2 m to 2968 m, whereby the interior of the five provinces showed the highest 

elevation.  Altitude had a range of 0 m to 3170 m, where the interior of the fiver provinces also 

showed the highest altitude, similar to the elevation results.  The EVI values had a range of -1 

and 1, showing that Mpumalanga and KZN had the highest EVI values, similar to the NDVI 

values that ranged from -1 to 1. Lastly, the  average temperature were calculated to have a 

range of 7.08°C to 24.93°C, with Limpopo, Mpumalanga and  north-eastern KZN having the 

highest temperatures. 
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Figure 3.4: Ancillary data used in the stacking process. 
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Figure 3.5 indicates the stacking of the algorithms to demonstrate a meta-ensemble 

interpolation technique. The darkest blue colour represents rainfall of approximately 1149.08 

mm, as seem in the Limpopo, Mpumalanga and KZN provinces, and parts of the coastal regions 

of Western Cape and Eastern Cape. The lightest blue colour represents rainfall of 

approximately 295.4 mm, as seen in the interior of Western and Eastern Cape. Thus, by 

calculating its accuracy, it has an R2 value of 0.86 and RMSE of 0.0453. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.5. Rainfall variability of Limpopo, Mpumalanga, KZN, Eastern Cape and Western 

Cape using the meta-ensemble interpolation techniques. 

Figure 3.4 and 3.5 clearly represent the rainfall variability and indicate that the meta-ensemble 

is able to detect and map more rainfall variability, producing better results and more variability.  
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3.5 Discussion 

3.5.1 General Discussion 

One of the many challenges of managing rainfall in commercial forests is understanding the 

rainfall variability that exist across different plantation regions of SA, which influence the 

growth and mortality rates of these forests. SA is wetter on the eastern regions than on the 

western regions of the country (van Wilgen et al., 2016). In order to understand this natural 

trend in rainfall, mapping of its variability in commercial forests plays a pivotal role in the 

management of them. This study serves the purpose of helping manage commercial forests that 

are affected my climate changes such as droughts and floods. By detecting and mapping its 

rainfall variability, predictions can be made for the future to help combat climatic variations 

and prevent negative impacts from these extreme weather events.  

By using ground-truth data and remotely-sensed image variables, such as this study, annual 

rainfall is able to tell a story that helps fill in the gaps of previous studies by providing essence 

to more accurate and trustworthy data. This study confirms the effectiveness and reliability of 

using a meta-ensemble of interpolation techniques via the stacking method, to effectively 

detecting and mapping rainfall variability in SA’s commercial forests. More specifically, 

results have demonstrated that imagery is effective when applied with interpolation techniques 

to get a clearer understanding of the rainfall found within the five provinces of SA. 

Furthermore, the utilisation of the GLM and RF algorithms gives an ultimate outline for 

improving commercial forest management and determining ways to combat the climate change 

crisis on these ecosystems.  

The additional attribute data such as elevation, altitude, elevation, temperature, EVI and NDVI 

enhanced a more detailed study of rainfall predictions and even possible drought-like areas. 

The results of this study showed a positive and strong correlation with temperature-altitude and 

NDVI-EVI. 

3.5.2 Correlation with Past Studies 

This chapter aims to discuss the role of the meta-ensemble interpolation technique used to 

understand rainfall variability in SA’s commercial forests. It has been deduced that by 

interpreting these rainfall patterns, climate change can be understood better to give rise to more 

appropriate management of these forests. This in turn, develops management strategies that 
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can be used locally, nationally and globally. Commercial forests play a vital role in the 

production of timber and the money that is generated from it. Hence, the growth rates of these 

trees are heavily influenced on the amount of photosynthesis it undergoes using the right 

amounts of carbon dioxide (CO2) and oxygen (O2). These two gases are dependent on the rates 

of global warming which leads to climate change. At the rate of the current climatic changes 

and intense global warming, CO2 and O2 levels of these trees are at a rate that forest production 

may not be at its optimal, due to CO2 levels being much higher than before (Change, 2018). In 

addition, rainfall variability is also a result of climate change as the frequency and intensity of 

rain has been ever-changing within the past few decades (Stevenson et al., 2022). Changes in 

rainfall variability impacts the photosynthesis rate of trees, their growth and mortality rates and 

overall development, hence, directly impacting the forest industry and by-product productions. 

Predictions of rainfall variability cannot entirely be accurate due to the constantly changing 

outcome factors of climate change, such as increase in greenhouse gases, global warming and 

CO2 levels. Furthermore, timber/wood quality is not only affected by rainfall variations but 

also the chemical composition found within the trees that are directly impacted upon my fire 

events, droughts, floods, historical events, disease outbreaks and surrounding species 

composition such as alien and invasive species. These contributing factors impact the manner 

in which forests are managed and over what time periods they occur. Further research is needed 

on a larger scale over a longer period of time to understand the fluctuations in rainfall and forest 

responses to these changes.  

Zhang et al. (2022) is one of the studies that utilised the ensemble method. They investigated 

accurate prediction values by using the stacking method to determine climate-related 

parameters. Furthermore, they demonstrated appending bagging and boosting with their 

remotely sensed data and deduced that the ensemble was successful at predicting accuracies. 

However, gaps of effective combinations still exist to increase accuracy values, thus, they state 

that future research must be advanced and explore more diverse algorithms. Go meet the 

recommendation by Zhang et al. (2022), this chapter meets their suggestion by determining 

which interpolator is best for rainfall variability mapping, i.e., the GML, RF or stacking of 

algorithms in the meta-ensemble. Studies with rainfall and meta-ensemble approaches may be 

limited. Thus, this study improved accuracy by stacking the algorithms to demonstrate a meta-

ensemble interpolation technique.  
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Kanavos et al. (2001) also used meta-ensemble technique (i.e. staking of algorithms) that 

produced high accuracies but not as high as for accuracies tested on other ground-truthed data. 

They made predictions of winter rainfall in weather forecasting using remotely-sensed data and 

the OzaBag and OzaBagAdwin meta-algorithms that produced the highest accuracies of all the 

algorithms tested. Their datasets were small which resulted in low accuracies; hence, suggested 

that classifiers perform better if there is a larger dataset, and if data is obtained from a real-time 

system. Thus, this study improved performance by using a larger dataset from 115 live-weather 

rainfall stations. Monthly rainfall was summed, to create a total rainfall layer for the available 

year and subsequently used for statistical analysis.  

As per Appendix A, rainfall varies across the country from winter to summer months. Some 

regions such as the Western Cape experiences higher rainfall in winter while other regions such 

as KwaZulu-Natal experiences higher rainfall in summer (Strydom and Savage, 2016). Such 

variations stand ground to assessing which plants are able to survive in different regions during 

different climates. As assessed in this study, temperature plays a pivotal role in the production 

of commercial forests and is not only reliant on rainfall (Saunders at al., 2012). However, 

further studies should focus on the role of temperature and rainfall ranges over a long period 

of time to assess their impacts on commercial forests throughout of South Africa. These studies 

can help manage commercial forests, improve timber production and further understand 

different species compositions.  

In this study, the GLM and RF models were stacked as a Meta-Ensemble approach to make an 

accurate prediction of rainfall detection. The meta-ensemble used real-time data obtained via 

rainfall stations in order to withdraw information from the MODIS imagery. Consecutive to 

this, the rainfall predictions from July 2018 to July 2019 aims at determining how successful 

the meta-ensemble is at detecting these predictions from the Earth Observing Systems (EOS).  

The meta-ensemble interpolation technique is helps perform data and handle it for processing 

to improve accuracy of the rainfall detection. Furthermore, advancements in remote-sensing 

technology and groundtruthing has been improved by algorithms like meta-ensemble to make 

precipitation predictions (Kim et al., 2009). However, as mentioned by Straka et al. (2000), 

precipitation evaluations can be difficult and challenging due to the reliability of measuring, 

such that the types of precipitations, and how it is measured is different in many countries 

(Kanavos et al., 2021)  
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This study has shown that the MODIS ancillary data has good proficiency of being combined 

with a meta-ensemble interpolation techniques and has shown an R2 value of 0.86 and RMSE 

of 0.0453. Based on the high accuracy this study has obtained, and the low cost implications, 

further studies can be derived from this approach for detecting and mapping rainfall.  

3.5.3 Recommendations 

There is much uncertainty that arises from this study due to the following reasons: 

 The study was limited to commercial forests found in five provinces of the nine, of 

South Africa.  

 The study only shows parameters of rainfall gathered by rainfall stations and no other 

secondary reliable data collector.  

 Future research should include complete datasets with each year, however, based on 

availability of data, it is difficult to do this for live-weather data.  

 Attributes such as atmospheric contributors, such as pollutants, were not accounted for.  

 Some forestry regions may have had faults within the rainfall stations whilst other 

regions may have had rainfall stations in perfect working conditions. 

 One of the drivers of climate change is the direct insolation received from the sun, 

which should be accounted for under a climatic studies. 
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3.6 Conclusion 

In this study, the meta-ensemble interpolation technique and MODIS image variables were 

visually represented with rainfall variability maps to understand climate change and related 

weather phenomena. The GLM and RF models were stacked with ancillary data such as 

altitude, elevation, temperature, EVI and NDVI. In order to determine how accurately the data 

was represented the R², RMSE and correlation matrix was used. The results were compared 

and analysed to show that the meta-ensemble interpolation technique could detect and map 

rainfall. The training of the data was able to smoothen out outliers and create finer maps to 

improve the overall visual representation of the predicted rainfall. Furthermore, monthly 

rainfall was summed, to create a total rainfall layer for the available year and subsequently used 

for statistical analysis.  

The performance of the interpolator is promising and this encourages an improvement of 

research for water management in a water-scare country like South Africa. However, one of 

the main limitations of this study is that rain stations are spread around the country and as such, 

it is hard to determine and monitor whether or not they are active. Hence, it is recommended 

that future research should include complete datasets each year. This could be achieved by 

obtaining data much earlier and analysing different seasons over many years to see an evident 

variation of climate changes. 

Climate changes occur at global and regional scales; however, the extent and timing of it are 

inexact. However, the severity associated with the impacts of climate change impacts the 

commercial forestry sector of South Africa, especially economically. In addition, these trees 

have climatic drivers that initiate changes, making them susceptible to changes. However, some 

species, such as eucalypts, cannot undergo changes and can barely withstand climatic 

variations, unlike the Pinus family. 

Improvements in future studies and management strategies of commercial forests must be 

implemented in South Africa, such as: 

 Study-specific species reactions and growth rates concerning the rainfall variations on 

the receiving end; 

 Determine which areas are at higher risk of climatic regimes; 

 Initiation of commercial forest species that can withstand drought-like conditions; 

 Study the heat waves and frost days that impact the rates of rainfall received; and 
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 Determine the influence of soil moisture on commercial trees' growth and mortality 

rates. 
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CHAPTER FOUR: Conclusion 

4.1 Introduction 

Mapping can be done using remote sensing, a valuable tool to obtain data from inaccessible 

places and provides data that can be studied for weather forecasting and natural disaster 

predictions (Munawar et al., 2022). Interpolation methods are used to estimate values of points 

that are inaccessible. Some of the traditional spatial interpolation techniques include IDW, 

spline and kriging. However, this study utilised a more sophisticated method of interpolation 

rather than the traditional methods. This study explored different interpolation techniques by 

being applied in two different methods. The first method was the comparison between the GLM 

and RF techniques and the second method was the action of stacking the algorithms to 

demonstrate a meta-ensemble interpolation technique.  

 The study showed that the monthly data obtained (Appendix A) was substantial to work with 

algorithms and provide high accuracy levels; however, there are limitations associated with 

collecting data from live-weather systems such as rainfall stations in and around remote forest 

plantations. Rainfall stations also become faulty and do not log events accurately with gaps and 

missing data usually hampering analytics tasks. The alternate to this limitation is by using 

recently acquired satellite rainfall data; however the frequency and availability of this is 

challenging. Due to this, all rainfall stations that showed gaps in data obtaining were eliminated 

to provide a more reliable dataset for this study. Lakshmi (2004) and Bayat et al. (2019) 

provide insight into these limitations to which this study clearly gave rise, such that some 

rainfall stations in this study exhibited gaps and/or no recordings. The most common way for 

collecting data has been through ground-truthing and surveying, which is understood by 

Ustin et al. (2004) that it is an accurate method; however, it is time-consuming and not cost-

effective. 

4.2 Aims and Objectives Reviewed 

4.2.1 Aim 

The main aim of this study was to demonstrate the importance of the detection and mapping of 

rainfall variability in commercial forests, from July 2018 to July 2019, using a combination of 

comparable GIS interpolation techniques.  
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4.2.2 Objectives Reviewed 

To make a comparison between the GLM and RF accuracy levels for mapping rainfall in 

commercial forests, four objectives were set for the aim mentioned above. This section 

provides a discussion for how these objectives were met. 

 A comparison of the GLM and RF accuracy levels for mapping rainfall across 

commercial forestry 

The study showed that the GLM and RF both had high accuracy values. The GLM had an R² 

value of 0.71 and RMSE of 0.1272, while the RF model had an R² value of 0.79 and RMSE of 

0.0165. The difference between the GLM and RF RMSE was only 0.1107, which is 

significantly small but very precise to indicate that RF is the better one of both interpolators. 

This supports the theory that the eastern part of SA receives more rainfall than the western part 

(McBride et al., 2022).  

When rainfall was mapped the more traditional way, Simple Kriging (SK), Ordinary Kriging 

(OK) and Thiessen Polygon were traditional interpolators studied by Goovaerts (2020). They 

investigated 36 climatic stations in Portugal which covered an area of 5 000 squared kilometres 

and concluded high accuracy predictions for OK over linear regressions. They also deducted 

that the algorithms used excluded elevation and the Thiessen polygon produced the worst 

results. The OK had smaller predictions errors than when rainfall was predicted against 

elevation in linear regression.  

On the contrary, the traditional IDW interpolator was investigated by Chen and Liu (2012) in 

Taiwan to determine how rainfall was distributed. They gathered data from 46 rainfall stations 

to produce a high OA of 0.95, implying that IDW is a good traditional interpolator. They further 

deduced that drier seasons produce more accurate results over flood seasons. A more recent 

study conducted by Zhang et al. (2018) investigated the spline interpolator in Florida to study 

rainfall variability. They concluded that the IDW and OK methods produced better results than 

the spline method.  

Bakar (2020) also analysed precipitation data, but for data that was obtained on a daily basis. 

They used a Bayesian space-time model for the duration between 2013 and 2017. With this 

model, they applied the Markov chain analysis to interpolation rainfall estimates. Both the dry 

and wet days had an overall accuracy of 87.5% and RMSE of 4.64. Thus, by having daily data 
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and not monthly data it creates a larger dataset and accuracy can be improved. This study had 

a large dataset of 115 rainfall stations, and compliments Bakar (2020) and Kanavos et 

al. (2001) findings that larger datasets improve overall accuracy. 

Coulibaly and Becker (2007) looked at SA’s annual interpolating precipitation between the 

years 1931 and 1990. The interpolators used were IDW, OK, universal kriging and co-kriging. 

They obtained an error mean of 11%, with coastal areas showing higher interpolation errors 

over mountainous areas. All the above-mentioned examples show that of all traditional 

interpolators, the IDW performed the best and still better than the results of this study obtained 

for RF that had an R² of 0.79. OK is a reliable interpolator but has its limitations that do not 

produce the lowest errors. Spline is the least preferred method as the other interpolators outdo 

it. Hence, it can be concluded that of these three traditional interpolators, IDW produces the 

highest accuracies and is the most reliable method. 

Furthermore, the 115 rainfall stations make a suitable sample size to study commercial forests’ 

rainfall patterns that have given rise to high and reliable accuracy levels. The traditional studied 

previously done had a relatively smaller sample size, not exceeding 50. However, this study 

uses a much larger sample size. This allows suitable mapping that provides better management 

of water resources. Hence, ancillary data is a critical analysis component for understanding 

rainfall patterns in a water-scare country like South Africa. 

 Determine whether using a meta-ensemble technique can provide better results 

than single interpolation approaches for rainfall mapping 

When the meta-ensemble interpolator was applied with MODIS ancillary data, maps showed 

good variations in each attribute, such as altitude, elevation, EVI, average temperature and 

NDVI. Chapter Three (3) used the meta-ensemble stacking of the algorithms with ancillary 

data and produced an R² value of 0.86 and RMSE of 0.0453. When comparing the GLM, RF 

and meta-ensemble RMSE values, the meta-ensemble still produced the highest accuracy; thus 

it is the most successful interpolator from this study, and not any of the single approaches. 

When previous studies were done, Zhang et al. (2022) used the ensemble method to determine 

how accurately prediction values can be determined. Like this study, Zhang et al. (2022) used 

the stacking method to determine climate-related parameters. In addition, they also looked at 

appending bagging and boosting with their remotely sensed data. They deduced that the 

ensemble was successful at predicting accuracies; however, gaps of effective combinations still 
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exist to increase accuracy values. Zhang et al. (2022) further state that future research must be 

advanced and explore more diverse algorithms. This study meets their suggestion by 

determining which interpolator is best for rainfall variability mapping, i.e., the GML, RF or 

stacking of algorithms in the meta-ensemble. Studies with rainfall and meta-ensemble 

approaches may be limited. Thus, this study improved accuracy by stacking the algorithms to 

demonstrate a meta-ensemble interpolation technique.  

Kanavos et al. (2001) used remotely-sensed data to make predictions of winter rainfall in 

weather forecasting, using a meta-ensemble technique (i.e. staking of algorithms) that produced 

high accuracies but not as high as for accuracies tested on other ground-truthed data. They 

utilised the OzaBag and OzaBagAdwin meta-algorithms that produced the highest accuracies 

of all the algorithms tested. Their datasets were small which resulted in low accuracies; hence, 

suggested that classifiers perform better if there is a larger dataset, and if data is obtained from 

a real-time system. Thus, this study improved performance by using a larger dataset from 115 

live-weather rainfall stations.  

Meta-ensemble approaches are not only used in rainfall mapping, but also in a study of spatially 

predicting gully erosion in Iran, done by Tien Bui et al. (2019). They had a large sample size 

of 915 locations and 22 gully conditioning factors. Their model ran an RF with alternating 

decision trees (ADTree) that gave a high prediction accuracy of 0.882; however, stated that a 

meta-ensemble approach would improve the accuracy significantly. The accuracy value 

obtained by Tien Bui et al. (2019) showed a higher accuracy than this study, thus, improvement 

on this study are given in Section 4.4. 

 Detecting and mapping rainfall in commercial forest regions of SA using the GLM 

and RF interpolation techniques with MODIS ancillary data; and 

 Establishing whether the meta-ensemble interpolator can be combined with 

satellite ancillary data to map rainfall variations accurately. 

Attribute data such as available vegetation indices, altitude, elevation, and temperature were 

combined with the meta-ensemble technique to provide a more versatile approach to 

understanding rainfall mapping. The combinations of these attributes were shown in the 

correlation matrix. NDVI showed a weak correlation with the EVI (R2 = 0.2). However, there 

was a strong, negative correlation between elevation and altitude, and average temperature and 

altitude, with values R2 = >0.8, showing a strong negative relationship between elevation and 
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altitude, and temperature and altitude, while average temperature and DEM250 showed a 

strong correlation of R2 = 0.6. Similarly, average temperature and elevation have a robust 

negative correlation with R2 = 0.6. Furthermore, there is a strong association between EVI and 

NDVI. When the meta-ensemble interpolator was used, KZN showed the highest predicted 

rainfall of millimetres per metre with values > 0.40. Limpopo and the Mpumalanga provinces 

are showing rainfall < 0.35 mm. Thus, by calculating its accuracy, it has an R² value of 0.86 

and an RMSE of 0.0453. 

4.3 A synthesis 

The GLM, RF and meta-ensemble interpolation techniques were used in mapping rainfall to 

determine which regression interpolator was most accurate at mapping rainfall variability. 

Rainfall mapping can be expressed more efficiently by having daily data and not only monthly 

data over a more extended period of time. GLM detected and mapped rainfall well, but less 

significant to RF when they were compared. GLM and RF produced R² values of 0.71 and 

0.79, respectively, showing a slight difference of 0.08. However, the meta-ensemble approach 

had the highest R² value of 0.86; hence, the meta-ensemble detected and mapped rainfall for 

the time period most accurately. 

Complexities arise from monthly rainfall data as it needs to be a larger data set to study rather 

than for only one year. Thus, by testing the interpolation techniques, they can be compared to 

reveal the best performing for South Africa. The results have proven that SA has a wetter 

eastern region than the western (McBride et al., 2022). Because rainfall is unpredictable and 

inconsistent, water must be managed well to benefit the present and future generations (van 

Koppen and Schreiner, 2014). Many studies have been done to understand rainfall patterns in 

SA, but over the past few years, more developed due to water scarcity being experienced. This 

study is the first to use interpolation methods to detect and map rainfall variability in SA’s 

commercial forest regions using competent ensemble statistical interpolation techniques. The 

interpolation accuracy results show that the widely used meta-ensemble approach is the most 

preferred and over the GLM and RF. However, more studies using these algorithms must be 

done to improve the statistical approach and better understand the limitations of those 

interpolators. It can be concluded that rainfall mapping is an integral part of WRM in SA. 

Rainfall mapping must be done with a better geostatistical approach to determine new 

parameters to understand the hydrological processes involved in WRM. 
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4.4 Limitations and Recommendations for Future Research 

There is much uncertainty that arises from this study due to the following reasons: 

 The study was limited to commercial forests found in five provinces of the nine of 

South Africa. Future studies can use all nine provinces of SA to gather a larger dataset. 

 The study only shows parameters of rainfall gathered by rainfall stations and no other 

secondary reliable data collector.  

 High-resolution imagery can be used and compared to better understand variations in 

spatial resolution, such as TRMM or CHIRPS data.  

 Future research should include complete datasets each year; however, based on data 

availability, it is sometimes difficult to do this for live-weather data. 

 Attributes such as atmospheric contributors and pollutants were not accounted for, 

which can be studied in future research for their influence on rainfall recordings.  

 Future research can make a comparison with rainfall data and Normalised Difference 

Water Index (NDWI), which can study the water/moisture base.  

 Some forestry regions may have had faults within the rainfall stations, while others may 

have had rainfall stations in perfect working conditions. Try to detect the most reliable 

rainfall stations, and use only those. 

 One of the drivers of climate change is the direct insolation from the sun, which should 

be accounted for in climatic studies by studying temperature patterns more closely.  

 The forestry industry can be further researched to elaborate on planted exotic species 

and native species which are key species in understanding the growth patterns that are 

influenced by rainfall. This adds essence to improving yield projections and planning 

to counteract climate change. 

 

4.5 Concluding remarks 

The main aim of this study was to demonstrate the importance of the detection and mapping of 

rainfall variability in South Africa’s commercial forests, from July 2018 to July 2019, using a 

combination of comparable GIS interpolation techniques. The research showed that the GLM, 

RF and meta-ensemble techniques are compatible with MODIS ancillary data to do the 

detection and mapping of rainfall. The final concluding remarks are based on the following 

interpretations as made in this dissertation:  
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1. MODIS ancillary data can be applied with algorithms to run interpolators to 

demonstrate rainfall detection and mapping.  

2. The study used the GLM, RF and meta-ensemble interpolation techniques to produce 

accurate information based on available data. The Meta-ensemble approach produced 

the highest accuracy of R² value of 0.86, coming close to the RF approach of an R² 

value of 0.76 and lastly was the GLM with an R² value of 0.7. 

3. When compared individually, RF has the lowest RMSE value of 0.0165, followed by 

meta-ensemble with 0.0453 and lastly, the GLM with RMSE of 0.1272. Hence, GLM 

is the least accurate and preferred interpolator.  

4. Algorithms and ancillary data that were stacked served well in identifying areas with 

high rainfall variability. 
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