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Abstract 

Detecting small statistically significant changes in an observed parameter (e.g. – yield) in response to 

applied treatments within field trials is a major challenge for modern agriculture, since we continue 

looking for smaller increments where spatial variability (noise) may obscure the sought trend. A reliable 

detection of change can significantly reduce the length of some long-term trials required for a trend 

confirmation. 

This study assesses the effects of spatial variation in yield, terrain and soil properties within a long-term 

field trial on the possible outcome of results. The experiment was set up at the Langgewens research farm 

of the Western Cape Department of Agriculture, South Africa as an extension of the long-term trial 

initiated by the provincial government. In year 1 (2015) the whole field was planted to wheat as a 

uniformity trial to assess the magnitude of productivity, variation and spatial trends within the 12 ha 

experimental site. A yield monitor mounted on a combine harvester and remote sensing techniques using 

drone surveys were used to study the variability in wheat growth/yield, and topographic parameters 

within the field trial area. Soil profiles positioned along the field perimeter were interpolated into a soil 

map to understand some of the reasons for yield variability. The relationship between topographic 

parameters and wheat yield was significantly more important in the drier year (2015) than in 2016. Results 

from a random forest regression model indicated that the use of spectral vegetation indices NDVI and 

SAVI, in combination with topographic parameters can be used to accurately predict wheat yield in dry 

and in wet years (R2 = 0.974 and R2= 0.987 respectively). 

Wheat growth and productivity during the uniformity trial showed high variation within the trial area 

(1.46±0.61 t·ha-1) with a bimodal distribution largely determined by variation in topography and soil types. 

The first step in trial layout optimization was the exclusion of a small low-yielding area on the eastern 

margin retaining the bimodal distribution, but slightly increasing the mean and significantly reducing the 
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standard deviation (1.68±0.46 t·ha-1). The reduced-area experimental setup comprises 120 plots 

combining three main 10-year crop rotation treatments starting at a different year of rotation resulting in 

k=30 x n=4 trial for each year and finally combining into k=3 x n=40 at the end of the trial period.  

Soil core samples at a 0-5cm depth (120 in total) were analysed for some key soil parameters. The variation 

in routinely analysed soil properties across the field within the 0-5cm layer, where the most changes may 

be expected as a result of applied treatments collectively showed no effect on wheat productivity. The 

only exception was the resistance measurements, which indicated a high degree of leaching negatively 

correlated with wheat production. 

The trial was further optimized for means by complete randomization of the trial setup by placing three 

treatment replicates in the high-yielding block and the fourth replicate in the lower-yielding part of the 

field. This resulted in a relatively uniform distribution of means and standard deviations across the trial. 

Such setup also allowed the possibility of replication reduction to n=3 (or n=30 at the end of the trial) by 

excluding the lower-yielding section. The supposition that reduction of replications under the 

circumstances may lower the difference was supported by power analysis. The power analysis of the 2015 

yield has shown that three replications within a more uniform field allow for detection of smaller changes 

(160 kg·ha-1) as opposed to highly variable conditions with 4 replications (314 kg·ha-1). 

A different approach – optimization for within-treatment standard deviation was realized by quantifying 

and accounting for the spatial trend. The combination of replications into ranked groups results in 

significant reduction of within-group standard deviation and, subsequently smaller detectable 

differences. This approach should be further investigated in the time-series analysis as the current 

experiment progresses.  
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Chapter 1. Introduction 

This work focuses on the influence of soil and topographic variability on crop performance in the 

context of a broader study that is aimed at improving existing grain cropping systems by 

developing agro-ecological production methods for the farming community.  The purpose of this 

paper is to explore the spatial variability of soil nutrients, pH, EC, soil physical properties and some 

topographic parameters and their effect on crop yield and the outcome of block design field trials. 

This was done by applying precision agriculture techniques based on observations of spatial 

variation in soil properties, topographic parameters and crop yield.  

1.1 Background 

The rationale behind precision agriculture is to maximize outputs while minimizing inputs. Not 

only does this create economic benefits, it also creates environmental benefits. The most accurate 

representation of spatial variation comes in the form of maps, which accurately shows the 

magnitude of the variable, or variables, under consideration within the land containing the crop. 

The aim of sampling is to accurately represent the variation of a certain variable at an 

economically viable cost. However, samples are not economically viable to measure at all points 

within a map, and therefore needs to be done strategically in fewer places in conjunction with an 

appropriate model for interpolation.  

Burrough (1993) addressed the question of why having knowledge of soil spatial variation is of 

such importance, and stated: “The driving force behind wanting to understand soil variability is a 

need for improving control over the world’s physical environment”.  Soil is a growth medium for 

crops, thus having an understanding of its variation helps us manipulate crop growth to our own 

end (McBratney and Pringle, 1999). Variations in crop yields are potentially influenced by many 

factors that act simultaneously and may not all be related to the underlying variations in soil 
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conditions or the crops management (Taylor et al., 2003). Previous research has proven that 

experimental fields are more than often, not homogeneous in terms of potential crop productivity 

(Van Es, 1993; Bilgili et al., 2010), and Africa has huge potential for the improvement of 

agricultural field trials. 

1.2 Problem Statement 

Soil scientists have questioned previous long-term crop rotation results due to inherent soil 

variation found across the Western Cape wheat producing areas (Van Es et al., 2007; Venter et 

al., 2013). The question was raised following the results from a previous MSc study on the carbon 

content of soil in long-term experiment conducted by the Department of Agriculture at the 

Langgewens research farm in Swartland, South Africa (Cooper, 2016). A strong variation was 

observed not only between different systems, but also within similar systems.  Figure 1.1 depicts 

a soil map of Langgewens experiential research farm and shows a clear representation of the vast 

variability in soil taxonomic units. Black lines on the map represent the outline of field trial area 

used for this study.  
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Figure 1.1. Soil map of Langgewens research farm compiled by Freddy Ellis. Black lines represent the border 

of the trial area used for this study. 

Field trials in the Swartland have been conducted over decades and will continue to be in 

operation for years to come. The initial conditions of any new trial can already be structured and 

spatially distributed as a result of the inherent lay out of the land and due to the residual effects 

of previous trials conducted at the experimental site. This spatial distribution, or spatial 

correlation of initial conditions, may have a strong negative effect on the analysis and 

interpretation of any subsequent trial results. 

A new trial was proposed by Dr J. Strauss (Western Cape Department of Agriculture) to study the 

effects of different crop rotations at the Langgewens research farm. In order to successfully layout 

the trial and process its results, it is important to quantify the spatial variation and develop a 

method of taking this variability into account when processing its results. 
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1.3 Aims and Objectives 

Variation in soil and topographic properties need to be quantified to layout the trial in such a way 

that the initial structure of variation is minimized and will not have an influence on the results. 

This will contribute to the validation of results from this trial and the information given to 

producers to ensure optimal production in the future.  

The aim of this study is to analyse and develop approaches to optimize agronomic field trial 

layouts to maximize the reliability of results. 

The specific objectives of this research are:  

 To characterize the variability in wheat growth and yield within the field trial area 

using remote sensing and geostatistical techniques.  

 To study the spatial variation in soil surface conditions (chemical and physical 

properties), as well as soil taxonomic units (Soil form, profile depth, chemical and 

physical properties, etc.), in order to obtain an understanding of important soil 

variables affecting crop growth and yield.  

 Apply techniques to optimize the position of the trial plots in such a way that averages 

and standard error between replicated treatment plots will be equal when all plots 

receive a single reference treatment. 

 Develop a readily available solution to control the variability within field trials using 

designs and analyses that are insensitive to the negative effects of spatial field trends 

and will increase the power and thus reliability of results.  
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1.4 Outline of the Dissertation  

This dissertation is arranged into eight chapters. Chapter 1 (this chapter) will present the 

background information, problem statements, aims and objectives as well as the outline of the 

dissertation.  

Chapter 2 will present a literature review on previously published work on attempts to 

characterize soil and topographic variability. This review focuses on sources of yield variability and 

experimental bias in the presence of field trends..  

Chapter 3 presents a brief site description and a broad overview of the climate, topography, 

geology and land use practices in the area. This chapter will also present the trial design layout.  

Chapter 4 aims to characterize yield variability over the field trial area using remotely sensed 

images and geostatistical techniques. Spectral information from vegetation indices and 

topographic parameters were used to test their capability of mapping and predicting wheat yield.  

Chapter 5 intends to study the spatial variation in soil physical and chemical properties within the 

field trial area and obtain an understanding of important soil properties affecting crop growth. In 

this paper a detailed description of soil classification is presented in order to investigate the 

vertical distribution as well as soil surface sampling to investigate the horizontal distribution of 

important soil properties.  

Chapter 6 presents a simulation study on the statistical power of the experimental field trial.  

Chapter 7 is a comparison of methods of randomization versus optimization of agronomic field 

trials in the presence of significant field trends. This chapter presents the advantage of optimizing 

a field trial design where the spatial variation in field conditions is too complex to be captured by 
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classical statistical techniques such as blocking and randomization. 

Chapter 8 presents conclusions and future recommendations. 
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Chapter 2. Literature review: Terrain/soil bias and optimization of 

experimental design in long-term multivariate agronomic field 

trials. 

2.1 Introduction 

Unpredictable weather and droughts combined with a growing global human population are 

putting pressure on food security. Worldwide countries are seeing the potential that Africa has to 

expand their agricultural sector. Agricultural researchers understand that the locality of 

experimental field trials is affected by natural soil variability and previous land use. This reduces 

the ability to detect differences between treatments resulting in substandard yields (van Es and 

van Es, 1993).  

Quantifying and reducing bias due to the variation in topography and soil conditions is important 

regarding the application of precision agriculture for long-term field trial use (Van Es et al., 2007). 

Traditionally within field experimentation is conducted on experimental plots that are small and 

uniform, where the processing of the results is determined by the experimental layout. This 

theoretically enhances a researchers’ ability to detect the smallest differences among 

experimental treatments (Nielsen, 2010). Nielsen (2010) stated that it is important to not only 

document the history of a field but also predict its future responses based on statistical analysis. 

The challenge of on-field research is eliminating the variance and human error within fields. There 

can never be full certainty of measured differences, thus statistical methods are used to help us 

identify and pinpoint them.  

The majority of agronomic field trial experiments are implemented through the Randomized 

Complete Block (RCB) design, which is analysed through the conventional Analysis of Variance 

(ANOVA) (Van Es et al., 2007). These ANOVA tests establish the existence of significant differences 

between treatment effects, however they do not determine precisely how big the difference is. 
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In order to determine the difference between treatments, further comparison tests are 

implemented. Of the various comparison tests, the least significant difference (LSD) test is the 

most commonly used. The calculation of the LSD is based on the standard error of the difference 

between treatments means. 

𝐿𝑆𝐷𝑎, 𝑏-- = 𝑡0.05 √𝑀𝑆 (
1

𝑛𝑎
) + (

1

𝑛𝑏
) 

Where n is the number of scores used to calculate the mean values, t is the critical value that is 

obtained from the t-distribution result table and MS is the mean square value that is obtained 

from the ANOVA.  

In agricultural research, experiments are usually based around formal tests of hypotheses, which 

explain whether variables/covariates have any effect on some response variable/covariate 

(Searcy-Bernal, 1994). The null hypothesis (H0) is tested against some alternative hypothesis (H1) 

to obtain a statistic as to whether there is a significant variable effect (Bertsimas et al., 2015). 

Rejecting the null hypothesis suggests that there is a significant difference between treatment 

effects. This form of inference test is common to many researchers, however it does not take the 

power of the test into consideration. The statistical power of an experiment quantifies the chance 

that you correctly detect a significant difference where a significant difference exists (Cohen, 

1988). The power analysis can also be used to determine how many replications an experiment 

would require (Fairweather, 1991). Statistical power is most important when insignificant results 

are obtained between treatment effects. The power analysis provides an understanding of the 

insignificant results making it a powerful tool in experimental design, inference statistics a well as 

experimental design setup (Searcy-Bernal, 1994). 
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In practice, block design field trials are difficult to layout due to inherent soil variability and trial 

results are often found to be insignificant or unsuccessful (Marx, 1992). Thus using conventional 

block layout systems could result in bias towards certain treatments or replications. This effect is 

prominent in the presence of spatial autocorrelation and is enhanced when treatment effects are 

small relative to the field variability (Van Es and Van Es, 1993; Singh et al., 2003).  

Field trials in South Africa have been found to yield unexpected results due to large amounts of 

natural variation and the spatial structure of soil forming factors.  Often, this variability is not 

taken into consideration before the establishment of field trials. This leaves no assurance that the 

time and cost associated with conducting the experiment will provide reasonable results. Venter 

et al (2009) studied the effects that spatial variation in plants and soil has on the statistical design 

of a field experiment. They concluded that the spatial variability of soil properties could increase 

the risk of obtaining insignificant results when using a RCB design, where plots are randomly 

allocated treatments and replications. Cooper (2016) studied the carbon content in long term 

conservation agriculture experiments and found that the variation in carbon content did not only 

occur between different systems, but also varied within similar systems. Fouche (1999) studied 

nitrogen deficiency on irrigated cash crops and found that treatments of 0 Kg N.ha-1 and 60 Kg 

N.ha-1 showed no significant difference, with the result of the 0 Kg N.ha-1 treatment having a 

higher nitrogen content that the 60kh N.ha-1. Fouche (1999) stated that this result was caused by 

residual nitrogen that had been carried over from the previous season. Kruger et al (1990) studied 

the field response of subtropical pasture legumes to lime, phosphorous and potassium on a sandy 

soil and reported that the phosphorous treatments did not have a significant effect on the 

production of the pastures, with no significant difference between the treatment means. 

However visually, and through a trend analysis, clear differences could be noted in the field. 

Although there have been many literature publications in the past, soil variability is still in need 
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of further understanding (Heuvelink and Webster, 2001; Lin et al., 2005;). 

There are numerous literature publications that yield unexpected results due to large differences 

between treatment means and insignificant treatment effects (Dube et al., 2012; Sebide and 

Allemann 2012; Kruger et al., 2013). In such instances, treatments cannot be compared or 

recommended, as there is no certainty that one will outperform the other. Although this issue is 

found in current journal and thesis publications, grey literature poses the greatest concern. Grey 

literature includes all reports that go unpublished due to various reasons including insignificant 

results or in some instances the failure of field trials. Although we do not know how large this grey 

area is, it is important to plan out a field experiment with confidence in order to achieve reliable 

and representative results. 

Agronomists seem to favour the RCB design with reports showing that 96.7% of field trials 

conducted within Volumes 93 through 95 of the Journal of Agronomy are that of the RCB design 

(Van Es et al., 2007). Assuming that researchers generally do not account for soil variation before 

conducting field trials, 96.7% of field trials are thus vulnerable to produce insignificant results. In 

general the RCB design would be employed to improve the detection of treatment effects, 

however if the trial is not laid out correctly it may adversely affect the analysis of the experiment 

(Van Es and Van Es, 1993). This result can lead to clear differences in crop yield between 

experimental units with insignificant differences between treatment effects. Van Es et al (2007) 

conducted a trial and found that the data obtained from a RCB design may present unreliable 

treatment comparisons and could create assumptions about confidence levels when spatial 

trends are present. This is an issue when field trends such as slope change and periodicity factors 

such as wet and dry seasons come into play. The results may generate false treatment effects if a 

portion of the treatments are not proportionally distributed in areas of higher or lower slope. 
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Van Es et al (2007) developed the spatially balanced complete block (SBCB) design that differs 

from the conventional RCB design in that it aims at spatially optimizing experimental layouts by 

placing treatment blocks in areas of homogenous soil conditions. The optimization of field trials 

using SBCB design results in experimental units being placed into groups in order to minimize the 

discrepancies between them, after which, the groups are randomly assigned treatments which 

should produce similar results (Bertsimas et al., 2015).  

Spatial autocorrelation may obscure the results of applied treatments in field experiments due to 

high values of standard deviations, thus reducing the significance of results (Van Es et al., 2007). 

It is thus imperative to assure some level of confidence from the data used to establish long-term 

agricultural experiments, as there is a significant amount of time and capital involved in the 

process. A number of methods of mitigating the issue have been studied and will be 

communicated through this review (Bhatti et al., 1991; Fagroud and van Meirvenne, 2002; Pringle 

et al., 2003; Martin et al., 2004; van Es et al., 2007). 

2.2 Crop – the ultimate measure of spatial variability in edaphic conditions 

2.2.1  Sources of yield variability 

Crop yields within and between agricultural systems are known to exhibit spatial variability over 

varying distances due to numerous deterministic and non-deterministic factors (Stafford et al., 

1996; Kayad et al., 2016). Having knowledge of crop yield variability is vital as it integrates the 

effects of a number of spatial variables including: soil properties, rainfall, topography, and plant 

population (Yang et al., 2013). The variability can be represented in the form of yield mapping 

systems, which provides visual representations of the spatial variation and conditions within a 

field. This yield map is an indispensable input with regards to site-specific management when 

used in combination with other spatial variables (Searcy et al., 1989). Yield maps are collected 
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during harvest using yield monitors and are generated immediately allowing a visual 

representation of the yield patterns within a field. This aids in improving variable rate applications, 

economic returns, as well as in field improvements of drainage and land leveling (Yang et al., 

2013). 

Crop yields are a result of complicated interactions between plant genetic properties, climatic 

conditions, soil properties as well as the management processes (Diacono et al., 2012). These 

factors act simultaneously and result in variable crop yield and can be used as an indictor of 

underlying soil variability. Generally, plots that produce high yields in one year tend to give high 

yields in any other year (Fisher et al., 2009). This correlation from year to year is a result of the 

various factors acting upon it. Variation in crop growth is the leading issue with regards to this 

work, thus understanding the underlying factors that determine or control yield variability is an 

important process in eliminating any future forms of bias towards treatment effects.  

2.2.2  NDVI as a tool for measuring within field spatial variability 

Aerial images acquired from satellites and unmanned aerial vehicles (UAV), have recently been 

widely used to analyse the spatial pattern in crop growth as well as predict crop yield before 

harvest (GopalaPillai and Tian, 1999). The images obtained from these flights can provide high-

resolution information of the crops spectral characteristics. This aids in detecting changes in 

vegetation patterns and monitoring crop vigour throughout a growing season. Strong growth is 

depicted by a strong absorption of energy from red wavelengths and a strong reflectance of 

energy from NIR wavelength (Panda et al., 2010). The difference between these two wavelength 

bands can be used to create various indices of differences in vegetation. The normalized 

difference vegetation index (NDVI) is the most commonly used index  

Utilizing aerial photography in combination with spectral indices such as the NDVI to measure 
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within field variation prior to the setup of an experimental design is a critical step that should 

form part of every experimental field trial. These images can be useful for characterizing spatial 

field variability resulting from previous land use/crop management practices, spatial changes in 

soil properties as well as elevation gradients that control water and hence nutrient movement 

(Lobell et al., 2005). Spatial variability is a serious limitation to agronomic field trials, as 

experimental designs require all experimental units to be homogenous, or as similar to one 

another as possible. In nature however, this is nearly impossible, as variation exist over very short 

distances and is vastly unpredictable. Having a priori knowledge of the spatial structure of crop 

growth from the NDVI image(s) can aid in identifying areas of homogenous growth, which can be 

used to plan or layout trials by grouping experimental units into areas of similar growth conditions 

(Raun et al. 1999; Pinter et al., 2003). Combining these images with yield maps from uniformity 

trials (where the trial area is planted to a single crop cultivar for one growth season) can be used 

to assess growth conditions and plan experimental procedures ensuring that no bias towards any 

variables would be introduced into the experimental design and thus researchers would be able 

to rely on results obtained in the future. 

2.2.3 Deterministic sources of yield variation 

The spatial/temporal variability of soil and topographic properties at the field scale are inherent 

in nature making them almost impossible to control. These variable soil properties affect crop 

growth, yield as well as quality and are further modified by seasonal weather patterns (Diacono 

et al., 2012). An example of this would be soil texture or plant available water, these parameters 

significantly affect crop yield however they depend of the amount of rainfall or prevailing weather 

conditions (Lark and Stafford, 1996). Finke and Goense (1993) conducted detailed soil sampling 

and monitoring, models of soil processes and regression analysis to account for yield variation 

within fields, however they were only able to account for some of the variation.  
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Experiments conducted within fields experience conditions that are typically non-uniform. As a 

result, most of the variability within the trial area is controlled by already existing trends in 

environmental conditions as well as management practices (Raman et al., 2011). Researchers are 

thus faced with questions as to whether differences in yields will be able to be picked up due to 

treatment effects. Due to the low level of control within field trials, environmental factors become 

explicit, which will more than likely contribute to the outcome of field trial results as well as 

variability between and within the experimental units (Jenny, 1941).   

Harris (1920) suggested that having knowledge of previous year-to-year yield data could aid in 

increasing the efficiency of agricultural experiments. However, many experimental sites have a 

built in structure of variability resulting from residual treatment effects of previous fertility or crop 

rotation trials. Soil conditions have thus been altered over the years producing zones of higher 

and lower fertility, which can be noticed in resulting yields from uniformity trials.  

Pedologic and geomorphologic processes can cause a great amount of soil surface and subsurface 

variability within agricultural fields, all of which can be spatially variable and affect the pattern of 

crop growth in dry land conditions (Andales et al., 2007). In practice, these spatial factors are 

often not measured in detail, however topographic data is frequently available to agronomists 

and can be used to estimate these soil parameters and relate them to crop yield at a required 

scale. Andales et al. (2007) studied yield data from a crop rotation study on a soil toposequence 

in order to capture the effect of topography on corn and wheat yield. They found a significant 

effect of topographic position on both wheat and corn yield, however no significant effect on the 

crop rotational sequence. A Linear regression between slope position and grain yield explained 

69-90% of the variation in grain yield suggesting that topographic variables could be used to 

explain and model spatial patterns in grain yield.  
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2.3 Soil variability and the need for its quantification  

2.3.1 The spatial nature of soil forming factors 

Soil has proven to be heterogeneous and has a tendency to be spatially variable (Bilgili et al 2010). 

Spatial variability occurs in soils over very short distances and can be due to numerous factors. 

Jenny (1941) proposed that the variability in soil properties is a direct result of the five soil forming 

factors, namely: climate, topography, biology, parent material and time. The nature of a soil and 

the formation of its profile and specific properties are directly related to the above-mentioned 

soil forming factors. 

Parent material is distinct with regards to locality at the macro scale. The variability, or change, in 

parent material is seen to increase with distance. Although parent material variation is seen to be 

scale dependent, there are many instances where abrupt changes can be seen over short 

distances, however, most transitions are laterally gradual (van Es, 1993). Climate, at the macro-

scale, is not randomly distributed and tends to show similar regional distribution to that of parent 

material. Precipitation strongly influences the physical and chemical composition of parent 

material, which thus influences the soil development. Climate also affects the vegetation cover, 

which together with precipitation affects soil development factors. 

Organisms, or soil biology, constitute all living organisms within the soil. Soil organisms vary 

spatially as well as temporally and depend on the availability and quality of nutrients (Aguilera et 

al 1999). Organisms are typically distributed with regards to region (van Es, 1993). Aguilera et al. 

(1999) found that cold temperatures limit bacteria and fungi and that they are drawn to soils that 

are high in nitrogen, organic matter and soil moisture. Thus in warm, tropic environments 

bacterial activity occurs at rapid rates 

At the micro-scale, there is a lot more variation due to factors such as aspect, relief and 
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topography. Topography is seen to be the most common cause of spatial variation. This is due to 

the profound effect of topography on the microclimate, water distribution and subsequently soil 

parameters such as temperature and carbon content (Kumhalova et al., 2008; Senithkumar et al., 

2008). We notice such effects on soils that have developed on North or South-facing slopes. The 

orientation of the slope (aspect) plays a vital role on the development of the soil profile. This 

results in one land cover type on an opposite facing slope to have a completely different nutrient 

composition (Zhang et al, 2014). The drainage of soils affects the weathering pattern leading to 

differences in chemical as well as physical conditions (van Es, 1993). This is noticed in fields that 

are ridged, where the ridge of the field is better drained than the furrow. Landscapes that are 

sloped with a convex or concave shape shows a lot more variability than that of a linear micro-

relief due to water movement within soil pores or over the soil surface. This affects the chemical 

and physical properties as well as the availability for nutrient uptake by crops (de Souza et al, 

2006). Topographical factors can thus provide important information that can help explain the 

spatial variation that is observed by different soil parameters within fields.  

Farmable fields are often characterized by a large amount of soil variation. This is due to human 

induced managements practices as well as pedologic and geologic soil forming factors (Van Es et 

al., 2007; Venter et al., 2013). The variability is enhanced by erosional cycles of soil sediments, soil 

organic carbon (SOC) and plant available nutrients, which have been found to strongly correlate 

(Adhikari and Bhattacharyya, 2015). Variations in soil texture is mainly a combined effect of soil 

forming processes and parent material that can be mixed due to erosion and soliflucation 

(Mertens et al., 2008). Soil texture, pH, nutrients and SOC are seen to be the most applicable in 

terms of precision agriculture as their spatial distributions directly or indirectly affect crop growth 

and hence crop yield (Viscarra Rossel and McBratney, 1998).  
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Although the spatial variability of soil physical attributes may be inherent in nature due to the 

geology and pedogenic soil forming factors, some of the variability may be due to other factors 

such as tillage and management practices or anthropogenic activities (Iqbal et al., 2005). Such 

variability is introduced through the uneven application of fertilizers, herbicides, and pesticides. 

Planting/seeding rates may differ with the speed at which the planter drives over the surface of 

the field (Conceição et al., 2016).. This results in uneven plant density later in the growing season 

(Sims, 1975; Nielsen, 1993). Seeders often get blockages which results in the uneven application 

of seeds. Tractor movement can also introduce localized soil compaction, which may alter 

germination rates. These issues may seem miniscule, however they may pose an un-noticeable 

threat towards the spatial structure of the experimental setup. These factors may interact with 

each other over time and space resulting in modified soil structural and chemical conditions. 

Therefore, when studying the spatial variability of soils it is important to not only take into 

consideration the soils surface variability but also the spatial variability in edaphic conditions 

(Lobell et al., 2005).  

Soils that exhibit a higher clay fraction have a tendency to hold more water than that of a soil with 

a lower clay fraction. This can be influenced by the tillage practice. If a tillage practice has been 

used over a very long time it can alter the physical properties as well as the hydrological behaviour 

of the soil. Compaction layers have been found to vary between as well as within fields. The depth 

of a compaction layer is also said to be non uniformly distributed within a soil profile (Nethononda 

et al., 2013). This affects nutrient uptake, water infiltration, aeration and root development as 

well as increases the potential risk of erosion.  

Haruna and Nkongolo (2013) found that the variability of soil water within a field is very high 

mainly due to variation in soil type; however, the physical characteristics of soils are able to vary 
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over considerably short distances. This variability is not only found within a soil-taxonomic unit, 

but also in a small area that seems to have uniform conditions (Stafford et al., 1996). Warrick and 

Nielsen (1980) examined the spatial nature of some soil properties within a field. Results from 

their study indicated that that bulk-density and saturated water content had a low spatial 

variability, while particle size distribution and saturated hydraulic conductivity varied 

substantially. Duffera et al. (2007) quantitatively assessed the vertical and horizontal variability of 

some soil properties associated with specific soil taxonomic units in order to test whether a 

relationship exists between soil taxonomy and the spatial variability of some soil properties They 

found that mapping particle size distribution could potentially account for up to 62% of the spatial 

field variability and concluded that particle size distribution was the best soil property for 

developing management zones based on soil variation.  

The spatial variation of plant available water content (PAWC) is also a major source of crop 

variability (Wright et al., 1990). Wong and Asseng (2006) found a positive relationship between 

grain yield and PAWC in Australia where low rainfall is known to be the yield-limiting factor. Rab 

et al., (2009) studied the relationship between PAW and its relationship between site-specific 

management zones. They found that soils with a high PAWC perform poorly compared to soils 

with a low PAWC. This result suggests that the relationship between PAWC and grain yield linear 

negative. Seasonal rainfall events may also stimulate spatial variation in crop growth and yield 

(Sadras and Angus 2006). In a study done by Mulla et al (1992), the PAWC pattern across the 

landscape had a large effect on spring wheat yields. They found that the temporal variability of 

PAWC had a greater effect than its spatial variability. The interaction between temporal climate 

conditions and spatially variable grain yields is thus highly dynamic and results in complex 

interpretations of soil variability patterns (Morgan et al., 2003).  
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Soil chemical variations are a lot more difficult to explain than physical variations. In agricultural 

field trials, regular fertilization and liming has taken place already, which leads to high nutrient 

supply as well as an equalized soil pH. The effect of soil pH and soil nutrients is thus generally 

regarded as negligible in most trials (Viscarra Rossel and McBratney, 1998).  Maniyunda and Gwari 

(2014) found that the cation exchange capacity (CEC) of soils increases from crest to down the 

slope, which is attributed to an increase in clay percentage. Studies have also shown that 

phosphorous as well as pH increase in the same manner. This could be due to the leaching by 

rainfall leaving the soil situated higher up on a slope to be saturated with more 𝐴𝑙3+and 𝐻+ than 

the lower slope (Osuaku et al., 2014). In a study done by Souza et al (2006), The variability of soil 

chemical attributes was higher on the depositional slope than on higher slopes subjected to 

erosional processes. This was due to the variable depth of soil found on depositional slopes. Soil 

pH variability was considerably low compared to that of H+Al, CEC and percentage base 

saturation. The highest variation however, was found in P, K, Ca and Mg and was strongly 

dependent on the soils spatial distribution. His results support the idea that the movement of 

water through concave and convex landscapes interfere with pedogenic soil forming processes, 

which favours the development of a high spatial variation in soil constituents. 

Soil organic carbon and total nitrogen have been found to decrease in cultivated soils compared 

to pastures (Kilic et al., 2012). Kumhalova et al (2008) found that the distribution of organic carbon 

and nitrogen within a field is influenced by flow accumulation and the degree of slope. They found 

that it might be due to the movement of nitrogen and organic carbon from the highest 

topographic points through drainage channels. This consequently causes the areas of 

accumulation to be higher in total nitrogen and organic carbon resulting in better availability to 

plants. This is supported by Senithkumar et al (2008) who found that topography affects soil 

carbon through erosional and depositional cycles as well as redistribution of water through 
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infiltration and runoff. This spreads organic matter across the landscape resulting in non-uniform 

distributions. 

Kachanoski et al (1988) examined the variability of soil water content, electric conductivity (EC) 

and soil texture, as well as the relationship between them. They found that the spatial variation 

in soil water content was highly correlated to the bulk soil electric conductivity and this was 

independent on the wide variation in soil texture. Measuring EC of soils is thus an important tool 

as it aids in measuring soil physico-chemical properties that influences crop yield and helps us 

understand the spatial variation of soil properties. 

2.3.2 Soil toposequences 

Soils are known to vary in a regular sequence along the slope resulting in variable soil pedologic, 

physical and chemical properties. This sequence in which soils are found is referred to as a 

toposequence (Eze, 2015). A toposequence can be divided into three subclasses, namely upper 

slope, mid slope and lower slope. Soils in a toposequence form a catena when the inherent 

drainage patterns differ with respect to the position within the slope. This implies that certain soil 

types are associated with certain landform elements and having knowledge of one soil type will 

allow you to predict the presence of another (Gerrard, 1992). A soil toposequence can be grouped 

into two groups. The first is defined by a group of different soils within a landscape that have the 

same parent material but vary due to topographic as well as geomorphic factors (Jenny, 1941).  

The second group consists of soils that have developed on more than one type of parent material. 

This increases the complexity of the soil pattern as the soils are also affected by variations in 

drainage and lateral transport of materials (Wysocki et al, 2011). 

Soils that occur within a catena generally vary in morphology, chemistry as well as physical 

properties. The variation typically occurs from the crest to the bottom of the valley consequently 
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affecting the soils potential for crop production. Osuaku et al (2014) found that physical 

properties of soils varied considerably more than chemical properties of soils down the catena 

sequence. He found a decrease in sand fraction on the lower slopes of the toposequence, while 

silt and clay fractions increased considerably. This was a result of a downward accumulation of 

clay due to the gravitational water flow, resulting in the accumulation of material and soil 

sediments on the lower slopes, which lead to deeper soil profiles on the lower slopes (Eze, 2015). 

Maniyunda and Gwari (2014) found increased CEC in positions lower down in the landscape in 

comparison to crest positions. This was mainly due to the increase in clay content downslope, 

however, the base saturation decreased. This may be attributed to the leaching of the basic 

cations due to internal drainage issues in the lower slope positions of the clay-rich soils. 

The toposequence not only affects soil properties but can also affect the classification of soils. 

Soils that have the same parent material can be different due to the distribution of water and 

sediments. Erosional cycles of detachment, transportation and deposition of soil materials are the 

main driving factor for this (Maniyunda and Gwari, 2014).  Vanwallaghem et al (2013) used a soil-

landscape regression model to quantitatively model the spatial prediction of soil properties. They 

found that the eroding areas of soils (convex hill slopes) are thinner than those in stable areas 

such as valley bottoms. This results in the thickness in soil layers found on valley bottoms to be 

more variable not only in thickness, but also in soil properties. Soil organic carbon can increase up 

to two times the amount at the depositional site and can also be buried several meters below the 

soil surface. De Souza et al (2006) studied the variation between concave and convex landscapes. 

He found that topographic variability dramatically affects water movement, which subsequently 

affects nutrient availability. This results in spatial differences of soil chemical attributes in varying 

relief shapes. 
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2.4 Design of agronomic field trials 

2.4.1  Controlling field variability 

An experimental design is used in order to efficiently collect data for the purpose of researching 

a specific objective (Crossa, 2003). A poorly planned field trial can result in a high risk of failure 

(Nielsen, 2010). There are three decisions that are very important regarding the planning of your 

field trial. These decisions include the selection of your field, replication of treatments and the 

randomization of your treatments (Nielsen, 2010).  

Replication within field trials is used to increase the significance of experimental results by 

replicating a set of experimental treatments (Crossa, 2003). This allows for the estimation of 

experimental error and increases a researchers confidence level in which he/she can draw 

conclusions from their results.  This enables a researcher to statistically differentiate treatment 

effects from one another due to variations. If the variability can be detected before hand, the 

replicates should be position in such a way that each replicate of the plot is reasonably uniform 

within itself. This will bring the variation level among the plots down to a level that is considered 

uniform (Kirk, 1995). 

Randomization is generally used to eliminate any form of bias within an experiment (Festing 

2014). This process involves randomly allocating a treatment to an experimental unit in a non-

subjective manner (by chance). Randomization is seen to be the most reliable method in which 

treatments are homogenously grouped (Crossa, 2003). The disadvantage of randomization is that 

there is a chance that treatments can be located in similar positions in different blocks, and can 

also be placed in adjacent blocks (van Es et al., 2007).  Plots should be planned in such a way that 

there is space for a plot width, which will allow a harvester to harvest within the plots and use the 

outside borders of the plots for gleaning (Nielsen, 2010). 
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Blocking is applied to fields in order to control local variability. Blocking is applied in order to limit 

experimental error by capturing various sources of variation (Jones, 2015). In order to successfully 

layout an experimental field trial, it is helpful to have a good understanding of the variation prior 

to the setup of the trial. Without prior understanding of the variation within a field, the spatial 

trends can hinder the successfulness of blocking (Van Es et al., 2007). In practice, researchers 

often arrange the blocks in a manner that is most convenient for logistical purposes or practicality. 

This is a common challenge that many researchers are faced with and this can result in 

unsuccessful trials or results that are insignificant. 

2.4.2 Completely randomized design 

Completely randomized designs are seen to be the simplest form of experimental design (Davis 

et al., 2012). This has proven to statistically be the most powerful form of design as there is a 

maximum chance of detecting differences if they exist. This design replicates each treatment, 

however, the treatments are not blocked but are still assigned experimental units. It is important 

that each of these experimental units is uniform, however it is almost impossible to ensure 

homogeneity of soils in field conditions as many factors that are uncontrollable come into play. 

Thus all unrecognized variations are included within the experimental error (Crossa, 2003). Due 

to the large variations within field conditions, this design is more commonly used in greenhouse 

trials (Davis et al., 2012). 

2.4.3 Randomized complete block design 

Randomized complete block (RCB) design, or control of local variability, is a design used to 

deliberately arrange experimental plots into groups in order to make these groups as similar as 

possible with regards to initial conditions (Crossa, 2003). The treatments in this design are both 

replicated and blocked. The variability of soils needs to be reduced in order to obtain precise 
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results. Delineating the soil into two or more production classes such as low potential and high 

potential can do this. Blocking will thus remove the effect of high and low potential soils before 

any application of treatments (Hadarbach, 1995). The best and most efficient way of obtaining 

this information is to apply a uniformity trial using one crop as a reference for a preliminary 

experiment. This way all your experimental units will be exposed to uniform conditions and 

blocking can be taken out more successfully. If you cannot detect or delineate any form of 

variation within a field, this design should still be used but the blocks should be laid out as square 

as possible (Davis et al., 2012). The treatments are then distributed randomly to the plots, which 

allows one to statistically differentiate the treatment effects from each other. The blocks are 

usually referred to as replications, due to each block containing one plot of each treatment.  

Generally the smaller the blocks are the more effective they are at reducing variability. With a 

smaller block size there is a smaller chance of variation in soil properties within the block however, 

with a larger block size there is a greater chance of having soil heterogeneity within the block 

(Crossa, 2003). Ideally you would want the only differences to be due to the treatment effects. 

The blocks can be arranged in many ways the field trial area is large enough to allow for this. The 

easiest way to arrange them is side-by-side, however, they may also be scattered over the field 

depending on your preferences. 

2.4.4 Split plot design 

Split plot designs are usually used when an experiment has more than one factor that is able to 

prevent you from randomizing your treatments into a completely randomized block design. The 

constrain preventing you from randomizing your treatments may be based on numerous factors 

such as machinery (harvester/planter sizes) as well as biological considerations (Davis et al., 2012). 

The ‘split plot’ refers to splitting one whole plot into two sub-plots. This design is used when, in 
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each block, sub-plots are associated in groups of four, which forms three whole plots per block 

2.4.5 Latin square design 

The Latin Square is a design in which bidirectional blocking is applied. This results in treatments 

to occur once within each row and each column. This means that the number of treatments is the 

same as the number of rows as well as the number of columns (Jones, 2015). Due to this two-way 

stratification, variation in the experimental error is reduced. This type of design is generally used 

in agricultural field trials when there is a two-way gradient present. The analysis for a Latin Square 

design is slightly more complicated than the RCB design, however, current agricultural scientists 

rarely use the Latin Square (van Es et al., 2007).  This is due to the logistical constraints that 

farmers have to deal with. In order for the design to be justified, variation needs to exist in both 

blocking directions. Agronomic literature rather indicates that the RCB design is the more 

comfortable choice due to convenience and past success and thus the reason that agricultural 

researchers would rather make use of it (Jones, 2015). 

2.4.6 Stratified experimental design 

Stratified experimental design is a form of randomization where units are grouped based on the 

values of the covariates (Imbens and Rubin, 2015). These covariates need to be identified by the 

researcher who understands the potential influence that these covariates have on the variable of 

interest. Within these groups, or strata, a completely randomized design is conducted. These units 

are grouped together according to some pre-treatments characteristics and the possible influence 

that the covariates had on the experiment would be controlled (Imbens and Rubin, 2015). 

2.5  Optimization vs. Randomization of field trial layouts 

In its simple case, optimization aims at maximizing or minimizing a real-valued function (Chong 

and Żak, 2001). In the context of this review, optimization is a process or methodology of making 
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a design as fully perfect or effective as possible. An optimization problem involves a parameter/s 

that needed to be determined in order to achieve a viable performance when a constraint is acting 

upon it (Bertsimas et al., 2015). Most optimization algorithms are iterative, meaning that they are 

performed repeatedly until hopefully, convergence to an optimal solution occurs (Chong and Żak, 

2001). Generally, the complexity of the optimization problem determines how much effort is 

needed in order to solve it. Time complexity is determined by the number of iterations needed in 

order to solve the problem (the more time necessary, the more difficult the problem), while space 

complexity is determined by the amount of memory that is necessary (Cook, 1971).  

The optimization problem associated with the design of agronomic field trials can be considered 

a non-deterministic polynomial time complete (NP-complete) problem. A decision problem is a 

problem that can be answered with a yes/no answer that consists of complexity classes. The class 

NP is a complexity class from which problems can be answered by a yes solution in polynomial 

time. NP-complete problems are a subset of NP (Cook, 1971). All tractable problems form part of 

NP. Tractable problems are easily solved using a polynomial-time algorithm where the running 

time of the algorithm increases as the input size is increased. However, there are a lot of problems 

whose difficulty is unknown. Up to now, there are no known polynomial-time algorithms for any 

NP-complete problem, thus this intractable problem is informally known as the hardest problem 

in NP. 

 Long-term field trials are a large investment into natural, human and financial resources, thus 

researchers need to be confident in the ability of their design to produce significant results. 

Random assignment within agricultural field trials is typically the standard method applied to 

experimental designs, as it aims to make experimental groups statistically uniform prior to 

applying treatments. In practice however, randomization produces groups that are often non-
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uniform due to small sampling sizes. 

Randomization has been found to address two kinds of bias within experimental designs 

(Bertsimas et al., 2015). The first is Investigator bias, which is the possibility that the 

researcher/investigator may intently or accidentally group experimental units into groups that 

create biases towards a particular result. The second is the disproportionate assignment of 

variables that may directly create bias and favour a certain treatment effect. Many researchers 

rely upon this method of designing experiments as it generates statistically equivalent groups that 

are well matched with regards to any statistic. However, it has been found that the discrepancy 

is substantially increased when the size of the grouped treatments is small as well as when the 

number of treatments is increased. 

Optimization involves the assignment of experimental units into groups in order to minimize the 

discrepancies between them. After the assignment, the groups are then randomly assigned a 

treatment (Bertsimas et al., 2015). This ensures an unbiased estimation. This means that if the 

treatments were repeated many times, the average of the results obtained would coincide with 

the true value. Optimization thus eliminates any form of bias due to pre treatment variation.  

It has been found that the conventional RCB design does not ensure spatial balance and this has 

an effect on the balance of treatments (van Es and van Es, 1993). Although this is the most 

commonly used design, research has shown that this conventional randomization of treatments 

to plots may produce bias towards certain groups of treatments and introduce variable precision 

within field trials due to the underlying variability in soil attributes. This leads to results showing 

no significant differences between treatment effects and is often unexplainable or seemed to 

show little biological meaning (Sedibe and Allemann, 2012; Palé  et al., 2016). Van Es et al (2007) 

conducted a probability distribution and a simulation study as a crop uniformity trial and 
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concluded that the RCB design could produce unequal precision when comparing treatment 

effects where a spatial trend is present. He also argued that when trends are present within fields, 

false treatment effects might be generated due to the presence of fertility gradients. Fagroud and 

van Meirvenne (2002), as well as Martin et al (2004) have examined this concern of spatial trends 

within fields by collecting and studying soil and crop information prior to the set up and design of 

experimental field trials in order to optimize the field trial design.  

Van Es et al (2007) developed the spatially balanced complete block (SBCB) design that differs 

from the conventional RCB design in that it aims at spatially optimizing experimental layouts. This 

ensures against user bias and allows for multiple design outcomes. The objectives of the SBCB 

design are to promote spatial balance and ensure that treatments do not occur in the same 

position in different blocks (Gomes et al., 2004).  These objectives were simultaneously applied 

to a computational optimization method of simulated annealing, which is based on the approach 

of the Travelling Tournament problem (Anagnostopoulus et al., 2003). Simulated annealing is a 

probabilistic method for finding a good solution to an optimization problem, and is mostly used if 

your intentions are to minimize or maximize something, in this case, minimizing spatial variability 

and the discrepancies between treatment effects (Geltman, 2014). The SBCB design provides 

spatial balance among treatments and ensures that spatial variability and field trends have no 

effect on the outcome of the experiment. To achieve this van Es et al (2007) evaluated the 

uniformity between treatment contrasts based on the location and average distance between 

various plots. The design was then balanced based on the distances of all treatment contrasts. 

Van Es et al (2007) found that the computational requirements (time and space) for simulated 

annealing increased exponentially when the size of the experimental design increased. They 

found that the optimization method to be useful for experimental designs of up to 15 treatments 

and 15 replicates. Randomly assigning treatments to the SBCB design eliminated user bias and 
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provided a larger number of possible design outcomes, however not as many as the conventional 

RCB designs. This gives an indication that field experimental designs have room for improvement, 

and that new methods of optimization should be explored and tested over the conventional 

methods of randomization. This would improve confidence levels and assure reliable results, 

especially with regards to long-term experimental trials. 

2.6  Conclusion 

Small fields are often characterized by a large amount of spatial soil variability, even under 

conditions where land has been uniformly managed for decades. Soil variability is a huge concern 

for farmers as well as researchers regarding the planning of block design field trials. Blocks need 

to be laid out in such a way that each block receiving the same treatment will produce statistically 

significant results in order to be successful. 

It is known that soil properties vary spatially between fields as well as within the same field, 

caused by both soil forming factors as well as soil management practices. For this reason, it is 

important that the variability is quantified according to individual soil parameters by means of 

sampling as well as classification systems. Classifying soils into group’s aids in refining precision 

agriculture, which will have an effect on crop productivity and yield. Having a complete 

understanding of the soil pattern within a field is important in agricultural experiments for 

consistent and reliable results. 

Field variability causing uneven growth conditions has to be quantified and correlated with 

variance in production throughout an experimental site (Cambardella et al., 2004). This 

correlation may obscure the results of applied treatments in field experiments due to high 

variances as well as high values of standard deviations, thus reducing the significance of results. 

It is thus important that the layout of an experimental trial is set out in such a way that the 
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variance as well as standard error between each replicated treatment plot is equal when all the 

plots receive a single reference treatment. This optimizes the experimental design procedure and 

reduces bias in long-term field trials.  In order to achieve this, aerial photography in combination 

with spectral indices such as the NDVI can be used to measure within field variation prior to the 

setup of an experimental design. This produces a visual representation of the spatial structure in 

soil and crop properties and can be useful for characterizing spatial field variability resulting from 

previous land use/crop management practices. Having a priori knowledge of the spatial structure 

of crop growth from the NDVI image(s) can aid in identifying areas of homogenous growth, which 

can be used to plan or layout trials by grouping experimental units into areas of similar growth 

conditions. This, in combination with yield maps from uniformity trials or previous seasons, can 

be a powerful tool in the planning of a new experiment that will ensure that no bias is introduced 

into the experimental setup and give researchers more confidence in obtaining significant and 

reliable results.  
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Chapter 3. Site description 

 

3.1  Location  

The field trial was conducted as a component trial within a long-term crop and soil sustainability 

trial on Langgewens Research Farm located 18km North of Malmesbury in the Swartland region 

of the Western Cape of South Africa (33°16’34. 41” S, 18°45’51. 28” E). The trial was conducted 

during 2015 and 2016 under the supervision of the Western Cape Department of Agriculture. The 

Swartland is a sub region of the Western Cape, which is a well-pronounced small grain producing 

area. A map of the Langgewens research farm can be found in Figure 3.1. 

 

Figure 3.1. Map of Langgewens research farm and its location within the Western Cape, South Africa. 
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3.2 Topography and land use 

The Swartland is situated in the West Coast district between the Berg River and the Atlantic Ocean 

where cool sea breezes modify the microclimate of the area. The low-lying landscape consists of 

a softly undulating plateau that falls between two mountain ranges however it is interrupted by 

many smaller mountains which creates a very unique area in terms of altitude and aspect. Most 

of the surrounding farms are utilized by farming activities consisting mainly of small grains (e.g. 

wheat and oats), canola oil seeds, legumes and pastures, vineyards and livestock, of which, the 

majority are grown under dry land conditions.  

The Swartland has been exposed to significant land degradation and erosion in the past that 

almost resulted in an economic collapse during the 1940’s. Since then soil conservation and 

education on the matter has grown and over time erosion has been mitigated. Due to this, only 

small remnants of the natural vegetation (Renosterveld) remain and the region now faces the 

challenge of climate change. This has resulted in a dynamic land use situation in which 

conservation agriculture has become the dominating method for agricultural development. 

Farmers are searching for eco friendly methods in order to conserve water and soil nutrients. 

Methods are also being employed in order to minimize their inputs while maximizing their 

outputs.  

3.3  Climate 

The Swartland has a typical Mediterranean climate characterized by hot dry summers and cold 

wet winters. The terrain form influences the annual rainfall of the area. Higher rainfall occurs on 

the higher lying areas during the winter months between May and October. Figure 3.2 depicts the 

rainfall figures for the seasons of 2014, 2015 and 2016 compared to that of the long-term average. 
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Figure 3.2. Rainfall (mm) of the 2014, 2015 and 2016 season compared to that of the long-term average 

rainfall (mm) on Langgewens research farm. 

The long-term average is 425.8 mm of which the bulk occurs during the winter season in the 

months of May, June and July. The total amount of rainfall in the 2014 and 2015 season fell well 

bellow the mark of the long-term average with totals of only 355 mm and 208 mm respectively 

compared to 425.8 mm. This trend is caused by a drought and has resulted in rapid yield declines 

on many farms, which has seen farmers turn to conservation agriculture as a pose to conventional 

methods. On the other hand, rainfall in 2016 rose to 416 mm, close to that of the long term 

average.  
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Figure 3.3 Mean monthly temperature (°C) compared to the long-term (Lt) mean temperature at 

Langgewens research farm (2015) 

3.4 Soil & Geology  

Geologically, pre-Cambrian metamorphosed shale and fine sandstones, dominate the Swartland 

region (South African Committee for Stratigraphy, 1980). This material is of marine origin and 

commonly known as Malmesbury Group Shale (Talbot, 1971). The soils derived from this material 

are characterized by transported material of a loamy and clay-rich nature that are prone to 

cracking after heavy rain and are known to be susceptible to erosion (Meadows, 2003). The origin 

of the Malmesbury Group consists mainly of marine sediments and the bedrock beneath the 

commonly found loamy horizon is made from sediments laid by Precambrian seas (South African 

Committee for Stratigraphy, 1980). The pedon is described as a topsoil horizon of a weak texture 

that overlies a horizon of stronger texture and is categorized as a duplex soil (Talbot, 1971). This 

is a common finding in the Swartland region. The transported material creates a highly 

impermeable horizon when wet and overlies the shale that is weathering in situ.  
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3.5 Trial design and layout 

The trial was a component trial within a ten yearlong experimental trial, initiated to control the 

adverse effects that within field soil, topographic and yield variability has on the outcome of block 

design field trials. The experiment was laid out as an incomplete block design, across a 12ha area. 

The use of a conventional randomized complete block design was not possible due to the different 

sizes of the field camps. An even distribution of plots in all camps could not be achieved. The trial 

consisted of 3 cropping systems with varying degrees of crop diversity. This entailed the allocation 

of 120 plots to accommodate the 4 replicates of the trial. A representation of the block layout can 

be found in Figure 3.4. 

In order to assess the variability in production, the whole trial area was planted to wheat as a 

uniformity trial in the year 2015. Yield data was gathered using a New Holland T54 combine 

harvester equipped with a yield monitor. This system ran in combination with a global positioning 

system (GPS) in order to locate and visualize the spatial pattern in wheat yield over the trial area. 

In 2016 the trail was laid out as an incomplete block design (Figure 3.5).
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Figure 3.4 Location of trial fields (camps) assigned to the field trial. 

The trial consisted of four camps: 19A, 19B, 19C and 20 (Figure 3.4). Prior to the uniformity trial 

the crop rotation sequences from the 2010 to 2014 seasons were as follows: 

 Camp 19A: medic-wheat-medic-medic-wheat. 

 Camp 19B: medic-wheat-medic-medic-wheat. 

 Camp 19C wheat-medic-medic-wheat-medic. 

 Camp 20 medic-medic-wheat-medic-medic. 

The fertilizer program was applied at the following rates: 

At planting:  

 Alpha 36 @ 100 kg·ha-1 this contains 15.8kg N, 10.5kg P, 5.3kg K and 4.5kg S 
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Topdressing:  

 Cura A433 @140 kg·ha-1 this contains 47.6 kg N, 5.9 kg P and 7.4 kg S 

 

Figure 3.5 Representation of the block layout with the respective crops each block was planted to in the 

year 2016 . 
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Chapter 4.  Assessing the spatial variability in spring wheat yield 

using aerial imagery and ground based data 

4.1 Introduction 

4.1.1 Importance of yield variability 

Spatial variability within crop fields has created the need for precision agriculture. Farmers are 

aware of existing differences in crop growth and yield between years and within their fields and 

recognize the need for technology and site specific management to improve farm profitability 

(Wilkerson and Moody, 2004; Jayroe et al. 2005). Applications of precision agriculture and remote 

sensing require spatial data at a scale that allows crop responses to be compared to various 

properties such as soil information and field management practices. A dramatic advancement in 

acquiring spatially variable crop and yield data is the increasing use of combine-mounted grain 

yield monitors. These harvesters acquire not only grain yield values, but also predict grain protein 

values as well as obtain valuable information on crop moisture. This provides actual 

measurements of crop yield providing accurate spatial data to produce yield maps (Moran et al., 

2000; Fisher et al., 2009). These yield maps are vitally important for the management of fertilizer 

applications, water management as well as planning planting operations and provide a visual 

representation of yield variability over fields.  

4.1.2 Arial assessment of crop growth and yield variability 

Aerial images acquired from low flying drones, have recently been widely used for the prediction 

of crop yield before harvest (GopalaPillai and Tian, 1999; Lobell et al., 2005; Panda et al., 2010). 

The images obtained from these flights can provide high-resolution information of the crops 

spectral characteristics. This aids in detecting changes in vegetation patterns and monitoring crop 

vigour throughout a growing season (Pinter et al., 2003). Strong growth is characterized by strong 

absorption of energy in the red wavelength and strong reflectance of energy in the NIR 
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wavelength (Panda et al., 2010). The difference between these two wavelength bands can be used 

to create various indices of differences in vegetation. Yang and Anderson (1996) found a strong 

correlation between grain yield and NDVI as point observations, as well as NDVI time intervals 

during specific crop growth stages. NDVI maps have also been to determine which parts of 

paddocks perform the best on a yearly basis (Larscheid and Blackmore, 1996). Early season NDVI 

images have also been used to assist crop management decisions within seasons where field 

sampling of yield has used to calibrate the NDVI for estimating yield (Raun et al. 1999). Smith et 

al (1995) correlated NDVI images captured in time intervals throughout a growing season and 

found that a high proportion of yield variation can be captured when early and late NDVI images 

are combined within a season. The NDVI is know as a slope based vegetation index, which is based 

on each pixel point in a 2-dimesional Red-NIR space being geometrically equivalent to the slope 

of the line between the origin of the red-NIR space. The NDVI is determined using the red and NIR 

bands from a given image and is calculated as follows  

𝑁𝐷𝑉𝐼 =  
𝑁𝐼𝑅 − 𝑅𝐸𝐷

𝑁𝐼𝑅 + 𝑅𝐸𝐷
 

Where NIR and RED are spectral reflectance and the RED represents spectral reflectance from the 

red band of the red green blue (RGB) image.  

The main function the vegetation indices are to compensate for the undesirable effects such as 

soil background and atmospheric conditions, on the relationships between vegetation spectral 

reflectance (Bouman, 1932). Distance based vegetation indices are used to cancel out the effect 

of soil background interference where vegetation is poor and pixel represent not only vegetative 

information but also bare soil information (Huete and Jackson, 1988). The distance based 

vegetation indices establish a soil line where the perpendicular distance between the pixel points 
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and the line is measured (Mróz and Sobieraj, 2004). The soil adjusted vegetation index (SAVI) is a 

good example of a distance based vegetation index and is used to minimize soil brightness. The 

SAVI is a modification of the NDVI and is defined as 

𝑆𝐴𝑉𝐼 =  [
𝑁𝐼𝑅 − 𝑅𝐸𝐷

𝑁𝐼𝑅 + 𝑅𝐸𝐷 + 𝐿
] × (1 + 𝐿) 

Where L is a constant that adjusts for the negative effect of soil background. Huete and Jackson 

(1988) defined the adjustment factor of L = 1 for low vegetative density, L= 0.5 for intermediate 

vegetative density and L = 0.25 for high vegetative density.  

4.1.3 Variability in field topography and crop performance 

GIS and technology has been widely used to create digital elevation models from which, various 

topographic indices can be calculated and used for yield variability analysis (Marques da Silva and 

Silva, 2008). Many studies have been conducted studying the relationship between topographic 

attributes and yield variability (Yang et al., 1998; Kravchenko et al., 2000; Kaspar et al., 2003). 

Topographic indices include elevation, surface curvature, slope, aspect, flow accumulation, 

terrain wetness index (TWI), flow length (FL) and upslope contributing area to name a few. The 

effects of these topographic indices on crop yield have been found to be variable under different 

climatic and soil conditions (Kravchenko et al., 2000). Average grain yield and moisture content 

has been significantly correlated with flow accumulation lines within an irrigated field at harvest 

(Marques da Silva and Silva, 2008). Green and Erskine (2004) found that the topographic wetness 

index explained up to 38-48% of the spatial variation in wheat yield in eastern Colorado, USA. Cox 

et al (2006) identified field elevation to be a significant contributing factor towards corn yield and 

quality. Yang et al (1998) found that determining parameters of elevation, slope and aspect alone 

has the potential to explain up to 35% of wheat yields variability. The effects of topographic 
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indices on crop yield are often dependent on the prevailing weather conditions. Soil water is 

known to be a major crop limiting factor and thus rainfall plays a vital role in dry-land agriculture 

as crop yield is affected by the interaction between topographic attributes and soil properties. 

Fiez et al (1994) stated that it is important to investigate soil properties that vary and correlate 

with topography as literature points to inconsistent effects of topography on crop yield. This 

would help researchers understand the relationship between yield variability under varying soil 

and topographic conditions.  

The spatial-temporal aspects of characterizing yield have been explored in many papers. Carbone 

et al (1996) used variable climate and soil properties to describe the spatial variability of soybean 

yield on a country scale. Studies done at a much smaller scale would require more detailed in-

field measurements larger than that produced from soil maps and weather variations (Sadler and 

Russell, 1997). Remote sensing has shown to be a viable and valuable technique for estimating 

crop yield and mapping soil properties (Rudorf and Batista, 1991). This approach is favourable as 

it is possible to use satellite or aerial images of spectral reflectance indices and digital elevation 

models to estimate crop biomass (Fisher et al., 2009). Visible, red, green and NIR wavelength 

regions of the electromagnetic spectrum have been used in combination to create vegetation 

indices that have successfully monitored crop health, crop stress and yield as well as predict yield 

before harvest (GopalaPillai and Tian, 1999; Lobell et al., 2005). These images have been used to 

develop regression models and correlate in field measurements of crop yield and biomass with 

selected vegetation indices (Thenkabail et al., 1994).  

This chapter seeks to a) learn the extent of spatial variability in observed yield within the field trial 

area, b) determine whether vegetation and topographic indices derived from remotely sensed 

images are able to characterize the observed yield variability and c) determine the capability of 
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vegetation indices together with topographic parameters to predict spring wheat yield 

4.2  Methods and Materials 

4.2.1 Mapping the spatial distribution of wheat yield 

To investigate the occurrence of yield variability within the trial site, a uniformity trial was 

conducted during the 2015-growing season. The 10ha trial site was planted to wheat for one 

growth season to assess the variability in yield prior to the establishment of the trial layout. The 

trial consisted of four camps: 19A, 19B, 19C and 20 (Figure 3.4). Crop rotation schedules from the 

2010 to 2014 season followed a medic-wheat-medic-medic-wheat rotation in camps 19A and 19B 

while camp 19C followed a wheat-medic-medic-wheat-medic and camp 20 a medic-medic-wheat-

medic-medic rotation. All camps did not appear visually uniform and in order to remove potential 

bias from the trial, in combination with soil and yield data, a decision was made to exclude camp 

19A, the lowest yielding camp.  Experimental units of the trial were arranged as an incomplete 

block design with each individual plot 30 meters in length and 15 meters in width. An additional 

5-meter buffer zone was added to the length and one-meter buffer zone to the width for easier 

navigation of the harvester and planter. A total of 120 experimental units were assigned to the 

study area using GIS to ensure homogenous conditions and no bias towards any potential 

treatments that may be applied. The field was harvested on the 4th of November in 2015 and on 

the 8th of November in 2016. Yield data was gathered using a New Holland T54 combine harvester 

equipped with a yield monitor. The system ran in combination with a weighing instrument and a 

GPS, which allows the generation of a digital map using a geographical information system. 

Calibration of the yield monitor was determined by comparing the weight reported by the yield 

monitor to the actual grain weight in the wagon of the harvester to ensure data accuracy. For 

every 3 m2, the harvester generates a spatial point, which contains information such as crop 

moisture, field elevation and yield in t·ha-1. All harvested points were transferred into a GIS. 
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Exploratory and descriptive statistical analyses were taken out from the yield data; calculating the 

mean, standard deviation and coefficient of variation. Raw yield data points obtained in the field 

often show edge effects (lower values along the edges of the harvester operation compared to 

the full length of the harvester path).  The edge effects are largely due to the fact that the path at 

the beginning and end of the harvested field may include sections with no crop, which are 

averaged with the section that effectively contains grain. A filtering process was applied in order 

to remove the above edge-related underestimation errors by manually removing the yield points 

at the beginning and end of the harvester path, as well as the points that surrounded the outer 

edges of the field.  

 The open source R-statistical software 1.0.136 was used to determine the spatial dependence 

using the semivariogram method and cross validation was done to test the accuracy of the model. 

A wheat yield map was constructed using kriging method and the components from the 

semivariogram.  

To correlate wheat yield with soil physical and chemical attributes, linear correlation coefficient 

was used at a 5% probability. Wheat yield was assigned to each soil sampling point by overlaying 

the spatial soil sampling points over the krigged yield map. The mean wheat yield was then 

extracted from the krigged yield map that fell within the limits of a 10-meter radius of the soil 

sampling point.  

4.2.2 Flight parameters 

A total of two unmanned aerial vehicle (UAV) flights were conducted to obtain practical 

information on wheat variability through the 2015 and 2016 growing season. The flight in 2015 

was obtained on the 27th of September, while the flight in 2016 was obtained on the 10th of 

September. Sensor calibration as well as atmospheric and geometric corrections was done in 
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order to eliminate any errors that could be associated with differences in atmospheric conditions 

between the two acquisition dates (Sellers et al., 1994). Methodology follows photogrammetry 

data capturing and processing, index creation and digital elevation model (DEM) extraction 

workflows based on processes adapted from Kaufmann and Ladstaedter, 2002; Fonstad et al 

2011; Mancini et al 2013; Ballesteros et al 2014 and Xu et al 2014. The imaging system used for 

the aerial image acquisition was a 16MP commercial NIR camera (Canon Powershot S110_5.2 NIR) 

attached to an Aerohawk fixed wing UAV in 2015 an a senseFly eBee UAV in 2016. The aerial 

images were obtained in a TIFF format with a nominal ground resolution of 75 cm × 75 cm. The 

initial raw images were not geometrically corrected and were thus georeferenced using ArcGIS 

10.1 (ESRI, Redlands, CA, USA) with reference to ground control points. All of the images were 

captured during cloud free conditions and flight height and image acquisition aperture and speed 

were kept the same during the two years.  

4.2.3 Extraction of topographic and vegetation indices  

Topographic data were obtained from the DEM captured by the drone flight in 2015 (Figure 4.1). 

To analyse the interaction between topographic parameters and the spatial vegetation pattern, 

five topographic parameters were derived from the DEM. The topographic parameters consist of 

four primary and one secondary parameter. The primary attributes include slope, elevation, 

aspect, curvature and upslope length which are calculated directly from the DEM, while the 

secondary attribute, topographic wetness index, is calculated directly from the slope and a flow 

accumulation model. The TWI is based on the idea that low-lying (concave) areas will accumulate 

water (high values of TWI), and higher convex areas will shed water (low values of TWI).  All of the 

topographic models were created in ArcGIS 10.1.  
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Figure 4.1. Digital Elevation Model of the trial site on Langgewens research farm represented in meters (m). 

The imagery was captured with a 16-mega pixel (MP) commercial NIR camera (Canon Powershot 

S110 5.2 NIR) at 401.65 feet above the mean ground level. The camera band details were 

calibrated to: green (560nm), red (625nm) and NIR (850nm). The data was processed three times 

in Pix4Dmapper to ensure consistent results. After atmospheric correction all images were 

resampled to the resolution of the DEM at 4.75 m and projected into the Universal Transverse 

Mercator (UTM) projection system, zone 34S, WGS84 (World Geodetic System 1984). Our 

approach was to use two vegetation indices and five topographic indices as input parameters to 

analyse the variation in crop growth and yield. A slope based vegetation index (NDVI) and distance 

based vegetation index (SAVI) were used. The SAVI minimizes the effect of soil brightness on the 

image (pixels with a combination of soil and crop information). The canopy cover of the Swartland 

grain region is considered just over intermediately dense, and 0.47 was decided as the L factor.  
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All of the images were clipped to the shape file of the field blocks and statistics were drawn per 

each block. The points at which soil samples were taken were added to GIS and NDVI values were 

extracted from a ten-meter radius from each of the soil sample collection points. The fields were 

then averaged through zonal statistics (clipped per field ID), and basic statistics were drawn. The 

fields were then subdivided where visible differences (differences greater than two standard 

deviations) in field health were present, and zonal statistics were then drawn for each subdivision. 

All of the results were mapped in a GIS.  

4.2.4 Statistical and geostatistical analysis 

The spatial pattern of wheat yield was studied using geostatistical techniques. The semivariogram 

model fitting was carried out using the open source R-statistical software and kriging procedures 

were done in the ArcGIS 10.1 program. Yield monitor data points represented over the whole trial 

area were used as the input data points to determine the degree of yield variability and to create 

an estimated yield prediction map. The best fit to model for the collected yield data was a 

Gaussian semivariogram model. Ordinary kriging interpolation was then applied to generate the 

wheat yield map using the model parameters of the fitted semivariogram models. 

Random forest regression, a machine-learning algorithm, was explored to predict which 

topographic and vegetative indices had the greatest influence on wheat yield. The random forest 

uses recursive partitioning to construct multiple decision trees to rank the relative importance of 

the topographic and vegetative indices on yield. This was achieved by separating the data into 

training (70%) and testing (30%) sets. In each tree the algorithm uses randomness by selecting a 

random subset topographic and vegetative indices to determine a split at each node in the 

regression process. The observations that are not present in the tree are then predicted. This is 

known as the out-of-bag (OOB) estimate of the data. The difference between the mean square 
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errors between the OOB data and the initial data used to create the regression is known as the 

OOB error, which is calculated for each variable. The individual variable importance is then 

determined and is based on the prediction accuracy (Prasad et al., 206).  

4.3 Results and discussion  

4.3.1 Spatial variation in wheat yield 

Summary statistics of spring wheat yield in both the 2015 and 2016 season are represented in 

Table 4.1. The Coefficient of variation (CV) shows that variability in wheat yield was found to be 

higher in 2015 than in 2016. The mean yield was significantly lower in 2015 - 1.695 t·ha-1 vs. 3.697 

t·ha-1 in 2016 (Table 4.1).  Figure 3.2 shows that the year 2016 was the wettest out of the two 

years; indicating that the higher yield found in 2016 could be attributed to the higher rainfall and 

the interaction with topographic variables. The total amount of rain received during the growing 

period in 2015 was 170 mm, while in 2016 it went up to 355 mm for the periods April-September. 

The overall rainfall in 2015 was significantly below average. We attribute the increase in 

production from 2015 to 2016 entirely due to increase in water supply, since no other trial 

parameters have changed as significantly. 
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Table 4.1. Descriptive statistics of wheat yield (t·ha-1) and methods of interpolation used for the yield map 

prediction in 2015 and 2016. 

 

The Gaussian model was found to provide the best fit to the experimental semivariograms of 

wheat yield in both years. Table 4.1 provides the model parameters and Figure 4.2 shows the 

Gaussian variograms computed using R-statistics as well as the predicted kriged maps conducted 

in ArcGIS 10.1 using the parameters from the semivariogram model. The semivariogram of yield 

show a stronger spatial dependence in the drier year, 2015, with an approximate ranges of 

174.75m. On the other hand, the semivariogram of yield in 2016 showed a moderate spatial 

dependence with an approximate range of 65.11m, less than half that of 2015. It is clear that the 

range for different years was quite different which suggests that the spatial behaviour of wheat 

2015 2016

Harvester	points	 7041 1801

minimum	 0.316 0.371

maximum 5.915 12.005

mean	 1.695 3.697

Standard	deviation	 0.545 0.865

Coefficient	of	variation	(%) 32.173 23.393

Method	of	interpolation	

semivariogram	model	

nugget	(Co) 0.097 0.446

Sill	(Co	+	C) 0.341 0.685

Range	(Ao,	m) 174.750 93.710

Spatial	dependence	(%) 28.450 65.110

Spatial	dependence	class	 M M

Kriging

Gaussian

Winter	wheat	
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yield changes from one year to another. Essentially it means that in a dry year the yield pattern is 

more spatially continuous and in a wet year it is more variable over shorter distances. That may 

be due to redistribution of larger amounts of water by the ridge-furrow system of wheat 

cultivation in the trial fields. 

 

Figure 4.2 Semivariogram models and kriging results of spring wheat yield in 2015 and 2016 respectively 

with flow accumulation lines derived from the DEM. 

4.3.2 Crop vegetative indices and topographic parameters 

The acquired aerial images obtained from the UAV flights were analysed for the reflectance at the 

NIR channel. The two vegetation indices (NDVI and SAVI) were calculated in 2015 and in 2016 

during the flowering period. The obtained maps of the vegetation indices exhibited different 

patterns in growth performance over the trial area. Noticeable correlations were observed 
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between the obtained vegetation indices and the corresponding wheat yield (Table 4.2). Maps of 

the vegetation indices obtained in 2015 are represented in Figure 4.3 

 

Figure 4.3 Maps of vegetation indices derived from the drone flights acquired on the 27th September 2015 
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Figure 4.4 NDVI and SAVI images from the 2016 season. 

 

Table 4.2 Descriptive statistics of vegetation indices normalized vegetation index (NDVI); Soil adjusted 

vegetation index (SAVI) and near infrared (NIR) – 2015, NDVI and SAVI – 2016. 

 

NDVI SAVI NIR NDVI SAVI

Count 120 120 120 120 120

Minimum 0.042 0.025 126.583 0.316 0.464

Maximum 0.227 0.357 199.429 0.805 1.183

Mean 0.112 0.161 165.525 0.668 0.981

Standard	deviation 0.059 0.086 17.375 0.088 0.130

Coefficient	of	variation	(%) 52.758 53.132 10.497 13.226 13.225

2015 2016

Winter	wheat	
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4.3.3 Topographic parameters 

The topographic data were extracted from the DEM obtained from the drone flight on the 27th of 

September 2015. The field elevation contours depicts the topography of the trial area with a range 

of 10m (Figure 4.1). The higher lying areas are located along the eastern part of the field while the 

lower lying areas are located along the north west part of the field where the main drainage area 

is found. The slope, upslope length, curvature and aspect models were acquired directly from the 

DEM based on elevation, while the TWI was calculated using a flow accumulation and slope model 

(Figure 4.5). The upslope length (or contributing area) is the distance from a certain point in the 

field to a point at which the elevation is highest along a local slope. Profile curvature affects the 

acceleration as well as deceleration of flow across a soils surface. Negative values represent 

convex surfaces, while positive values represent concave surfaces. The TWI is a steady state 

wetness index used to represent drainage depressions or crests/ridges where higher values 

represent the drainage depressions and lower values represent crests or ridges.  
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Figure 4.5 Topographic and hydrologic attribute maps of slope, upslope length, curvature, aspect and 

topographic wetness index (TWI) of the field trial area derived from the DEM. 
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4.3.4 The relationship between topographic, vegetation indices and wheat yield 

Correlation matrices between yield and the TWI, upslope length, curvature, elevation, aspect, 

slope, NDVI, SAVI and NIR were calculated for the individual image data. Results of the correlation 

analysis are presented in Table 4.3. Wheat yield exhibited a strong negative correlation with 

elevation in 2015 along with a strong positive correlation with profile curvature.  This indicates 

that yield was lower at higher elevations and higher at lower convex locations. Jowkin and 

Schoenau (1998) found similar results and reported a higher wheat yield at bottom slopes. This 

result is in accordance with the high positive correlation between yield in 2015 and TWI, indicating 

that higher yield is correlated with higher values of TWI, in drainage depressions and where flow 

accumulations are taking place. This spatial pattern can be attributed entirely to water 

redistribution and the effect of topography is more pronounced in the dry year of 2015. 

The year 2016 appeared to be optimal for wheat growth. Wheat benefitted from sufficient water 

availability throughout the trial area. This observation is confirmed by the results from the 

descriptive statistics shown in Table 4.1. Although a clear increase in yield was noticed in 2016, 

the correlation coefficients between yield and the topographic parameters were substantially 

lower than in 2015.  Similar correlations were found between wheat yield and all of the 

topographic indices in 2016, however it seemed as if the topographic variables in this year played 

less of a role. This result is supported by findings from Kaspar et al (2003) and Kumhálová et al 

(2008), who found that the relationship between yield and topography was more important in 

dry years and that yield can be dependent on the accumulation and redistribution of water within 

fields in dry years more than in wet years. Other literature is rather contradictory and points to 

topography having a lower influence towards yield in drier years (Halvorson and Doll, 1991). It has 

been reported that in dry years, eroded areas at higher landscape positions will produce better 

yields than that of lower landscape positions due to additional water stored in the upper clay 
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horizon of the eroded soil (Ebeid et al., 1995). However, the above statement refers directly to 

specific soil conditions where the elevated areas have high clay content and bottomlands may 

experience insufficient flow accumulation. A weak correlation was found between surface 

curvature and grain yield in both years. One reason is that surface curvature does not represent 

the size of depressions, but rather reflects the shape of the surface topography (concave or 

convex).  

It is clear that weather conditions were clearly the dominant factor controlling the difference in 

yield between the two years, however the topographic parameters influenced the distribution of 

rainfall, soil moisture conditions and crop yields. It should also be noted that the effect specific 

topographic locations have on yield can be masked by numerous factors and can also be obscured 

by changes in water accumulation and redistribution in different years as a result of different 

weather conditions (Kravchenko et al., 2000).  
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Table 4.3 Correlation matrix between topographic parameters, vegetation indices and spring wheat yield in 

the 2015 and 2016 seasons respectively. 

 

Summary statistics for vegetation indices NDVI, SAVI and NIR are presented in Table 4.2. Mean 

NDVI and SAVI values were substantially lower in the year 2015 than in 2016. This corresponds 

with more precipitation and distributing of water in the year 2016.  Correlations between crop 

yield and NDVI/SAVI were strongly positive for both years (Table 4.3). In 2016 NDVI and SAVI both 

showed correlations of 0.86 with yield. In 2015, NDVI and SAVI showed correlations of 0.81 and 

0.82 with yield respectively, which was lower than the year 2016. Table 4.1 shows that spring 

wheat was more variable in the year 2015, which corresponds well with the pattern in NDVI and 

SAVI. The coefficient of variation for NDVI and SAVI in 2015 was 52% and 53% respectively, while 

in 2016 it was only 13%.  On the contrary, a weak correlation coefficient was found between TWI 

Yield TWI Upslope	Length Curvature Elevation Aspect Slope NDVI SAVI

TWI 0.66 -

Upslope	Length 0.53 0.85 -

Curvature -0.06 0.02 -0.10 -

Elevation -0.64 0.99 0.77 0.10 -

Aspect 0.62 0.98 0.78 0.09 1.00 -

Slope 0.20 0.50 0.46 0.09 0.53 0.55 -

NDVI 0.82 -0.76 -0.66 -0.11 -0.75 -0.73 -0.08 -

SAVI 0.81 -0.75 -0.64 -0.14 -0.74 -0.72 -0.09 0.97

NIR 0.82 -0.12 - 0.15 -0.63 0.71 0.60 0.79 0.77

Yield TWI Upslope	Length Curvature Elevation Aspect Slope NDVI

TWI 0.30 -

Upslope	Length 0.18 0.74 -

Curvature 0.08 -0.43 -0.31 -

Elevation -0.18 -0.15 -0.55 0.11 -

Aspect 0.39 0.06 0.41 -0.14 0.91 -

Slope
0.30 -0.11 0.39 0.11 0.87 0.75 -

NDVI 0.86 -0.32 -0.10 0.14 -0.31 0.49 0.48 -

SAVI 0.86 -0.32 -0.10 0.14 -0.31 0.49 0.48 1.00

2015

2016
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and yield in 2016. This weak correlation is probably caused by high precipitation during the growth 

stages following the end of heading once the inflorescence was fully emerged.  

A random forest ensemble method-learning algorithm was explored to predict wheat yield in 

2015 and 2016 using topographic and vegetation indices (Breiman, 2001). This was achieved by 

fitting a random forest into the data. The resultant data set is known as the training/learning set. 

During the fitting process, the prediction error for each data point is recorded and averaged over 

the forest (Genuer et al., 2010).  

 

 Figure 4.6 Random forest relative importance of vegetative and topographic indices on yield in the 2015 

and 2016 seasons. 

To measure the importance of a variable, the values of the variable are permuted among the 

training data and prediction error for each point is recorded once again. The importance score for 

this variable is then computed by averaging the difference between the prediction error before, 

and prediction error after the permutation over all the trees (Genuer, 2010). Variables with larger 

scores are considered to be more important than variables with lower scores (Breiman, 2001). 

Results from the random forest regression are represented in  Figure 4.6. In 2015, the percentage 

of variation explained was 67%, while in 2016 the percentage variation explained was only 31.4%. 
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This clearly supports our findings of the relationship between topographic parameters and yield 

being more important in dry years. In 2015, the vegetation indices had higher load scores than all 

topographic variables. Slope percentage and elevation had the highest importance out of the 

topographic parameters in 2015, while aspect and slope percentage had the higher importance 

in 2016. 

 

Figure 4.7. One-to-one relationship between measured and predicted wheat yield for 2015 and 2016 to 

validate the random forest prediction models developed using topographic and vegetation indices. 

The validation of the two random forest regression models is presented in Figure 4.7. The values 

of the root mean square error percentage (RMSEP) imply that the model of yield in 2015 explained 

a higher amount of variance in comparison to the year 2016, although the R2 values between the 

two models are very similar.  

4.3.5 Unsupervised cluster analysis   

An Iterative Self-Organizing Data Analysis (ISODATA) was performed to verify the spatial variation 

in wheat yield. This classification technique was designed to classify images based on their 

spectral characteristics by clustering pixels into specific groups based on their similar spectral 

distances (Dobermann et al., 2003).  
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Figure 4.8 Zoning of the field trial area in 2015 based on classified wheat yield, NDVI and SAVI by means of 

a cluster analysis using the ISODATA algorithm. 
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Figure 4.9 Zoning of the experimental units of the field trial area planted to wheat in 2016 based on 

classified wheat yield, NDVI and SAVI by means of a cluster analysis using the ISODATA algorithm. 

The cluster analysis was performed on yield from the years 2015 and 2016 as well as on the two 

vegetation indices NDVI and SAVI. A conventional zoning was obtained in which all of the classified 

individuals (pixels) could only belong to one group (yield/vegetative class). Each pixel cell was 

assigned to a single yield/vegetative category based on the highest membership at a particular 

location. 

Figure 4.8 and Figure 4.9 shows the yield zoning maps along with the vegetation zoning maps and 

Table 4 represents the mean yield, NDVI and SAVI per clustered zone. From the maps, three 

production zones can be distinguished (clusters 1, 2 and 3). For the two years, zones of the 

classified cluster 3 were the zones where the highest yield was obtained, while zones that had 
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been classified as cluster 1 were zones of the least potential. 

Table 4.4 Zoning of the field trial area based on the groupings of yield, NDVI and SAVI in 2015 and 2016 

using the unsupervised ISODTA algorithm. Means with the same letter do not differ significantly (In the 

same column). 

 

It is clear that the subdivision of clusters remained constant in both years. The spatial pattern of 

the cluster zones of yield, NDVI and SAVI appears to be almost identical for both years. Although 

it is known that a clear difference in yield was obtained between the two years, the spatial zoning 

seems to be almost constant, indicating some stability over the two years. A significant difference 

between all three clusters was found in both years for yield, NDVI and SAVI (Table 4.4). This 

implies that the cluster analysis was successful in delineating production zones based on wheat 

yield and vegetation indices NDVI and SAVI. This result is of enormous importance as it justifies 

site-specific crop management and gives an indication as to how variable a small field trial area 

can be with regards to crop performance. This poses a great threat to field trial designs and the 

results thereof.  

4.4  Conclusion  

The field study was conducted in order to disclose the spatial variation in wheat yield over the 

field trial area and explore the potential of remotely sensed crop vegetation indices and some 

topographic indices as a means of yield prediction/yield zoning.  The vegetation indices NDVI and 

SAVI, showed strong positive correlations with wheat yield in both years 2015 and 2016 (R2 > 

0.80). However, a slightly stronger correlation was found for NDVI and SAVI in the wetter year (R2 

Yield	2015 NDVI	2015 SAVI	2015 Yield	2016 NDVI	2016 SAVI	2016

1 0.99a 0.37a 0.38a 2.67a 0.78a 0.78a

2 1.82b 0.52b 0.52b 3.54b 0.86b 0.86b

3 2.07c 0.59c 0.59c 4.44c 0.88c 0.88c

Cluster
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= 0.86) 2016, than in 2015 (R2 = 0.82). This can be attributed to higher plant available water 

throughout the major growth stages of the grain crops development.  

Results from the random forest regression models indicate that the use of spectral vegetation 

indices NDVI and SAVI, along with some topographic variables (aspect, slope percentage, 

elevation, TWI, upslope length and curvature) can be used to accurately predict wheat yield in dry 

and in wet years. The values of the RMSEP from the two models imply that the model of yield in 

2015 explained a higher amount of variance in comparison to the year 2016, although the R2 

values between the two models are very similar (R2 = 0.974 and R2= 0.987 in 2015 and 2016 

respectively) 

 The use of a cluster analysis for obtaining classified wheat yield maps was successful. The spatial 

distribution pattern in wheat yield remained relatively constant through the two years using 

classified maps of three clusters or yields zone classes.  The cluster zones were classified in an 

order of low, medium and high yielding zones with cluster 1 being the lowest yielding zone, cluster 

2 the medium yielding zone and cluster 3 the high yielding zone. Cluster analyses were also 

conducted on the spectral vegetation indices NDVI and SAVI in the years 2015 and 2016. The 

spatial distribution pattern in NDVI and SAVI showed a strong correlation with the cluster zones 

created for the wheat yield indicting that a cluster of NDVI and SAVI would be successful in 

delineating zones of homogenous wheat yield. This justifies the use of site-specific management 

and has great importance with regards to capturing wheat yield variability within a small field trial 

area.  

Topographic parameters exhibited different magnitudes of correlation between wheat yield 

during the two years within the field trial area. In the year 2015, topographic parameters were 

found to have higher correlation with wheat yield than in 2016. Soil moisture condition seemed 
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to be the main factor controlling the wheat yield increase in 2016, which seemed to influence the 

significance of topographic indices on wheat yield. In the drier year 2015, the TWI, followed by 

relative elevation and aspect, was the best yield-determining factor of all the topographic indices 

in 2015. It had a strong correlation with wheat yield and was also closely related to the other 

topographic indices except for profile curvature. Relative elevation was ranked second followed 

by aspect. In the wetter year 2016, the relationship between topographic indices and wheat yield 

was exceptionally lower (Table 4.3). It was found that the relationship between topographic 

indices (TWI, relative elevation, upslope length, aspect, slope and profile curvature) and wheat 

yield was significantly more important in drier years.  

It is possible to conclude that clusters of NDVI and SAVI are able to successfully capture wheat 

yield variability and their spectral characteristics can be used to delineate management zones 

based on differences in wheat yield. It is also possible to conclude that the relationship between 

topographic indices and wheat yield can vary from year to year, and wheat yield can be dependent 

on topographic indices and water redistribution in dry years more than in wet years.  
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Chapter 5. Soil variability and its consequences within field trials 

 

5.1  Introduction  

Over the past few decades, a large amount of time and effort has been directed towards 

developing and applying technologies to manage crop variability within fields. Crop variability can 

be caused by numerous external factors however, the majority is linked either directly or 

indirectly to soil variability. The underlying key to managing crop variability requires a balanced 

approach, which involves managing soil variability as well as the effects it causes (Al-Kaisi, 2006).  

Spatial variability and the distribution of soil properties within agricultural fields can be seen as 

either static due to inherent soil forming factors, or dynamic due to certain management practices 

(Jabro et al., 2006). Both static and dynamic soil properties are found across agricultural fields and 

contribute to variability in crop yields. Soil physical properties such as sand content, clay content, 

pH and distribution with depth have been found to correlate well with landscape position (Ovalles 

and Collins, 1986). Organic matter and water holding capacity have also shown to vary 

significantly with changes in slope position (Hanna et al., 1982; Bhatti et al., 1991). It is thus 

important to characterize the variability of these soil properties in order to explain the significant 

effects it has on crop yield and performance within field trial experiments.  

Many researchers have attempted to improve methods of measuring true treatment effects 

where soil variability has caused vast variability in crop yields (Mzuku et al., 2005; van Es et al., 

2007). Traditionally attempted research on soil variability has resulted in designing field trials that 

involve blocking, randomization and replication (Bhatti et al., 1995). This conventional method of 

randomized allocation of treatments to plots may cause bias towards treatments in the presence 

of spatial correlation. In such instances the classical assumption of independence is violated and 
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researchers may be faced with experimental results that show a wide variation in yield between 

plots, yet the classical statistical analysis show no significant differences between treatments (van 

Es and van Es, 1993; van Es et al., 2007). In such situations the outcome of trials are deemed 

unsuccessful and treatments cannot be recommended. This concern has been addressed by 

considering spatial autocorrelation or trend structures from previous information on soil 

properties and crop yield to aid in optimizing the layout of field trial designs (Fagroud and van 

Meirvenne, 2002; Martin et al., 2004). 

Soil variability plays a significant role on the performance of a crop, especially in dry conditions. 

Haruna and Nkongolo (2013) found that the variability of soil water within a field is very high 

mainly due to changes in soil type; however, the physical characteristics of soils are able to vary 

considerably between sampling sites not only within a soil-mapping unit but also within a small 

area of seemingly uniform conditions. Miller et al., (1988) found a range of spatial correlation of 

wheat yield of roughly 80m in California, which was similar for soil properties, which included 

surface thickness and sand content.  

Soil scientists have studied the spatial variability of soils for decades, however there is still a need 

to further its understanding and synthesis (Heuvelink and Webster, 2001; Lin et al., 2005). 

Blocking is an important tool for researchers as it is effective in maximizing the difference between 

blocks while minimizing the variation within blocks. Agronomists have seemed to favour the RCB 

design with reports showing that 96.7% of field trials conducted within Volumes 93 through 95 of 

the Agronomy Journal are that of the RCB design (van Es et al., 2007). This design includes 

replication, randomization, blocking, nearest neighbour and trend analysis, which deliberately 

arranges experimental units into blocks to control any source of variation that could not be 

detected before hand. In general this method would be employed to improve the detection of 

Stellenbosch University  https://scholar.sun.ac.za



 
 

66 

treatment effects, however if the trial is not laid correctly it may adversely affect the analysis of 

the experiment (van Es and van Es, 1993). Although this is the most commonly used design, 

research has shown that this conventional randomization of treatments to plots may cause bias 

and variable precision within field trials due to the underlying variability in soil attributes.  

Classical statistical methods are limited when describing the variability of a sampled population, 

as they do not take the spatial structure of the field into consideration. Soil is known to vary over 

very short distances in a random fashion and typically soil properties located sampled near one 

another tend to be more similar or spatially correlated than samples taken at a further sampling 

distance. The spatial structure of soil properties can be predicted using methods of geostatistics, 

which quantifies the spatial dependence, and spatial structure of a measured property (Cressie 

1991). Once the spatial structure is known, it can be used to predict soil properties at un-sampled 

locations. The application of geo-statistics typically involves spatial modelling (creating 

variography) and spatial interpolation (kriging). Variography involves the calculation of 

variograms, which quantitatively measures the variance between samples. 

A number of statistical methods have been developed and used to predict yields using pedologic 

and topographic parameters. Authors have made use of stepwise multivariate linear regression 

(SMLR) and found that soil parameters have a significant relationship with crop yield (Andrews 

and Carrol, 2001; Rezaei et al., 2006). Linear functions, however, are usually not appropriate for 

describing the effect of soil parameters on crop productivity due to multicollinearty problems 

regarding the relationship between soil properties and crop yield (Juhos et al., 2015). In order to 

solve the problem of intercorrelation among soil and topographic properties, researchers have 

made use of partial least squares regression (PLS), which allows for the identification of properties 

that have the greatest influence on yields (Ping et al., 2004). Another methodology is to use the 

Stellenbosch University  https://scholar.sun.ac.za



 
 

67 

principle component analysis (PCA) by combining variables based on their linear correlation. This 

method is used to simplify the structure of a set of variables by replacing them with a set of 

uncorrelated linear combinations of original variables. Although this method does not explain the 

total variance of an entire data set, a number of authors have found a relationship between soil 

attributes and crop yield by conducting multivariate linear regression with the factors derived 

from the PCA analysis (Cox et al., 2003; Ayoubi et al., 2009).  

The objectives of this chapter were to: 

(i) Quantify soil variability within the field trial area 

(ii) Determine the relationship between soil taxonomic units and wheat yield 

(iii) Correlate soil surface properties with spring wheat yield  

(iv) Investigate the interaction between the spatial variability in soil surface conditions 

and spring wheat yield.  

Our hypothesis is that, due to the nature of the trial, the most noticeable changes in soil conditions 

will occur in the top 5 cm (rooting zone) of the soils surface, while the least noticeable changes 

will occur in the subsoil. The changes will occur due to diversity in crop rotational sequences 

(farming systems) as well as minimum soil surface management.  

5.2 Methods and materials  

5.2.1 Soil profiles 

Soils were classified according to the binomial soil classification system of South Africa (Soil 

Classification Working Group, 1991) after excavating 22 profile pits on the 26th of January 2015. 

The profile pits were excavated along the boundary of the field trial area in order to minimize soil 
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disturbance within the conservation trial area. Soil of the experimental site derived from 

Malmesbury Shale with a large degree of variation in chemical and physical properties. Of the 22 

soil profiles classified, Estcourts (Es), Swartland (Sw), Klapmuts (Km), Oakleaf (Oa), Tukulu (Tu) 

and Vilafontes (Vf) soil forms were found.  The stratification and general appearance of Km, Es, 

Oa, Vf soil profiles are presented in Figure 5.1  

 

Figure 5.1 The dominant soils of the trial area. From left to right, Klapmuts, Estcourt, Oakleaf and Swartland. 

Soils on the Eastern side of the trial comprised of the Tukulu, Oakleaf and Vilafontes soil forms, 

which consisted of deep well-drained subsurface horizons with a substantially large amount of 

coarse fragments in the topsoil horizon. 
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Figure 5.2 Soil map of the field trial area with the 22 soil profile pits represented as points on the map 

The Estcourt and Klapmuts soil types are duplex in nature, meaning they have an abrupt textural 

change between the A-horizon and the B-horizon. The depth to the limiting (B) horizon in the 

duplex soils ranged from 30cm to 90cm, while the depth to saprolite (weathered shale) in the 

deeper well-drained soils ranged from 45cm to 120cm. A detailed description of all the soil profiles 

can be found in appendix A. The main characteristics averaged per soil type are given in Figure 

5.3. 
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Figure 5.3 Representation of the variation in soil profile depth and some chemical and physical attributes, 

per soil form. All values are averages per horizon per soil form. 

Soil samples were collected from each diagnostic horizon of the 22 soil profile pits on the 26th of 

January 2015. A total of 55 soil samples were collected. 

5.2.2  Soil surface sampling  

In 2015, the trial area was planted to wheat as a uniformity trial to assess the variation in growth 

conditions over the field trial area. In 2016, an incomplete block design was laid out consisting of 

30 treatments (crop rotation sequences) replicated 4 times over three camps. A plot size of 30 m 

× 15 m was chosen to fit all the plots in the available area.  
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Soil surface samples were also collected per block using 100 cm3 metal cores, at a 0-5cm depth 

once the trial had been laid out in July 2016. The reason behind sampling the top 5cm is due to 

the trial being a conservation agriculture experiment, where minimal soil disturbance will be 

taking place. The experimental treatments consist of varying cover crop rotational sequences and 

the management of them. We thus expect that the biggest changes in soil conditions will occur in 

the top 5cm of the soil. All samples were collected along with a GPS unit to locate the sampling 

points. A total of 120 surface samples (per experimental unit) were collected (Figure 5.4).  The 

surface samples were taken in triplicate per experimental unit and then composited before any 

further analysis.  
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Figure 5.4 Experimental plot layout per camp. Spatial points on the map represent soil surface sampling 

points per experimental unit 

5.2.3 Analytical methods 

All the analyses took place at the Western Cape Department of Agriculture, Elesenburg, except 

for pH (KCl), EC, and coarse fragments determination, which took place at the Departments of Soil 

Science, Stellenbosch University. All of these methods were adopted from the Handbook of 

standard soil testing methods for advisory purpose, published by the Soil Science Society of South 

Africa 1990. Raw soil analytical data can be found in appendix B. 

5.2.3.1 Stone content 

Prior to any soil analysis, the soils were air-dried and ground to pass through a 2 mm sieve to 
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determine the stone content. . The content of coarse fragments was determined by dry sieving 

(method) and reported as % on mass basis.  

5.2.3.2 pH and EC 

Soil pH was measured on all soil profile horizons as well as surface samples in 1M KCl at a 1:2.5 

soil to solution ratio (Thomas, 1996). The samples were shaken for 30 minutes on a reciprocating 

horizontal shaker prior to the determination of pH.  

Electrical conductivity was measured on all soil horizon samples in H20 at a 1:1.2 soil solution ratio. 

The samples were shaken for 30 minutes on a reciprocating horizontal shaker and allowed to rest 

for 30 minutes before EC was measured.  

5.2.3.3 Exchangeable cations and soil P 

Extractable phosphorus, potassium, sodium, calcium and magnesium were determined using the 

1% citric acid extract method at a 1:10 soil solution ratio (The non-affiliated Soil Analysis Work 

Committee, 1990). 

5.2.3.4 Organic carbon 

Organic carbon content was determined for all soil surface properties at a 0-5cm depth. Organic 

carbon was determined using the Walkley-Black method (Nelson and Sommers, 1996). 

5.2.3.5 particle size distribution  

Particle size distribution was determined for all soil surface samples as well as all soil profile 

horizons using the pipette method as described by the non-affiliated soil analysis work committee 

(1990).  

5.2.3.6 Bulk density 

Bulk density was determined using the core-method (Blake, 1965). The bulk density was sampled 

at a 5 cm depth to obtain soil surface bulk density. 
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5.2.4 Statistical Methods 

Soil profile data was averaged per horizon per soil form and used for further analysis. All soil data 

collected for the measured chemical and physical properties were first subjected to a classical 

statistical analysis to obtain descriptive statistics, including mean, standard deviation (SD) and CV. 

The Shapiro-Wilk normality test  (Shapiro and Wilk, 1965) was performed to test the hypothesis 

assuming each soil property had a normal distribution, and the variables without normal 

distribution were subjected to a necessary transformation before using geostatistical analysis.  

Semivariograms were calculated in order to determine the spatial autocorrelation as a function 

of distance. The semivariogram is a plot of semivariance versus distance and represents spatial 

variability (Cohen et al., 1990). For the comparison of the spatial correlation of different 

semivariograms, the ratio of the nugget and sill can be used after having fit the model (Abu and 

Malgwi, 2011). The ratio has been used to describe three classes of spatial dependence for soil 

variables, (1) < 0.25, strongly spatial dependent, (2) between 0.25 and 0.75, moderately spatially 

dependent and (3) >0.75, random or non-spatially correlated (Cambardella et al., 1994). The 

theoretical variograms were obtained by fitting spherical, exponential and Gaussian models.  

According to our primary aim, to quantify the soil variability over the field trial area and to 

correlate the various soil attributes with spring wheat yield, the assumptions and prerequisites of 

multiple linear regressions had to be ensured.  The soil parameters significantly correlated with 

each other, thus a PCA was applied to extract uncorrelated variables and reduce multicollinearity. 

The PCA was run on soil surface samples per each camp to identify soil variation and important 

soil variables within the trial area. The PCA analysis was conducted and analysed using Varimax 

(orthogonal) rotation in order to obtain interpretable principle components. The sample 

correlation matrix in the PCA calculation was used due to differences in the order of magnitude 
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and units of measurement between the soil variables. The principle components with Eigen values 

greater than 1 (Kaiser’s criterion) were retained and used for further analysis. The soil variables 

that were retained from each principle component were based on their high loading values. A 

multiple linear regression was then conducted with a stepwise method using the principle 

component factors that were retained and wheat yield as the independent variable. Model fitting 

was tested with the root mean square residuals (RMSR), and the goodness of fit index (GFI).  All 

the data were statistically processed using R statistical software 1.0.136.  

5.3 Results and discussion  

5.3.1 Soil variability within the trial area and important soil variables 

5.3.1.1  Soil profiles 

Basic statistics of soil properties are represented per soil form in Table 5.1. All soil forms exhibited 

a decrease in soil pH with depth, accompanied by an increase in resistance, other than the 

Swartland soil form, where pH slightly increased in the subsoil horizon. This is a strong indication 

that leaching has occurred which can be further noticed by a sharp decrease in CEC in the better 

drained Oakleaf/Tukulu and Vilafontè soil forms. The EC of a soil is known to vary depending on 

the amount of moisture held by soil particles and also correlates well with other soil properties 

such as CEC and salinity. In this case however, values of EC were too small to detect any valuable 

variations. Coarse fragments in the better drained Oakleaf, Tukulu and Vilafnontè soil forms were 

substantially higher than that of the Swartland, Estcourt and Klapmuts soil forms, which can be 

backed up by the higher clay percentage of the latter soils in the consecutive horizons. A detailed 

description of the soil profiles can be found in appendix A
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Table 5.1 Descriptive statistics of soil properties per soil taxonomic unit 

 

Horizon mean SD CV mean SD CV mean SD CV mean SD CV mean SD CV mean
SD

CV

limiting depth (mm) 410 80.8 19.7 406.7 60.3 14.8 595 270.1 45.4 566 258.1 45.6 1033.3 57.7 5.6 966.7 404.1 41.8

A 6.1 0.6 9.6 6.3 0.4 6.9 5.8 0.3 5.1 6.1 0.5 8.8 5.7 0.7 12.3 6.4 1.3 19.6

E 5.3 0.2 3.6 5 0.8 15.1 4.9 0.7 14.9

B 5.9 0.3 5.4 5.9 0.2 2.6 4.8 0.4 7.8 6.6 0.8 11.7 4.7 0.6 12.2 5.6 0.8 15.1

A 267.5 69 25.8 223.3 176.2 78.9 490 134.4 27.4 210 94.9 45.2 453.3 213.9 47.2 356.7 188.8 52.9

E 623.3 321.2 51.5 646.7 447.9 69.3 467.5 340.4 72.8

B 315 108.8 34.5 536.7 509 94.8 617.5 419.9 68 386 277 71.8 1190 141.1 11.9 725 557.7 76.9

A 0.3 0.1 33.6 0.7 0.6 87.4 0.4 0.1 25.2 0.4 0.2 56.3 0.4 0.3 79.4 0.3 0.1 27.5

E 0.1 0 30.6 0.3 0.3 113.9 0.2 0.1 54.5

B 0.2 0 22.1 0.4 0.5 121.5 0.5 0.8 142.4 0.3 0.2 81.5 0.1 0 13.3 0.2 0.1 65.7

A 6.9 2.2 31.5 7.9 3 37.6 7.5 3.1 41.8 7.2 2.2 30.6 6.3 2.7 43.5 20.7 26.5 128.3

E 2.5 0.6 22.2 1.6 0.4 23.4 2.1 0.7 32.4

B 2.1 0.5 22 1.8 0.6 34 1.9 0.4 20.7 3.1 0.7 21.3 1.9 0.9 48.8 5.3 4.3 81.4

A 1.5 0.3 19 2.2 0.8 36.6 1.1 0.3 24.1 2.3 0.5 22.7 1.3 0.7 57.5 2.1 0.6 27.8

E 0.8 0.1 7.1 1 0.8 85.2 0.6 0.3 46.8

B 2 0.2 8 2.3 0.5 23.2 1.4 0.6 42.9 3.5 1.7 50 0.6 0.1 24.7 1.2 1.2 103

A 0.1 0 19.8 1.4 2.3 163.1 0.1 0.1 63.5 0.3 0.5 158.6 0.1 0.1 90.8 0.3 0.2 74.2

E 0.1 0.1 61.6 0.5 0.8 153.8 0.2 0.3 118.4

B 0.6 0.4 74.3 1.5 2.2 147.7 1.7 3 177.3 0.8 0.9 113.7 0.1 0 16.8 0.4 0.6 143.6

A 0.7 0.4 58.2 0.6 0.2 35.9 0.5 0.2 40.8 0.9 0.2 21.1 0.7 0.2 22.5 0.5 0.2 38.4

E 0.2 0.1 53.7 0.2 0 20.7 0.1 0.1 39.9

B 0.3 0.1 38.7 0.3 0.1 48.1 0.2 0.1 56.2 0.3 0.1 42.5 0.2 0.1 48.4 0.4 0 13.7

K  (cmol/kg)

pH (KCl) 

Resistance (ohms)    

EC (dS/m)

Ca (cmol/kg)

Mg (cmol/kg)

Na (cmol/kg)

Estcourt Klapmuts Vilafontè Swartland Oakleaf Tukulu
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Table 5.1 continued  

 

 

Horizon mean SD CV mean SD CV mean SD CV mean SD CV mean SD CV mean
SD

CV

A 118.8 24.9 21 180.7 136.2 75.4 180.8 64.4 35.6 118.2 10.2 8.6 120.7 11.4 9.4 113.7 30.1 26.5

E 47 29.2 62.1 20.7 3.1 14.8 84.3 26.4 31.3

B 1.8 0.5 28.6 3 1.7 57.7 6.5 2.9 44.4 3.4 0.5 14.7 37.7 19.1 50.8 26.8 25.3 94.2

A 9.4 2.8 29.5 12.2 5.5 44.7 9.4 2.9 31.3 10.8 2.2 20 8.6 2.6 29.7 23.5 26.9 114.7

E 4.2 0.6 13.3 3.7 1.5 41.6 3.4 0.9 25.3

B 4.9 0.9 18.8 5.9 2.5 42.1 5.6 3.3 58.2 7.8 3.1 39.8 3.5 0.9 24.7 7.6 4 53.2

A 1.2 0.2 18.1 8.4 12.8 153.5 1.3 0.4 32.9 3.2 5.1 161.5 1.3 0.8 63.3 1.5 1.2 80.9

E 3.5 2.5 72 10.6 14.6 137.8 6.5 7.1 108.6

B 10.7 5.9 54.6 19 24.3 127.4 18.5 27.2 147.3 8.9 8.1 91.2 2.4 0.5 20.2 5.1 6.9 133.9

A 44.1 1.1 2.6 38.3 2.4 6.3 57.7 9.2 15.9 38.8 5.5 14.3 53.4 20.7 38.8 42.3 15.4 36.5

E 62.4 12.4 19.8 41.4 16.1 38.9 62.3 6.3 10.1

B 25.5 20.1 78.8 18.1 16.1 89 64.1 7.5 11.8 9.8 2.4 24.6 49.3 37.4 75.9 56.6 17.9 31.7

A 73 4.8 6.5 78.7 1.2 1.5 82.5 1 1.2 67.6 5.3 7.8 84 2 2.4 76 14 18.4

E 67 3.5 5.2 68 4 5.9 81.5 1 1.2

B 32 14.7 45.9 40.7 8.1 19.9 57.5 10.5 18.3 48.8 8.7 17.8 75.3 2.3 3.1 74 3.5 4.7

A 14.5 2.5 17.4 12 0 0 10 0 0 14 1.6 11.7 9.3 1.2 12.4 9.3 3.1 32.7

E 15 1.2 7.7 13.3 1.2 8.7 10 0 0

B 12.5 2.5 20.1 13.3 1.2 8.7 9 1.2 12.8 13.6 2.8 20.8 10 2 20 10 0 0

A 12.5 2.5 20.1 9.3 1.2 12.4 7.5 1 13.3 18.4 4.4 24.1 6.7 1.2 17.3 14.7 11.5 78.7

E 18 4.2 23.1 18.7 3.1 16.4 8.5 1 11.8

B 55.5 15.9 28.6 46 9.2 19.9 33.5 11.1 33.2 37.6 6.2 16.5 14.7 1.2 7.9 16 3.5 21.7

Silt (%)       

Clay (%)

P (mg/kg)    

CEC (cmol/kg)

ESP (%)      

coarse fragments (%)

Sand (%)

Estcourt Klapmuts Vilafontè Swartland Oakleaf Tukulu
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5.3.1.2 Soil surface samples  

Basic statistics of soil surface properties are represented per camp in Table 5.2.  The data were 

analysed using a one-way ANOVA to determine whether soil attribute means were significantly 

different between the three camps within the field trial area. If a significant difference was observed 

an honest significant difference (HSD) test was conducted to determine which camp means differed 

significantly. The results of the multiple comparison tests are represented in Table 5.3, where each 

letter corresponds to the comparative mean attribute. Means with the same letter did not differ 

significantly from each other (P>0.05).  

Table 5.2 Mean, standard deviation (SD) and coefficient of variation (CV) of soil surface properties per camp. 

 

Table 5.3 Mean soil properties per camps. Means with the same letter do not differ significantly from each other 

(p < 0.05). 

 

5.3.1.3 Principle component analysis  

The PCA results are represented in Table 5.4, Table 5.5 and Table 5.6 In Camp 20, the first four PC’s 

had variances greater than 1 and cumulatively explained 74% of the total sample variance. The same 

Camp20 Camp	19C Camp19B

mean SD CV	 mean SD CV	 mean SD CV	

pH	(KCl) 6.00 0.43 7.20 6.06 0.49 8.03 6.09 0.34 5.64

Resistance	(ohms) 137.76 46.94 34.08 433.23 149.12 34.42 174.19 88.12 50.59

Ca	(cmol/kg) 9.12 2.43 26.63 6.29 1.75 27.88 8.02 2.16 26.94

Mg	(cmol/kg) 2.12 0.78 36.63 1.46 0.47 32.01 1.94 0.67 34.40

Na	(cmol/kg) 0.43 0.14 31.75 0.12 0.05 41.62 0.37 0.14 36.13

K	(cmol/kg) 0.89 0.26 28.64 0.50 0.13 25.52 0.63 0.25 39.15

P	(mg/kg) 107.03 29.76 27.81 126.84 28.35 22.35 98.32 27.42 27.88

Sand	(%) 74.28 5.31 7.15 79.06 2.39 3.03 76.87 2.42 3.15

Silt	(%) 12.41 2.39 19.27 9.68 1.56 16.09 11.42 1.39 12.13

Clay	(%) 13.31 3.82 28.68 11.26 1.12 9.99 11.71 1.32 11.29

Carbon	(%) 2.47 0.58 23.40 1.79 0.37 20.62 2.31 0.52 22.35

CEC	(cmol/kg) 12.65 3.00 23.73 8.47 2.00 23.66 11.00 2.89 26.23

ESP	(%) 3.51 1.34 38.06 1.43 0.57 39.91 3.46 1.06 30.62

BD	(g/cm3) 1.29 0.10 7.65 1.47 0.07 4.85 1.36 0.09 6.83

CF	(%) 36.08 8.39 23.25 46.16 7.60 16.47 38.12 7.20 18.88

pH Resistance Ca Mg Na K P Sand Silt Clay Carbon CEC ESP BD CF

20 6.001a 137.758a 9.115a 2.119a 0.429a 0.894a 107.034a 74.276a 12.414a 13.310a 2.472a 12.646a 3.511a 1.293a 36.080a

19C 6.087a 174.193a 8.019a 1.939a 0.375a 0.626b 98.323a 76.871b 11.419a 11.710b 2.309a 11.005b 3.456a 1.365b 38.118a

19B 6.058a 433.226b 6.294b 1.456b 0.117b 0.495b 126.839b 79.065b 9.677b 11.258b 1.789b 8.465c 1.434b 1.473c 46.156b
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was noted for camp 19C and camp19B, whose first four components also had variances greater than 

1, however cumulatively explained 83% and 80% of the total sample variance respectively. According 

to the model assessment, the PCA was successful; Camp 20, 19C and 19B had RMSR values of 0.07, 

0.06 and 0.06 respectively and GFI values of 0.96, 0.99 and 0.97 indicating a very good fit.  

Table 5.4 Variable-loading coefficients in the first 4 principle components of the PCA analysis on the soil 

attributes from camp 20 with their SS loadings (eigen values), proportion of variance, cumulative variance and 

cumulative proportion values. 

 

SS	loadings 4.13 1.71 1.69 1.44

Proportion	of	variance 0.34 0.14 0.14 0.12

Cumulative	variance 0.34 0.49 0.63 0.75

Cumulative	Proportion 0.46 0.65 0.84 1.00

Communalities

pH 0.90 0.82

Resistance	(ohms) 0.66 0.67

Ca2+ 0.94 0.92

Mg2+ 0.83 0.76

Na+ 0.87 0.79

K+ -0.78 0.76

P	(mg/kg) 0.66 0.65

Carbon	(%) 0.83 0.72

CEC 0.96 0.96

ESP 0.84 0.78

ρd	(g/cm3) -0.60 0.44

coarse	fragments 0.76 0.7

Standardized	loadings

Importance	of	components PC1 PC2 PC3 PC4
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Table 5.5 Variable-loading coefficients in the first 4 principle components of the PCA analysis on the soil 

attributes from camp 19C with their SS loadings (eigen values), proportion of variance, cumulative variance and 

cumulative proportion values. 

  

Table 5.6 Variable-loading coefficients in the first 4 principle components of the PCA analysis on the soil 

attributes from camp 19B with their SS loadings (eigen values), proportion of variance, cumulative variance and 

cumulative proportion values. 

 

 

SS	loadings 4.30 2.53 2.48 1.58

Proportion	of	variance 0.33 0.19 0.19 0.12

Cumulative	variance 0.33 0.53 0.72 0.84

Cumulative	Proportion 0.39 0.63 0.85 1.00

Communalities

pH 0.87 0.86

Resistance	(ohms) -0.78 0.8

Ca2+ 0.65 0.54 0.9

Mg2+ 0.62 0.79

Na+ 0.92 0.95

K+ 0.83 0.73

P	(mg/kg) 0.92 0.87

Carbon	(%) 0.58 0.63 0.85

CEC 0.71 0.96

ESP 0.82 0.9

ρd	(g/cm3) -0.83 0.69

coarse	fragments 0.94 0.89

Importance	of	components PC1 PC2 PC3 PC4

Standardized	loadings

SS	loadings 4.32 2.16 2.07 1.76

Proportion	of	variance 0.33 0.17 0.16 0.14

Cumulative	variance 0.33 0.50 0.66 0.79

Cumulative	Proportion 0.42 0.63 0.83 1.00

Communalities

pH 0.94 0.93

Resistance	(ohms) -0.79 0.75

Ca2+ 0.89 0.94

Mg2+ 0.84 0.82

Na+ 0.92 0.95

K+ -0.83 0.74

P	(mg/kg) 0.74 0.59

Carbon	(%) 0.58 0.59

CEC 0.87 0.95

ESP -0.59 0.61 0.92

ρd	(g/cm3) 0.75 0.7

coarse	fragments 0.77 0.75

Importance	of	components PC1 PC2 PC3

Standardized	loadings

PC4
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The communalities of the variables represent the proportion of variance in that variable explained by 

the 4 components. The communalities of the variables included in each camp were high (> 0.7), with 

the exception of BD, P and resistance in camp 20, BD in camp 19C and P and Carbon in camp 19B which 

had a medium amount of variance (0.44 – 0.69) in common with the other variables. Principle 

component 1 (PC1) was identified by basic cations Ca2+, Mg2+, CEC and pH in all three camps, with the 

exception of camp 19C, which was identified by strong loadings of K+, P and BD in its first component. 

The second component, PC2, was represented by strong loadings of resistance, Na+ and ESP in camp 

19C and 19B, while camp 20 was represented by high loadings of resistance, K+ and BD. In PC3, high 

loadings were found for Na+ and ESP in camp 20, while camp 19C had high loadings of pH and Ca2+ and 

camp 19B had high loadings of P, carbon and coarse fragments. The final component, PC4, consisted 

of high loadings of Carbon and BD in camp 20, carbon and coarse fragments in camp 19C and K+ and 

BD in camp 19B.  Although PC analysis does not capture the total variance of an entire dataset, PCA is 

considered a reasonable dimension reduction method that produces principle component factors that 

are well understood and interpretable.  

5.3.2  Spatial structure analysis 

The semivariance analysis for the variables showed that soil properties have different spatial 

dependences with moderate structure and variable nugget effects (Table 5.7). The nugget variance 

(Co) represents the error within the estimation process, caused by sampling intensity, sample 

positioning, and the analysis and soil properties. The sill (Co + C) represents the spatial independent 

variance, which is a distance beyond which the semivariance does not change. A high nugget variance 

of 40.24 and sill of 70.97 was found for coarse fragments, followed by clay percentage, which had a 

nugget variance of 1.98 and sill of 5.44. The nugget values resulting from the theoretical variograms 

indicate a strong spatial dependency for both sand percentage and bulk density, having values of close 

to zero or zero. A zero nugget effect value indicates a smooth spatial continuity and dependency 

between neighbouring sample points, however, a low range of spatial dependence indicates that the 

spatial continuity and dependence between sampling points disappears fast (Vieira and Gonzalez, 
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2003). The trial area had a high percentage of moderate spatial dependencies, suggesting that there 

is potentially an issue of bias that could be introduced into the design of the field trial.  

Table 5.7 Parameters for semivariagram model fitting 

 

The ranges of spatial dependencies were large and vary between 13 m for clay percentage to 908 m 

for bulk density. This indicates that the optimum sampling interval varies extremely among different 

soil properties. The knowledge of spatial variability in soil properties may be important for 

understanding the variability in crop yield and how they can be related. Due to the differences in 

spatial variation of the soil variables, it would be difficult to judge which parameters have the greatest 

influence on the variability in crop yield as crop yield is a dynamic integration of all of these properties 

and cannot be determined by a single soil parameter alone.   

Variables	 Model	 Nugget	(Co) Sill	(Co	+	C) Range	(Ao,	m) Spatial	dependence	(%) Spatial	dependence	class

pH Spherical 0,071 0,126 41,5 56,35 M

Ca2+  Spherical 0,016 0,033 83,05 48,48 M

Mg2+ Spherical 0,071 0,124 62,12 57,26 M

Na+ Spherical 0,013 0,0235 166,35 55,32 M

K+ Spherical 0,068 0,103 25,3 66,02 M

Available	P	(mg/kg) Gaussian 0,138 0,232 128,98 59,48 M

CEC (cmol/kg) Gaussian 0,037 0,0641 48,55 57,72 M

ESP	(%) Spherical 0,059 0,141 92,27 41,84 M

Carbon	(%) Gaussian 0,071 0,082 84,12 86,59 R

ρd	(g	cm-3) Gaussian 0,0075 0,089 908,42 8,43 S

Sand	(%) Exponential 0 11,722 14,47 0,00 S

Silt	(%) Exponential 1,066 3,487 50,76 30,57 M

Clay	(%) Exponential 1,918 5,442 13,41 35,24 M

Coarse	fragments	(%) Exponential 40,24 70,97 80,25 56,70 M
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Figure 5.5 Semivariograms of selected soil properties over the field trial area 

5.3.3 The relationship between soil types and wheat yield 

Average wheat yield per soil taxonomic unit is represented in Figure 5.6 and Table 5.8. It is clear that 

the yield in 2016 was higher than that of 2015. In 2015 and 2016, the Estcourt soil forms performed 
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best with regards to yield, while the Vilafontè and Oakleaf/Tukulu soils performed weakly. Although 

wheat yield was higher in the 2016 season, the pattern of differences in yield still exists between the 

soil forms suggesting that other variables such as drought and precipitation had an impact on the 

crops growth. 

 

Figure 5.6 Column chart representing average yield per soil taxonomic unit in the 2015 and 2016 seasons 

Table 5.8 Descriptive statistics of wheat yield per soil mapping unit (soil form) in 2015 and 2016 

 

A significant difference in yield (P-value < 0.05) was found between all of the soil taxonomic units, with 

the exception of the Swartland and Estcourt soil forms, which did not differ significantly from each 

other. The Swartland and Estcourt soil forms fell within the limits of camp 20 and a portion of camp 
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19C, indicating that camp 20 is the higher yielding camp. A visual representation of the harvested 

points within the boundaries of the soil taxonomic units can be seen in Figure 5.7 

 

Figure 5.7 Map representing the harvested points overlaying the soil map 

A random forest ensemble method-learning algorithm was once again, used to determine the relative 

importance of the soil profile variables from the A and B-horizons on wheat yield in the 2015 season 

(Figure 5.8) (Breiman, 2001). The percentage of variation in wheat yield explained by soil properties 

in the A-horizon was 42%, while the percentage variation explained by soil properties in the B-horizon 

was 65%. This result tells us that although we expect the main changes in soil properties to occur in 

the topsoil horizon, subsoil properties still have a major influence on the spatial variability in wheat 

yield. These subsoil properties are expected to be physical parameters controlling water distribution 

and infiltration.  
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Figure 5.8 Random forest variable importance plots for soil properties in the A and B-horizons on wheat yield in 

2015 

From the A-horizon, silt percentage, sand percentage and depth to the limiting horizon were the most 

important variables influencing wheat yield variability. K+, phosphorous, resistance and percentage of 

coarse fragments followed this. From the B-horizon, the most important variables influencing wheat 

yield were sand percentage, clay percentage and phosphorous. This was followed by percentage of 

coarse fragments, Mg2+, and soil pH.  

5.3.4 The relationship between soil surface conditions and wheat yield 

It has been known for decades that undesirable field conditions caused by variability in environmental 

conditions has a great effect on crop yield and the statistical design and analysis of field trials (Vieira 

et al., 1982). Controlling or eliminating these undesirable conditions is essential in the 

experimentation process and can become extremely difficult when the number of uncontrollable 

variables increase (Smith, 1909). Basic statistics of wheat yield in the 2015 and 2016 season are 

represented in Table 5.9.  The camps show striking differences in yield between the three camps in 

the 2015 season. The mean yield was 2.04 t ha-1 in camp 20, while the mean yield was 1.87 t ha-1 in 

camp 19C and 1.05 t ha-1 in camp 19B.  In 2016, camps 20 and 19C showed similar mean wheat yields 

of 3.90 and 4.02 t ha-1, while camp 19B was 2.96 t ha-1 displaying a similar pattern of lower yield as in 

2015.  
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Table 5.9 Basic statistics for spring wheat yield in the 2015 and 2016 growing season (t.ha-1). 

 

It was found that the highest yields, and lowest variance occurred on the duplex soils, while the 

medium and low yields occurred on the better-drained soils. This could be influenced by drought, 

which enabled the duplex soils with a higher water holding capacity to retain and provide more water 

than the well-drained soils did.  

The linear multiple regressions on the factor scores of the PCA modelled on yield 2015 and yield 2016 

is represented in Table 5.10. The Principle components from camp 20 collectively had no effect on the 

2015 yield with an explained variance of R2 = 0.07, suggesting that soil properties in camp 20 were not 

vastly variable and collectively had no significant relationship to the variability in 2015 wheat yield.  

The same was noted for the 2016 yield (R2= 0.22), however in this case PC1 placed a meaningful 

addition to the model, suggesting that variability in pH and basic cations had some influence on the 

yield variability in 2016. In 2015, the principle component model from camp 19C collectively had no 

effect on yield (p-value < 0.05;F-statistic = 3.38), however PC2 had a meaningful contribution to the 

model suggesting that variability in sodium content and resistance had an influence on the 2015 yield 

(R2 = 0.33). The opposite was noted in 2016, which indicated that the model and all principle 

components collectively had some effect on the 2016 yield (R2 = 0.40). The multiple linear regression 

on yield in Camp 19B indicated that collectively all the principle components in 2015 had some effect 

on yield, with PC1 having a strong positive influence from pH, Ca2+, Mg2+, CEC and strong negative 

influence from ESP. The opposite was also noted in camp 19B in 2016, where the model of the principle 

Year Camp min max mean SD CV	(%)

20 1.20 2.82 2.04 0.27 13.16

19C 0.97 2.67 1.87 0.30 16.00

	19B 0.33 5.91 1.05 0.36 34.00

20 0.37 12.01 3.90 0.82 21.14

	19C 2.31 5.79 4.02 0.65 16.12

	19B 0.52 5.48 2.96 0.70 23.69

2015

2016
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components indicated that collectively the principle components had no significant effect on yield (p-

value < 0.05), however, both PC3 and PC4 had a meaningful addition to the model (R2 = 0.67) 

suggesting that the variability in P, carbon content, coarse fragments, K+ and bulk density explained 

up to 67% of the variability in wheat yield in the 2016 season.  

Table 5.10 Results of the principle component regression models: the estimated parameters with the regression 

diagnostics 

 

5.4  Conclusion 

Wheat yield varied considerably between the three camps as well as between soil taxonomic units. 

Camp 20 was deemed the highest yielding camp, as yield values were considerably high in both years 

in comparison to the other camps. Variability within camp 20 was also considerably lower, with the 

Dependent	variable	 t F R2

Yield	2015	(Camp	20) PC1 -0.003 -0.13

PC2 0.031 1.41

PC3 -0.024 -1.09

PC4 -0.024 -1.07

Yield	2015	(Camp	19C) PC1 -0.025 -0.79

PC2 0.096 3.04**	

PC3 -0.013 -0.40

PC4 0.060 1.88

Yield	2015	(Camp	19B) PC1 0.058 2.13*

PC2 0.036 1.30

PC3 -0.254 -0.99

PC4 -0.007 -0.27

Yield	2016	(Camp	20) PC1 2.951 2.21*

PC2 -0.081 -0.07

PC3 -0.405 -0.31

PC4 -0.295 -0.25

Yield	2016	(Camp	19C) PC1 0.102 1.28

PC2 0.153 1.73

PC3 0.071 0.44

PC4 -0.030 -0.43

Yield	2016	(Camp	19B) PC1 -0.040 -0.61

PC2 -0.032 -0.42

PC3 -0.254 2.64*

PC4 -0.208 3.38**	

1.5

3.99

0.21

0.40

0.67

3.39 0.33

1.82 0.23

1.38

Estimated	parameters

1.08 0.08
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highest variability coming from camp 19B in both years.  Wheat yield was also found to vary between 

soil taxonomic units. A significant difference in yield was found between all soil taxonomic units, 

except for the Estcourt and Swartland soil forms who did not differ significantly from each other (p-

value < 0.05). Estcourt and Swartland soil forms are very similar in physical and chemical properties 

and are both known to be duplex in nature. Results from this study have shown that these two soil 

forms act very similar to each other under Langgewens field trial conditions. These two soil forms 

where situated within the limits of camp 20 and a portion of camp 19C. Both of these camps exhibited 

a higher yield than camp 19B did. The variability in wheat yield within the camps and over the whole 

trial area can be attributed to the varying degree of variability that was found between all the soil 

physical and chemical properties. 

The three camps within the field trial area were shown to differ significantly with regard to some of 

the measures soil properties. The highest yielding camp, camp 20, was separable from the lower 

yielding camps based on K+, CEC, sand percentage, silt percentage and BD. The soil properties that 

were significantly different between the three camps ultimately affected the plant available water and 

thus nutrient uptake within the camps, resulting in a pattern of decreasing yield from camp 20 to camp 

19B. Soil sodium, resistance and ESP were found to correlate well with yield in the 2015 season. This 

unusual result can be attributed to the degree of leaching rather than a sodicity problem. Sodium and 

ESP values were not deemed toxic and fell within a suitable range for crop development.  

The spatial variation of soil physical and chemical properties at the 0-50 mm depth of the A horizon 

per experimental unit planted to wheat, was explored and assessed using classical and geostatistical 

methods. Results from the semivariogram analysis indicated that all soil properties exhibited a 

moderate spatial dependence, with the exception of sand percentage and bulk density that had a 

strong spatial dependence, and carbon percentage, which was found to be randomly distributed 

across the trial area The semivariance analysis showed that soil properties have different spatial 

dependencies with varying ranges, indicating that the optimum sampling interval varies for the 
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different soil properties.  

Studying the interaction between soil surface variables and wheat yield over the trial area lead to low 

correlations for most soil attributes. These low correlation values imply that a single soil physical or 

chemical property alone is not sufficient in explaining the spatial variability of wheat yield. To 

overcome the problem of intercorrrelation, or multicollinearity, a principle component analysis (PCA) 

was used to define which soil parameters are influential in the variability of yield within each camp. 

Studying the correlation among soil variables using PCA lead to the involved variables, in an orthogonal 

structure, to represent a number of underlying common factors. In all three camps, the PCA was 

successful and determined soil properties that had a potential to affect wheat yield. The use of 

multiple linear regressions on the factor scores of the principle components is advantageous as PCA 

performs a reasonable dimension reduction and is able to operate well even under instances where 

correlation between variables is high.  Although the principle components do not explain the total 

variance in a dataset, they are able to explain yield more effectively than simple indicators. As a result, 

the variables are able to well interpret yield and variability with numerous variables as linear 

combinations. The downfall to this method is that soil properties determined using this method are 

expected to differ in different regions. It is thus important to identify soil variability and properties 

having the greatest effect on yield on a site-specific basis.  

Results from the random forest ensemble method-learning algorithm proved that soil properties from 

the subsoil horizon explained a higher percentage of variation in wheat yield than the soil properties 

from the A-horizon. The percentage of variation in wheat yield explained by soil properties in the A-

horizon was 42%, while the percentage variation explained by soil properties in the B-horizon was 

65%. This result tells us that although we expect the main changes in soil properties to occur in the 

topsoil horizon, subsoil properties still have a major influence on the spatial variability in wheat yield. 

These subsoil properties are expected to be physical parameters controlling water distribution and 

infiltration. In ten years time, once the trial comes to an end, we expect that the topsoil (top 5cm) 

Stellenbosch University  https://scholar.sun.ac.za



 
 

90 

would explain a higher percentage of variation in yield due to the effect of diversity in the crop 

rotational sequences and the subsequent localized changes in soil conditions.  

Although a pattern in wheat yield could be noticed, the variability in yield cannot be captured by one 

soil property alone, and is a result of a complex interaction between many soil properties that interact 

with each other over a spatial and temporal domain. Results from the statistical and geostatistical 

analyses indicate that the variability in soil conditions is introducing a strong bias into the experimental 

setup and could generate false results in the presence of spatial autocorrelation. 
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Chapter 6. Statistical power  

6.1 Introduction  

In agricultural research, experiments are usually based around formal tests of hypotheses, which 

explain whether variables/covariates have any effect on some response variable/covariate (Searcy-

Bernal, 1994). The null hypothesis (H0) is tested against some alternative hypothesis (H1) to obtain a 

statistic as to whether there is a significant variable effect. Rejecting the null hypothesis suggests that 

there is a significant difference between treatment effects. This form of inference test is common to 

many researchers, however it does not take the power of the test into consideration. 

Statistical power is used to test the probability of obtaining a statistically significant result in a 

statistical test where a statistical difference is known to exist (Cohen, 1988). In other words, correctly 

reject the null hypothesis when you should (Seltman, 2015). The power analysis is able to reject the 

null hypothesis in favour of the alternative hypothesis where enough evidence is present to prove that 

the value of a parameter from a certain population differs from the hypothesised value (High, 2000). 

The power analysis is a basic tool in experimental design and can be used to determine the number of 

replications required in an experiment as well as the sample size (Fairweather, 1991). Generally, it is 

accepted that the power of an analysis should be around 0.8, meaning that if there is indeed a 

difference between two given groups, you should have an 80% chance of correctly detecting it as a 

statistically significant difference (Cohen, 1988). However, this value is not fixed and can be adjusted 

depending on the sampling variation, effect size as well as the type of test (Chuan and Penyelidekan, 

2006).  

The statistical power of a simple research design using simple randomization depends on five things 

(Cohen, 1998; Hedges and Rhoads, 2010): 

1. The significance level of the test (α = 0.05, 0.1, 0.4 etc.) 

2. The effect size (the degree to which the difference exists) 
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3. The desired power 

4. The sample size 

5. Within group variance  

The effect size is measured using the equation below, where f is the effect size, 𝜇 is the mean and “s” 

is the standard deviation.  

𝑓 =  
𝑛 ∑ (𝜇𝑖 −  𝜇)2𝑘

𝑖=1

𝑆𝑃𝑜𝑜𝑙𝑒𝑑
 

Statistical power is most important when non-significant results are obtained between treatment 

effects and can be useful for determining the minimal detectable difference (δ) within a given 

experimental setup. The power analysis improves the interpretation of the insignificant results making 

it a crucial tool in experimental design inference statistics a well as experimental design setup (Searcy-

Bernal, 1994). 

The objective of this chapter was to use the statistical power analysis to obtain an understanding as 

to whether 4 replications in a highly variable setup would perform equally to 3 replications in a more 

uniform setup 

6.2 Methods and materials  

In order to test the statistical power of our experimental design an R script was generated by C.S. Van 

der Westhuizen (Appendix C). The script generates a normal distribution with the mean and standard 

deviation parameters of the studied experimental setup (using 40x3, 30x4, 4,x30 and 3x40 designs 

described below). The script further produces a new set of data transforming the generated 

distribution by adding an offset difference d and uses ANOVA analysis to test for significant 

differences. The d value has to be determined experimentally through a number of iterations. The 

program output is the value of statistical power. The high level of statistical power is achieved at Power 

Stellenbosch University  https://scholar.sun.ac.za



 
 

93 

 0.8 (80% chance of observing statistically-significant differences when the difference in fact exists 

with α=0.05). 

We calculated the d=d’·s, where d’ is a fraction (multiple) of s (standard deviation) 

We started the experiment with setting a wide range of d values (from 0.4·s to 10·s). The statistical 

power is calculated and the range of d values is further narrowed to the environs of Power = 0.8.  

The d’ was set in orders of 0.4, 0.6, 0.8 and one (1) standard deviations from the mean yield (t·ha-1) 

for combinations of three treatments, and orders of two (2), four (4), six (6) and eight (8) standard 

deviations from the mean yield (t·ha-1) for combinations of 30 treatments. These orders of standard 

deviations were chosen in order to determine the minimal detectable difference of yield in t·ha-1, at 

which a power of 80% is achieved.  

The treatment sizes were set to three, with 30 and 40 replicates, and 30, with three and four replicates. 

These treatments consist of ten crop rotational sequences that were replicated three times over the 

trial area starting at a different year of rotation resulting in k=30 x n=4 trial for each year and finally 

combining into k=3 x n=40 at the end of the trial period. The reason behind selecting the three and 

thirty treatments is due to trial being conducted over a ten-year period, where at the end of the ten 

years only three treatments will be compared. This was applied to the design including, as well as 

excluding the 4th replicate (camp 19B). All statistical procedures were computed using R-statistical 

software version 1.0.136. The script for the power analysis can be found in appendix C.  

6.3 Results and discussion  

The inclusion of camp 19B resulted in a sample size of 120, while the exclusion resulted in a sample 

size of 90.  Mean wheat yield of the trial including camp 19B was 1.709 t·ha-1, while mean yield 

excluding camp 19B was 1.957 t·ha-1. The standard deviation for the experimental design with three 

camps is 473 kg·ha-1, while the standard deviation for the experimental design with two camps is 204 

kg·ha-1. Results from the power analysis are presented in Figure 6.1 and Figure 6.2. 
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Figure 6.1. Power analysis results for k = 3 and  n = 30, 40. Where d’ = the difference as a fraction of standard 

deviations from the mean yield. 

 

 

y = 0.7261ln(x) + 0.9881
R² = 0.9941

y = 0.7495ln(x) + 1.1076
R² = 0.9999

0

0.2

0.4

0.6

0.8

1

1.2

0 0.2 0.4 0.6 0.8 1 1.2

St
at

is
ti

ca
l p

o
w

er

d'

k = 3 

n=30 n=40

Stellenbosch University  https://scholar.sun.ac.za



 
 

95 

 

Figure 6.2. Power analysis results for k = 30 and n = 3, 4. Where d’ = the difference as a fraction of standard 

deviations from the mean yield. 

In general, statistical power was lower for the design with thirty treatments than that for three 

treatments. Having three replicates seems adequate when the number of treatments is 30 and the 

minimal detectable difference is eight standard deviations away (power of 0.804). When the number 

of replicates is increased to four in the same situation, the power increases by 13%. Very high power 

is achieved (> 85%) when the replicates are 30 or more, and when the detectable difference is at least 

0.8 standard deviations away from the mean yield. The power analysis has also shown that in order to 

achieve statistical power of 80%, three replications within a more uniform field allow for detection of 

smaller changes (minimal detectable difference of 160 kg·ha-1) as opposed to highly variable 

conditions with 4 replications (minimal detectable difference of 314 kg·ha-1). On the other hand, when 

the number of treatments is increased to 30, the minimal detectable difference increases to 1.6 t·ha-

1 for n= 3 and 2.9 t·ha-1 for n= 4. This result is worrying as modern day agronomic field trials aim at 
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detecting the smallest differences possible. This, more often than not, is restricted by poor decisions 

prior to the design and experimental layout of field trials and results in insignificant results or in 

extreme cases, the failure of field trials.  

6.4 Conclusion  

More often than not, agricultural experiments do not take the power of a statistical analysis into 

consideration. Statistical power is most important when non-significant results are obtained between 

treatment effects and can be useful for determining the minimal detectable difference (δ) within a 

given experimental setup. The power analysis improves the interpretation of the insignificant results 

making it a crucial tool in experimental design inference statistics a well as experimental design setup 

(Searcy-Bernal, 1994). Setting the minimal detectable difference to known values (e.g. halve, one or 

two standard deviations from the mean) can be useful in determining the power of a statistical analysis 

where the number of treatments and replications is known. 

Statistical power decreased dramatically when the number of treatments is increased. Having three 

treatments when the number of replicates is thirty will be adequate if the desired minimal detectable 

difference is 0.8 standard deviations away. The power analysis has also shown that in order to achieve 

statistical power of 80%, three replications within a more uniform field allow for detection of smaller 

changes (minimal detectable difference of 160 kg·ha-1) as opposed to highly variable conditions with 

4 replications (minimal detectable difference of 314 kg·ha-1). On the other hand, when the number of 

treatments is increased to 30, the minimal detectable difference increases to 1.6 t·ha-1 for n= 3 and 

2.9 t·ha-1 for n= 4. This result is worrying as modern day agronomic field trials aim at detecting the 

smallest differences possible. This, more often than not, is restricted by poor decisions prior to the 

design and experimental layout of field trials and results in insignificant results or in extreme cases, 

the failure of field trials.  
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Chapter 7. Optimization vs. Randomization of agronomic trial layouts 

for spatially biased fields 

 

7.1  Introduction  

Field crop research is conducted with the main purpose to come up with fact-based answers to 

farming’s challenging questions that have not been addressed yet. Experimental treatments (e.g. 

cover crop rotations and management practices) or other variables effecting crop yield and/or crop 

quality, are evaluated under controlled conditions making the groups of subjects under 

experimentation similar in all ways except for the application of an experimental treatment (Nielson, 

2010).  

As in any scientific controlled experiment, the use of experimental design and statistical analyses is 

used based on its capability to provide accurate interpretability and validity of the measurements and 

inferences drawn, depending upon the degree to which the groups are similar at the outset. For many 

years, the randomization of subjects into different groups has been the proposed tool to achieve 

statistically equivalent groups. Randomization is a method of experimental control that is used to 

prevent selection bias as well as accidental bias. This involves assigning participants by chance rather 

than by choice. Randomization is used within agricultural field trials in order to ensure that there is 

independence between plots. Usually this is achieved through a completely randomized design, which 

makes use of randomization where by the whole field is fully randomized. However, more often than 

not, underlying trends in soil structure and fertility are present, resulting in adjacent plots to be more 

similar (spatially correlated) than plots located further away. In order to control such trends, the RCB 

design was introduced and is currently the favoured design for agricultural field trials. This design 

makes use of blocks in order to capture the spatial trends (e.g. fertility gradients) present within the 

field. However, these trends may be too difficult to pick up, or multiple trends could be present at 

once. This spatial correlation violates the assumption of independence between plots, which is the 
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basis of classical statistical analysis. 

Agronomic field trials are faced with important factors regarding the design of trial layouts and 

experimental designs. Firstly, the spatial variability within field trials exists within the majority of fields 

and poses a threat towards the design of a trial layout. The number of treatment groups that need to 

be populated further enhances this effect. With an increase in the number of treatment groups, the 

discrepancies between these groups are found to increase. The spatial variability within field trials 

tends to form in irregular gradients driven by geologic and pedologic soil forming factors that are 

inherent in nature. This spatial structure results in adjacent plots being repeatedly more similar than 

plots located at further distances. When group sizes are large relative to variability within a field trial 

area, randomization tends to generate groups that are well matched with respect to any statistic. 

However, when group sizes are small relative to in-field variability, the expected deviation in any 

variable under randomization can be very large leading to hindered inference tests (Bertsimas et al., 

2015). Failure to account for such variation can result in inaccurate conclusions about treatment 

effects and dramatically reduce the efficiency of the experimental design (Hadarbach, 1995; Van Es et 

al., 2007).  

The majority of experimental design techniques and data analysis within agronomic field trials are 

implemented through the use of the RCB design, which is based on the analysis of variance (ANOVA). 

This classical approach is sufficient if the measured soil and crop properties display random variability 

with no spatial correlation. The ANOVA procedures are special cases of linear methodology, which 

implies that fields are homogenous, or that the differences among plots reflect random variation with 

no spatial trend. In the presence of significant trends, the classical assumption of independence 

between plots is violated, and a researcher may be faced with results that display a wide variation in 

crop yield between plots, with no significant differences between treatment effects (Bhatti et al., 

1991). This occurs when blocks do not reflect spatial variation because its pattern is not well 

understood, or because there are too many treatments to allow the construction of blocks with 
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homogenous within-block variation. In such instances, a specific treatment or group of treatments 

cannot be recommended for commercial use.  

Another factor faced by agronomic researchers is how to obtain a good design. In the context of this 

paper, a good experimental design is one used to efficiently control the spatial variability within a field 

trial area. Most agronomists tend to favour certain designs based on practicality and ease of use. The 

randomization approach introduces a noise factor into the experiment design, which conceals the 

effect of the comparison between mismatched groups. This noise factor significantly skews the 

apparent magnitude and statistical significance resulting in larger discrepancies in means and standard 

errors between some treatment groups. One solution to this problem would be to increase the group 

size until the discrepancies decrease to an acceptable level, however the size of the groups needed to 

do so would be too large and not practical.  

In its simple case, optimization aims at maximizing or minimizing a real-valued function (objective or 

cost function) by systematically choosing input values from within an allowed set and computing the 

value of the function (Chong and Żak, 2001). An optimization problem is a problem in which an attempt 

is made to achieve the best measurable performance under a given set of constraints. Most 

optimization algorithms are iterative, meaning that they are performed repeatedly until hopefully, 

convergence to an optimal solution occurs. The optimization problem associated with the design of 

agronomic field trials can be considered a non-deterministic polynomial time complete (NP-complete) 

problem. The class NP is a complexity class that describes a set of decision problems where a yes 

solution of a problem can be verified in polynomial time. NP-complete problems are a subset of NP 

(Cook, 1971). Optimization involves the assignment of experimental units into groups in order to 

minimize the discrepancies between them. After the assignment, the groups are then randomly 

assigned a treatment (Bertsimas et al., 2015). 

The proposal in this research is to assign treatments in which the discrepancies between them are 

minimized via some method of optimization. Evidence has been shown that optimization produces 
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groups that are far more similar in mean and variance than those created by randomization (Bertsimas 

et al., 2015).  This is especially noted where group sizes are small, data variability is high and a large 

number of groups are needed for a single experiment.  In such cases, optimization could roughly halve 

the discrepancy in the variable, while randomization only offers quickly diminishing reductions. We 

propose that the optimization of agronomic field trials is a desirable alternative to randomization that 

can improve experimental power and reduce bias among spatially variable fields. 

7.2 Methods and Materials  

Yield data was gathered using a New Holland T54 combine harvester equipped with a yield monitor 

as described in Chapter 4. The system ran in combination with a weighing instrument and a GPS, which 

allows the generation of a digital map using a geographical information system (Figure 7.1). 

7.3 Results and discussion 

7.3.1 Analysis of spring wheat performance  

In 2015, the whole trial area was planted to wheat for one growing season as a uniformity trial to 

monitor the spatial variation in wheat growth. The trial consisted of four camps: 19A, 19B, 19C and 20 

(Figure 3.4). A yield map was generated from data collected from the combine harvester and is 

represented in Figure 7.1. 
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Figure 7.1. Yield map of the field trial area generated from the combine harvester in 2015. Each point on the 

map represents 3 meters of harvested spring wheat yield.  

Visually, the four camps within the trial area did not appear uniform and noticeable lower yields were 

found in camps 19A and 19B. From further investigations, a bimodal distribution (distribution with 

two peaks) in wheat yield was found, indicating that two distinct zones of yield could be present within 

the trial area (Figure 7.2). This yield distribution could be detrimental to an experimental design as it 

results in increased variance and standard deviation, making it harder to precisely measure the effects 

that we are interested in (Cunningham and Wallraven, 2012).  
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Figure 7.2. Histogram representing the bimodal distribution in wheat yield harvested over the field trial area. 

Camp 19A, followed by camp 19B were the lowest yielding camps with mean yields of 0.94 and 1.81 

t·ha-1respectively, while Camp 20 and camp 19C were the higher yielding camps with mean yields of 

2.03 and 1.93 t·ha-1 respectively (Figure 7.3). This distinct bimodal distribution in wheat yield over the 

four camps could potentially introduce bias into the experimental setup, which could add a constant 

offset from the true accuracy of future results obtained. 

0

100

200

300

0 1 2 3 4

Yield_t.ha

c
o

u
n

t
Histogram for Yield

Stellenbosch University  https://scholar.sun.ac.za



 
 

103 

 

Figure 7.3. Mean spring wheat yield per camp in the 2015 season. 

A decision, in combination with soil and yield data, was made to exclude camp 19A, the lowest yielding 

camp. This was done in order to potentially decrease standard deviations between replicated 

treatments as well as remove any confounding factors and potential bias that could have a large effect 

on the pattern of results.  

7.3.2 Stratification of field camps 

The exclusion of camp 19A resulted in an experimental setup of only 3 camps (camp 19B, 19C and 

camp 20). In order to achieve initial aims and objectives and include all 120 experimental units (30 

treatments with four replicates) into the three camps, the size of the experimental units had to be 

altered. This resulted in experimental units with an area of 450 𝑚2 (30 𝑚 ×  15 𝑚) with a five-meter 

buffer zone on the length and a one-meter buffer zone on the width to allow for tractor movement 

during planting and harvesting. 

Once camp 19A had been removed, camp 19B became the only low yielding camp within the trial area. 

It was decided that one replicate (the 4th replicate) be placed entirely in camp 19B in order to remove 

this replicate from the experimental design if need be (Figure 7.4)  
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Figure 7.4. Final experimental design representing the block layout and the 4th replicate in camp 19B. 

With the entire 4th replicate being placed in camp 19B, statistical methods can be used to determine 

whether the variability in wheat yield, or the confounding factor/s affecting yield, will have an effect 

on the standard, as well as the reliability of results obtained in the future. In the context of this study, 

we propose that by minimizing the standard deviation (or the discrepancies) between the replicated 

treatments we will be able to achieve greater certainty that the experimental design can detect 

differences in treatment effects. This will produce groups that are far more similar in terms of mean 

and variance.  
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Figure 7.5. Treatment standard deviation vs mean yield for three camps (4 replicates), as well as two camps 

(three replicates).  

Figure 7.5 represents the plot of treatment standard deviation in yield, versus its respective mean 

yield. The blue points o the plot represent the 30 treatments with four replications (three camps), 

while the red points represent the 30 treatments with three replications (two camps). From the plot 

it is clear to notice that the removal of camp 19B, and the 4th replicate, produces treatments with 

lower standard deviations as well as higher yields compared to that of the treatments including camp 

19B. From this we can conclude that the trial area with the two camps (three replicates) would be 

suitable for a randomized complete block design due to the lower values of standard deviations. 

However, variance between the standard deviations in yield still exists with the exclusion of camp 19B 

(Figure 7.6 and Figure 7.7). Thus, there is space for optimization of the trial design. This can be 

achieved by decreasing the standard deviations of treatments with higher standard deviations (e.g. 

treatment 22) at the expense of slightly increasing the lower values of standard deviations from 

treatments such as treatment 11. This method of optimizing the trial layout can be achieved through 

the re-arrangement of the treatments within the already existing experimental plots. 

0.00

0.10

0.20

0.30

0.40

0.50

0.60

0.70

1.50 1.60 1.70 1.80 1.90 2.00 2.10 2.20

St
d

e
v,

 t
/h

a

Yield, t/ha

2 camps

3 camps

Stellenbosch University  https://scholar.sun.ac.za



 
 

106 

  

Figure 7.6. Standard deviation of treatments with four replications ranked in ascending order (including camp 

19B). 

 

Figure 7.7. Standard deviation of treatmnets with three replications ranked in ascending order (excluding camp 

19B). 
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7.3.3 Optimization of experimental design 

Of the 120 plots in the field trial area, 52 were planted to wheat in 2016. These 52 plots contain wheat 

yield data for both 2015 (uniformity trial) and 2016 (first year of trial), and were extracted for further 

data analysis. Of the 52 plots, 26 were located within camp 20, 13 in camp 19C and 13 in camp 19B. 

The only difference between factors affecting yield in 2015 and 2016 was the change in environmental 

conditions (rainfall, potential evapotranspiration, etc.). It was thus decided to use the increase in 

rainfall in the 2016 season as a pseudo treatment (i.e. applying no actual treatment) replicated four 

times over the field trial area.  

Three experimental designs were superimposed within the 52 plots; a) completely randomized design, 

b) optimization for mean and c) ranked design. These designs consisted of 13 treatments and four 

replications. For the completely randomized design, the 52 plots within the trial site were fully 

randomized. Optimization for mean was achieved by reshuffling the treatments around the 52 plots 

in order to homogenize the discrepancies between the treatment means. For this design, two of 

replicates were placed within camp 20 and each of the 26 plots were randomly assigned a treatment, 

one replicate was placed in camp 19C and the final replicate was placed in camp 19B. For the ranked 

design, the mean values of the 52 plots were ranked in ascending order and treatments were then 

assigned to the first, and successive four plots. Each design thus resulted in 13 pseudo treatments with 

four replications. Roughly 100-150 harvester points fell within the limits of each experimental unit in 

both years. From these plots, pooled averages and standard deviations were calculated (from the 100-

150 harvested points). The average yield per treatment was also calculated from the four replicates 

(average yield between four experimental units). This resulted in pooled as well as un-pooled average 

and standard deviation values per each treatment.  

Changes in mean yield vs. changes in distribution are represented in Figure 7.8. A homogenous 

distribution in mean yield was found for the optimization for mean design while some sort of trend 

was noticed in both the optimization for mean and ranked design.  
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a b c 

Figure 7.8. Mean treatment yield distribution for a) completely randomized design, b) optimization for mean 

and c) Ranked design  

However, although the optimization for mean design resulted in a normal distribution in mean yield, 

the discrepancies between the treatment means were significantly higher than that of the ranked 

design. This can be noticed in both cases of randomization (Figure 7.8 a and b) and suggests that the 

mean yield values alone do not fully describe the distribution and that further investigations need to 

be made in order to determine which experimental design would be most suitable for obtaining 

significant results in highly variable field conditions. 

Mean yield in 2015 vs. mean yield in 2016 per treatment is represented in Figure 7.9 for the three 

experimental designs. Some trend exists between treatment yield for the completely randomized 

design as well as the ranked design. From Figure 7.9, it can also be noticed that the discrepancies 

between the replicated treatment means is significantly higher when randomization and replication 

has been applied. This result tells us that randomization and replication increased the variance in the 

applied treatments as well as the responses to it. The opposite was noticed in the ranked design, 

where the discrepancies between the replicated treatment means were significantly lower than that 

of the completely randomized design and optimization for mean. Although the discrepancies were 

significantly lower in the ranked design, a strong trend was introduced (Figure 7.9c).  
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a) p-value = 0.479 

R² = 0.642 

b) p-value = 0.306 

R² = 0.1189 

c) p-value = 0.000112  

R² = 0.7982 

Figure 7.9. Mean yield in 2015 vs mean yield in 2016 per treatment for a) completely randomized design, b) 

optimization for mean design and c) ranked design. 

A one-way ANOVA was used to determine whether the superimposed designs sufficiently captured 

the spatial variability and had potential to detect significant differences between replicated 

treatments (Figure 7.9). Results from the ANOVA show that a significant difference exists between 

yield in 2015 and yield in 2016 (p-value < 0.001). This increase in yield is clearly noticeable within the 

field and can be attributed to a change in environmental conditions. Although a clear difference was 

noticeable within the field, results from the one-way ANOVA show that no significant difference 

existed between treatment yields for the completely randomized design as well as optimization for 

mean (p-values of 0.479 and 0.306 respectively). This suggests that in the presence of spatial variation 

and field trends, these two designs failed to pick up statistical differences between treatments where 

a known difference exists. This indicates that randomization is not a suitable technique for spatially 

variable fields. On the other hand, the ranked design was successful in picking up a statistical 

difference between treatments (p-value = 0.0001). This indicates that although a trend was introduced 

into the statistical analysis, the ranked design was still able to successfully pick up a significant 

difference between treatment means where a know difference exists.  
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a) y = -104.01x + 299.48 

R² = 0.9299 

b) y = -158.17x + 386.47 

R² = 0.7896 

c) y = -105.89x + 308.91 

R² = 0.9641 

Figure 7.10. Percentage increase in yield in 2016 vs. yield in 2015 for a) completely randomized design, b) 

optimization for mean and c) ranked design.  

Percentage increase in yield in 2016 vs. mean treatment yield in 2015 is represented in Figure 7.10 

Results from the three graphs indicate that the ranked design has the highest correlation between 

percentage changes in yield in 2016 and yield in 2015 (R2 = 0.964) suggesting that this model equation 

gives the best prediction of the increase in yield in 2016. This is followed by the completely randomized 

design and the optimization for mean design. 

7.4 Conclusion  

The whole trial area was planted to wheat as a uniformity trial in the 2015 season to monitor the 

spatial variation in wheat growth. The trial consisted of four camps: 19A, 19B, 19C and 20 (Figure 3.4). 

Of the 120 plots in the field trial area, 52 were planted to wheat in 2016. These 52 plots contain wheat 

yield data for both 2015 (uniformity trial) and 2016 (first year of trial), and were extracted for further 

data analysis. A bimodal distribution in wheat yield was present, indicating that there were two 

distinct zones of yield within the trial area. Camps 19A and 19B were found to be the lower yielding 

camps, whereas camps 19C and camp 20 were substantially higher yielding. In order to reduce the risk 

of introducing bias into the experimental setup, a decision was made to exclude the lowest yielding 

camp 19A.  

With the removal of camp 19A, camp 19B became the lower yielding camp within the trial area. A 
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decision was made to place entire fourth replicate in camp 19B in order to remove this replicate from 

the experimental design if need be, and compare the statistical result of the inclusion and exclusion 

of a spatial trend. The removal of camp 19B, and the 4th replicate, produced treatment means with 

lower standard deviations as well as higher yields compared to that of the treatments including camp 

19B. From this we can conclude that the trial area excluding camp 19B (removing the spatial trend) 

would be more suitable for a randomized experiment due to the lower values of treatment standard 

deviations. On average, the treatment standard deviations halved with the exclusion of camp 19B. 

Lower treatment standard deviations are favourable as increased variability between experimental 

plots increases the risk of obtaining insignificant results. However, although the standard deviations 

were decreased with the removal of camp 19B, discrepancies between them still existed. Thus, there 

was still space for optimizing the design. 

Three experimental designs were superimposed within the 52 plots; a) completely randomized design, 

b) optimization for mean and c) ranked design. A one-way ANOVA was used to determine whether 

the superimposed designs sufficiently captured the spatial variability and had potential to detect 

significant differences between replicated treatments in the presence of spatial field trends. Results 

from the one-way ANOVA show that a significant difference exists between yield in 2015 and yield in 

2016 (p-value < 0.001). This difference was clearly noticeable within the field. Although this difference 

was clearly noticeable, results from the one-way ANOVA showed that no significant difference exists 

between treatment yields for the completely randomized design, as well as the optimization for mean 

design (p-values of 0.479 and 0.306 respectively). This suggests that in the presence of spatial field 

trends, these two designs fail to pick up statistical differences between treatments where a known 

difference exists. This indicates that randomization is not a suitable technique for spatially variable 

fields. On the other hand, the ranked design was successful in picking up a statistical difference 

between treatments (p-value = 0.0001). This indicates that although a trend was introduced into the 

statistical analysis, the ranked design was still able to successfully pick up a significant difference 
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between treatment means where a know difference exists.  

This result supports our hypothesis that optimization is preferable over randomization for 

experimental trials in the presence of spatial field trends. In this case, optimization was achieved by 

decreasing treatment standard deviations, as well as the discrepancies between them through the re-

arrangement of treatments within the already existing experimental plots. This was achieved by 

decreasing higher treatment standard deviations at the expense of slightly increasing the lower values 

of treatment standard deviations.  
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Chapter 8. Conclusions an future recommendations 

8.1 Conclusion  

Field trials have been conducted over decades and will continue to be in operation for years to come. 

The initial conditions of a new trial can already be structured and spatially distributed due to the 

inherent lay out of the land, or due to residual effects of previous trials conducted on specific 

experimental sites. This spatial distribution in initial conditions may have a strong effect on the analysis 

and interpretation of results obtained in the future. The aim of this research was to layout a new trial, 

and processes its results in such a way that the initial spatial structure of the field would not have a 

negative influence of the final trial results. In order to achieve this, remote sensing techniques were 

used to study wheat growth/yield variability over the field trial area. The spatial distribution in soil 

surface properties and soil taxonomic units were also quantified and related to the variation in wheat 

yield. Both wheat yield and soil properties were analysed using geostatistical as well as conventional 

statistical techniques in order to optimize the trial layout and improve the reliability of results 

obtained from field trial experiments. 

Average rainfall in the 2016 season fell close to that of the long-term average, exceeding that of the 

2015 season. The rainfall was not evenly distributed throughout both seasons (2015 and 2916), with 

the majority occurring in June, July and August. The average wheat yield in 2015 was 1.695 t·ha-1, 

while the average wheat yield in 2016 was 3.697 t·ha-1. In 2016, wheat yield benefitted from sufficient 

water availability throughout the trial area resulting in higher yields. A bimodal distribution in yield 

was found over the trial area, which could introduce strong bias into the experimental setup due to 

spatial autocorrelation. Camp 20 proved to be the higher yielding camp, followed by camp 19C, 19B 

and 19A. Due to the bimodal distribution, a decision was made to exclude camp 19A, the lowest 

yielding camp and place a whole replicate (4th replicate) into camp 19B (the second lowest yielding 

camp). This was done in order to remove the 4th replicate if need be and to compare results with the 

excluded lower yielding camp.  
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The vegetation indices NDVI and SAVI, showed strong positive correlations with wheat yield in both 

2015 and 2016 (R2 > 0.80), however a slightly stronger correlation was found for NDVI and SAVI in the 

wetter year (R2 = 0.86) 2016, than in 2015 (R2 = 0.82). This can be attributed to higher plant available 

water throughout the major growth stages of the grain crops development. Although a significant 

increase in wheat yield occurred in 2016, an ISOSDATA cluster analysis revealed that the spatial 

distribution remained constant over the two years. This result justifies the use of site-specific 

management and remote sensing, and has great importance with regards to capturing wheat yield 

variability within a small field trial area. This also confirms that remote sensing can be used to measure 

the spatial distribution in yield/crop properties prior to the setup of an experimental design, which 

can be a key factor in improving the layout and efficiency of a field trial. 

Topographic parameters exhibited different magnitudes of correlation between wheat yield during 

the two years within the field trial area. In the year 2015, topographic parameters were found to have 

a higher correlation with wheat yield than in 2016. Soil moisture conditions seemed to be the main 

factor controlling the wheat yield increase in 2016, which seemed to influence the significance of 

topographic indices on wheat yield. It was found that the relationship between topographic indices 

(TWI, relative elevation, upslope length, aspect, slope and profile curvature) and wheat yield was 

significantly more important in drier years than in wet years. This result is supported by findings from 

Kaspar et al (2003) and Kumhálová et al (2008), who found that the relationship between yield and 

topography was more important in dry years and that yield can be dependent on flow accumulation 

and water redistribution in fields in dry years more than in wet years.  

Studying the interaction between soil surface variables and wheat yield over the trial area lead to low 

correlations for most soil attributes. These low correlation values imply that a single soil physical or 

chemical property alone is not sufficient in explaining the spatial variability of wheat yield. A significant 

difference in yield was found between all soil taxonomic units, except for the Estcourt and Swartland 

soil forms who did not differ significantly from each other (p-value < 0.05). Estcourt and Swartland soil 
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forms are very similar in physical and chemical properties and are both known to be duplex in nature. 

Results from this study have shown that these two soil forms act very similar to each other under 

Langgewens field trial conditions.  

Soil properties from the subsoil horizon explained a higher percentage of variation in wheat yield than 

the soil properties from the A-horizon. This result tells us that although we expect the main changes 

in soil properties to occur in the topsoil horizon, subsoil properties still have a major influence on the 

spatial variability in wheat yield. These subsoil properties are expected to be physical parameters 

controlling water distribution and infiltration. In ten years time, once the trial comes to an end, we 

expect that the topsoil (top 5cm) would explain a higher percentage of variation in yield due to the 

effect of diversity in the crop rotational sequences and the subsequent localized changes in soil 

conditions. Although a pattern in wheat yield could be noticed, the variability in yield cannot be 

captured by one soil property alone, and is a result of a complex interaction between many soil 

properties that interact with each other over a spatial and temporal domain.  

Results from the power analysis indicate that it is not possible achieve a power of 80% or above when 

the detectable difference is half a standard deviation away. The power analysis has also shown that in 

order to achieve statistical power of 80%, three replications within a more uniform field allow for 

detection of smaller changes (minimal detectable difference of 160 kg·ha-1) as opposed to highly 

variable conditions with 4 replications (minimal detectable difference of 314 kg·ha-1). On the other 

hand, when the number of treatments is increased to 30, the minimal detectable difference increases 

to 1.6 t·ha-1 for n= 3 and 2.9 t·ha-1 for n= 4. This result is worrying as modern day agronomic field trials 

aim at detecting the smallest differences possible. It is thus important that the statistical power of any 

experiment conducted should be determined prior to the layout of a trial in order to determine 

whether statistically significant results can be obtained. 

Results from the statistical and geostatistical analyses indicate that the variability in soil conditions is 

introducing a strong bias into the experimental setup and could generate false results in the presence 
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of spatial autocorrelation. 

Our hypothesis was that by minimizing the standard deviation (or the discrepancies) between the 

replicated treatments we would be able to achieve greater certainty that the experimental design can 

detect significant differences between treatment effects. This would produce groups that are far more 

similar in terms of mean and variance. The removal of camp 19B, and the 4th replicate, produced 

treatments with lower standard deviations as well as higher yields compared to that of the treatments 

including camp 19B. From this we can conclude that the trial area with the two camps (three 

replicates) would be suitable for a randomized complete block design due to the lower values of 

standard deviations. Although the standard deviation between the treatment groups was decreased, 

variability between the treatments still existed. This told us that there is still potential for optimization 

of the experimental design.  

Three experimental designs were superimposed within the 52 plots planted to wheat; a) completely 

randomized design, b) optimization for means and c) ranked design. A one-way ANOVA was used to 

determine whether the superimposed designs sufficiently captured the spatial variability and had 

potential to detect significant differences between replicated treatments in the presence of spatial 

field trends. Results from the one-way ANOVA show that a significant difference exists between yield 

in 2015 and yield in 2016 (p-value < 0.001). This difference was clearly noticeable within the field. 

Although this difference was clearly noticeable, results from the one-way ANOVA showed that no 

significant difference exists between treatment yields for the completely randomized design, as well 

as the optimization for mean design (p-values of 0.479 and 0.306 respectively). This suggests that in 

the presence of spatial field trends, these two designs fail to pick up statistical differences between 

treatments where a known difference exists. This indicates that randomization is not a suitable 

technique for spatially variable fields. On the other hand, the ranked design was successful in picking 

up a statistical difference between treatments (p-value = 0.0001). This indicates that although a trend 

was introduced into the statistical analysis, the ranked design was still able to successfully pick up a 
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significant difference between treatment means where a know difference exists.  

This result supports our hypothesis that optimization is preferable over randomization for 

experimental trials in the presence of spatial field trends. In this case, optimization was achieved by 

decreasing treatment standard deviations, as well as the discrepancies between them through the re-

arrangement of treatments within the already existing experimental plots. This was achieved by 

decreasing higher treatment standard deviations at the expense of slightly increasing the lower values 

of treatment standard deviations.  

8.2 Future recommendations 

This research has presented the importance of understanding the spatial structure of a field prior to 

the establishing of a field trial. Remote sensing has proven to be a viable, non-destructive and 

affordable technique to obtain a priori knowledge of field variability. Agronomists tend to favour the 

RCB design, which makes use of randomization and blocking to address the concerns of spatial 

correlation between a variable (i.e. the assumption of independence). However, randomization and 

blocking does not explicitly deal with issues of balance between treatments in the presence of spatial 

trends such as fertility gradients and the nonstationarity of certain soil properties. This study has 

presented the effects of spatial trends in the form of soil and topographic variability on the statistical 

design of a field trial conducted in the Swartland region of the Western Cape in South Africa. This 

approach should be further investigated in the time-series analysis as the current experiment 

progresses. Further studies need to be aimed at understanding soil variability in the Western Cape 

and developing statistical methods to optimize the design and layout of field trials in the presence of 

spatial field trends. This should be achieved by conducting uniformity trials prior to the establishment 

of field trials. As far as we know, no literature has presented the use of statistical power in agronomic 

field trials conducted in South Africa. Statistical power is an important tool with regards to statistical 

design and should be implemented at the start of every new trial, as it provides a researcher with the 

confidence level at which he/she could obtain significant results. This is particularly important when 
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field trials are conducted over decades, where a significant amount of time, effort and money has 

been dedicated towards them. 
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Appendix	A:	Soil	classification	and	description		
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Profile	number	 1 Co-ordinates -33.28585 18.70453

Soil	form Estcourt Aspect

Soil	family	 Chiltern	(2100) Surface	coarse	fragments

Slope 1-2% Wetness	class

Transitional	soil	form	 Klapmuts

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-250mm Structure:	massive	apedal	with	12%	clay.	Transition	to	E	horizon	smooth	 Orthic	A

E 200-550mm Yellow	when	moist.	pH	of	5.4,	clay%	of	14,	 E-Horizon	

Blocky	clay/prismatic	structure,	non	gleyed	matrial	with		

a	non	uniform	red	colour.	pH	of	6.2	(KCl),	ESP	of	5.0%

B 	550	-	1150mm Prismacutanic	B

South-West

42%

3/6
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Profile	number	 2 Co-ordinates -33.28496 18.70367

Soil	form Estcourt Aspect

Soil	family	 Chiltern	(2100) Surface	coarse	fragments

Slope 1-2% Wetness	class

Transitional	soil	form	 Klapmuts

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-250mm Structure:	massive	apedal	with	a	sandy	loam	texture	and	pH	of	5.9	(KCl)	 Orthic	A

E 200-550mm Yellow	when	moist	with		an	EC	of	0.08	and	resistance	of	1070	(ohms) E-Horizon	

Blocky	clay/prismatic	structure,	non	gleyed	matrial	with		

a	non	uniform	red	colour.	pH	of	5.6	(KCl)	and	Ca:Mg	of	5:1

South-West

44%

3/6

B 	550	-	1150mm Prismacutanic	B
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Profile	number	 3 Co-ordinates -33.28368 18.7024

Soil	form Estcourt Aspect

Soil	family	 Chiltern	(2100) Surface	coarse	fragments

Slope 1-2% Wetness	class

Transitional	form Sterkspruit

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-150mm Structure:	massive	apedal	with	a	sandly	loam	texture	and	16%	clay.	pH	of	5.9 Orthic	A

E 150-350mm Yellow	when	moist.	Percentage	coarse	fragments	of	77%	 E-Horizon	

Blocky	clay/prismatic	structure,	non	gleyed	matrial	with		

a	non	uniform	red	colour.	pH	of	5.6	(KCl)	and	ESP	of	9.6%

South-West

44%

3/6

B 350-	950mm Prismacutanic	B
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Profile	number	 4 Co-ordinates -33.2823 18.70112

Soil	form Swartland Aspect

Soil	family	 Gemvale	(1121) Surface	coarse	fragments

Slope 1-2% Wetness	class

Transitional	form Glenrosa

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-150mm Structure:	massive	apedal	with	sandy	clay	loam	texture	and	24%	clay Orthic	A

Non-gleyed	blocky	clay	with	non-uniform	red	colour	overlaying	weathering	saprolite

Yellow	B	horizon	with	44%	clay,	pH	of	7.5	(KCl)	and	Ca:Mg	ratio	of	0.6:1	

C >	350mm Saprolite

B 150-350mm Pedocutanic	B

South-West

40%

3
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Profile	number	 5 Co-ordinates -33.28193 18.70328

Soil	form Swartland Aspect

Soil	family	 Gamvale	(1121) Surface	coarse	fragments

Slope 5% Wetness	class

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-150mm Structure:	Massive	apedal	with	a	sandy	clay	loam	texture	and	a	pH	of	5.4 Orthic	A

Medium/coarse	angular	yellow	B	horizon	with	some	degree	of	plasticity	

pHof	6.2,	ESP	of	13.6%	with	52%	clay

C >	500mm Saprolite

Pedocutanic-B150-500mmB

North-West

36%

3
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Profile	number	 6 Co-ordinates -33.28284 18.70262

Soil	form Swartland Aspect

Soil	family	 Amatole	(2211) Surface	coarse	fragments

Slope 5% Wetness	class

Transitional	form Oakleaf

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-300mm Bleached	A-Horizon	with	a	smooth	transition	into	the	B	horizon	and	18%	clay Orthic	A

Red	B-horizon	with	a	clay	texture	with	40%	clay.	Saprolite	is	weakly	weathered.

pH	of	6.2,	EC	of	0.15	and	Ca:Mg	ratio	of	1.25:1

C >	750mm Saprolite

300-750mmB Pedocutanic-B

North-West

42%

3/6
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Profile	number	 7 Co-ordinates -33.28383 18.70357

Soil	form Estcourt Aspect

Soil	family	 Chiltern	(2100) Surface	coarse	fragments

Slope 1-2% Wetness	class

Transitional	form Klapmuts

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-250mm Structure:	massive	apedal	with	a	sandy	clay	loam	texture.	pH	of	6.6,	Ca:Mg	of	5.1	and	CEC	of	12.1	 Orthic	A

E 250-450mm Yellow	when	moist	with	60%	coarse	fragments	 E-Horizon	

Prismatic/blocky	moderate	to	strong	structure.	Stronger	structure	when	moist.

44%	clay,	with	an	ESP	of	9.3%	and	pH	of	5.6

B 450-	1350mm Prismacutanic	B

West

45%

3/6
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Profile	number	 8 Co-ordinates -33.28516 18.70531

Soil	form Swartland Aspect

Soil	family	 Amatole	(2211) Surface	coarse	fragments

Slope 1-2% Wetness	class

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-250mm Bleached	A-Horizon	with	a	clay	texture.	pH	of	6.0,	CEC	of	5.1	and	ESP	of	2.6% Orthic	A

Subangular/fine	angular	red	B-Horizon	with	a	sandy	clay	loam	texture

pH	of	5.7,	CEC	of	4.1,	EC	of	0.09	and	clay%	of	38%

C >	950mm Saprolite

250-950mmB Pedocutanic-B

South-West

42%

3/6
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Profile	number	 9 Co-ordinates -33.28629 18.70708

Soil	form Swartland	 Aspect

Soil	family	 Spreyton	(1111) Surface	coarse	fragments

Slope 1-2% Wetness	class

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-300mm Structure:	massive	apedal	with	a	sandy	clay	loam	texture	and	pH	of	6.3 Orthic	A

Yellow	B-Horizon	that	shares	properties	that	conform	to	that	of	a	neocutanic-B.	

Gravel	layer	from	450-550	mm.	pH	of	7.3,	ESP	of	7.5%	and	EC	of	o.214

C >	850mm Saprolite

Pedocutanic-B300-850mmB

South-West

26%

3/6
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Profile	number	 10 Co-ordinates -33.28672 18.70661

Soil	form Klapmuts Aspect

Soil	family	 Broadline	(1110) Surface	coarse	fragments

Slope 1-2% Wetness	class

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-250mm Structure:	massive	apedal	with	a	sandy	clay	loam	texture	 Orthic	A

E 250-550mm grey	when	moist	with	a	CEC	of	2.4	and	pH	of	4.3 E-Horizon	

Yellow	B-Horizon.	Blocky	clay	with	a	moderate	to	strong	structure	when	moist

CEC	of	4.98,	with	56%	clay	

6

B 550-	950mm Pedocutanic-B

South-West

41%
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Profile	number	 11 Co-ordinates -33.28684 18.70793

Soil	form Tukulu Aspect

Soil	family	 Entunja	(1110) Surface	coarse	fragments

Slope 1-2% Wetness	class

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-250mm A	horizon	not	bleached.	Structure:	massive	apedal	with	a	sandy	clay	loam	texture Orthic	A

Non	Luvic	with	a	pH	of	6.5,	ESP	of	13%	and	36%	coarse	fragments

Could	be	a	disturbed	soil	

C >	550mm 	Signs	of	wetness	present Unspecified

250-350mm Neocutanic-BB

South-West

25%

3
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Profile	number	 12 Co-ordinates -33.28744 18.70896

Soil	form Oakleaf Aspect

Soil	family	 Cooper	(2110) Surface	coarse	fragments

Slope 1-2% Wetness	class

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-300mm Bleached	A-Horizon.	Structure:	massive	apedal	with	a	sandy	texture Orthic	A

C >	1350mm No	signs	of	wetness	 Unspecified	

None	

B 300-1350mm Neocutanic-BNon	Luvic	with	a	sandy	loam	texture,	pH	of	5.4,	Ca:Mg	of	21:1	and	70%	coarse	fragments

South-East

47%
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Profile	number	 13 Co-ordinates -33.28762 18.70993

Soil	form Tukulu	 Aspect

Soil	family	 Monstertshoek	(2110) Surface	coarse	fragments

Slope 1-2% Wetness	class

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-300mm Bleached	A-Horizon.	Structure:	massive	apedal	with	a	sandy	loam	texture.	pH	of	5.7	and	CEC	of	7.9 Orthic	A

Non	Luvic	B	horizon	with	a	sandy	loam	texture.	

pH	of	4.1,	resistance	of	1040	(ohms)	and	an	EC	of	0.088

C >	1150mm 	Shows	signs	of	wettness		 Unspecified

300-1150mmB Neocutanic	B

South-East

72%

None	
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Profile	number	 14 Co-ordinates -33.28651 18.71084

Soil	form Oakleaf	 Aspect

Soil	family	 Cooper	(2110) Surface	coarse	fragments

Slope 1-2% Wetness	class

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-150	mm Bleached	A-	Horizon	with	a	sandy	loam	texture.	pH	of	5.5	and	CEC	of	6.45 Orthic	A

C >	350mm No	signs	of	wetness	 Unspecified

B 150-350mm

South-East

55%

None	

Neocutanic-BNon	Luvic	with	a	pH	of	4.9,	resistance	of	1290	(ohms),	CEC	of	3.26	and	EC	of	0.099
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Profile	number	 15 Co-ordinates -33.28703 18.71149

Soil	form Oakleaf Aspect

Soil	family	 Ritchie	(1110) Surface	coarse	fragments

Slope 1-2% Wetness	class

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-150mm Non-Bleached	with	a	sandy	loam	texture.	pH	of	5.0,	CEC	of	6.41	and	6%	clay Orthic	A

C >	350mm No	signs	of	wetness	 Unspecified

B 150-350mm Neocutanic-BNon	Luvic	with	a	pH	of	4.5,	resistance	of	1210	(ohms),	CEC	of	3.73	and	EC	of	0.093	

South-East

57%

None	
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Profile	number	 16 Co-ordinates -33.28665 18.71203

Soil	form Oakleaf Aspect

Soil	family	 Ritchie	(1110) Surface	coarse	fragments

Slope 1-2% Wetness	class

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-350mm Structure:	massive	apedal	with	a	sandy	texture.	Non-Bleached	A	horizon	with	6%	clay Orthic	A

Non	Luvic	B	horizon	with	a	sandy	loam	texture	and	14%	clay.

Resistance	of	1320	(ohms),	ESP	of	2.29%	and	66%	coarse	fragments

C >	750mm No	signs	of	wetness	 Unspecified

350-750mm Neocutanic-BB

South-East

31%

None	
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Profile	number	 17 Co-ordinates -33.28723 18.71229

Soil	form Vilafontès Aspect

Soil	family	 Buffelsbaai	(2120) Surface	coarse	fragments

Slope 1-2% Wetness	class

Transitional	form	 Cartref

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-250mm Structure:	massive	apedal	with	a	sandy	loam	texture.	pH	of	6.1	and	Ca:Mg	of	13:1 Orthic	A

E 250-450mm Yellow	when	moist	with	an	ESP	of	17%	and	58%	coarse	fragments E-Horizon	

3/6

>450mmB Neocutanic-BLuvic	B	horizon	with	44%	clay.	CEC	of	10.47	and	a	pH	of	4.8.	

South-East

48%
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Profile	number	 18 Co-ordinates -33.28799 18.71143

Soil	form Klapmuts Aspect

Soil	family	 Napier	(1120) Surface	coarse	fragments

Slope 1-2% Wetness	class

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-250mm Structure:	massive	apedal	with	a	loam	texture.	pH	of	6.6	with	an	ESP	of	23.19% Orthic	A

E 250-350mm Grey	when	moist	with	an	ESP	of	27%	and	44%	coarse	fragments E-Horizon	

South-East

37%

B 350-	750mm Pedocutanic-BYellow	B-horizon	with	44%	clay,	an	ESP	of	47%	and	an	EC	of	1.046

3/6
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Profile	number	 19 Co-ordinates -33.28831 18.70981

Soil	form Vilafontès Aspect

Soil	family	 Buffelsbaai	(2120) Surface	coarse	fragments

Slope 1-2% Wetness	class

Transitional	form	 Cartref

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-250mm Structure:	massive	apedal	with	a	loam	texture.	pH	of	5.8,	CEC	of	7.81	and	8%	clay Orthic	A

E 250-350mm Yellow	when	moist	with	a	pH	of	5.3,	resistance	of	410	(ohms)	and	CEC	of	4.2 E-Horizon	

Yellow	B-Horizon.	Blocky	clay	with	a	moderate	to	strong	structure	when	moist.	Luvic	

with	a	pH	of	4.4,	CEC	of	3.7,	38%	clay	and	70%	coarse	fragments	

South-East

68%

3/6

B 350-	750mm Neocutanic-B
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Profile	number	 20 Co-ordinates -33.28825 18.70708

Soil	form Vilafontès Aspect

Soil	family	 Alexandria	(1110) Surface	coarse	fragments

Slope 1-2% Wetness	class

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-300mm Structure	massive	with	8%	clay	and	pH	of	5.9 Orthic	A

E 300-450mm Grey	when	moist,	smooth	transition	into	the	B	horizon.	pH	of	4.5	and	CEC	of		3.2 E-Horizon	

Non-Luvic	blocky	clay,	non	gleyed	with	non-uniform,	non	red	colour

with	a	pH	of	4.7,	resistance	of	1060	(ohms)	and	18%	clay

South-East

62%

3

B 450-	1150mm Neocutani-	B
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Profile	number	 21 Co-ordinates -33.28803 18.70653

Soil	form Vilafontès Aspect

Soil	family	 Woburn	(1120) Surface	coarse	fragments

Slope 1-2% Wetness	class

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-250mm Structure:	Massive	apedal	with	8%	clay,	smooth	gradual	transition,	pH	of	5.4 Orthic	A

E 250-550mm Grey	when	moist	with	a	pH	of	4.1	and	a	CEC	of	2.26 E-Horizon	

Luvic.	Signs	of	soil	formation	(aggregation/clay	illuviation).	Strong	development	of	structure

with	a	pH	of	5.3,	CEC	of	4.2,	clay%	of	34	and	54%	coarse	fragments	

South

52%

6

B >	500mm Neocutanic-B
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Profile	number	 22 Co-ordinates -33.28698 18.7056

Soil	form Klapmuts Aspect

Soil	family	 Broadline	(1110) Surface	coarse	fragments

Slope 1-2% Wetness	class

Transitional	form	 Vilafontes

Horizon Depth	 Description	 Diagnostic	horizon	

A 0-250mm Structure:	Massive	apedal	with	8%	clay	and	a	pH	of	5.99.	 Orthic	A

E 250-450mm Grey	when	moist	with	a	pH	of	4.9	 E-Horizon	

Yellow	B	Horizon.	Signs	of	structural	development.	Weathering	of	saprolite	in	situ

with	a	pH	of	6.0,	resistance	of	1100	(ohms),	CEC	of	3.97	and	38%	clay

South-West

36%

6

Prismacutanic-B450-	1350mmB
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pH  Resistance T-value P Sand Silt Clay

(KCl) (ohm) (cmol/kg) (%) (cmol/kg) (%) (cmol/kg) (%) (mg/kg) (%) (mg/kg) (%) (cmol/kg) (mg/kg) (%) (%) (%)

1A Sandy loam 5.3 180 0.7 - 6.12 - 1.23 - 40 - 250 - 8.86 144 76 12 12

1 E Sandy loam 5.4 350 0.44 - 3.26 - 0.8 - 28 - 138 - 4.97 80 70 16 14

1 B Clay 6.2 250 - - 2.22 - 2.25 - 100 - 137 - 5.27 2 42 16 42

2A Sandy loam 5.9 340 - - 4.18 - 1.28 - 32 - 85 - 5.83 85 66 18 16

2 E Sandy loam 5.2 1070 0.51 - 2.38 - 0.89 - 32 - 66 - 4.09 32 - - -

2 B Clay 5.6 470 - - 1.65 - 1.91 - 153 - 47 - 4.36 2 30 10 60

3A Sandy loam 6.4 300 - - 8.09 - 1.71 - 52 - 308 - 10.82 118 76 14 10

3 E Sandy loam 5.2 450 0.42 - 1.97 - 0.75 - 99 - 79 - 3.77 29 64 14 22

3 B Clay 6.1 230 - - 2.61 - 2.11 - 454 - 102 - 6.96 2 12 12 76

4A Sandy clay loam 6.2 80 - - 5.01 - 2.65 - 413 - 227 - 10.05 90 62 14 24

4 B Sandy clay loam 7.5 110 - - 3.29 - 5.43 - 799 - 93 - 12.44 3 44 12 44

5A Sandy clay loam 5.4 250 0.6 - 4.68 - 1.51 - 68 - 282 - 7.81 82 64 14 22

5 B Clay 6.2 310 - - 1.82 - 2.92 - 304 - 85 - 6.29 2 30 18 52

6A Sandy clay loam 6.7 260 - - 9.51 - 2.41 - 32 - 297 - 12.83 106 66 16 18

6 B Clay 6.2 500 - - 2.57 - 2.05 - 51 - 127 - 5.18 3 46 14 40

7A Sandy clay loam 6.6 250 - - 9.03 - 1.78 - 43 - 481 - 12.24 128 74 14 12

7 E Sandy clay loam 5.6 540 - - 2.87 - 0.82 - 49 - 174 - 4.36 12 64 16 20

7 B Sandy clay loam 5.6 310 - - 1.72 - 1.92 - 158 - 123 - 4.65 1 44 12 44

8A Clay 6 290 - - 6.14 - 1.86 - 29 - 395 - 9.15 97 74 12 14

8 B Sandy clay loam 5.7 760 - - 1.97 - 1.53 - 38 - 211 - 4.21 3 50 12 38

9A Sandy clay loam 6.3 170 - - 10.76 - 2.99 - 44 - 458 - 15.12 216 72 14 14

9 B Clay 7.3 250 - - 6.03 - 5.38 - 372 - 162 - 13.45 6 74 12 14

10A Sandy clay loam 6.5 170 - - 9.09 - 2.23 - 33 - 296 - 12.23 117 78 12 10

10 E Sandy clay loam 4.3 1020 0.68 - 1.2 - 0.35 - 24 - 76 - 2.53 24 72 12 16

10 B Clay 5.7 400 - - 2.43 - 1.87 - 84 - 182 - 5.14 2 32 12 56

11A Sandy clay loam 5.8 150 - - 6.46 - 2.21 - 108 - 197 - 9.65 80 60 12 28

11 B1 Clay 6.3 190 - - 4.22 - 2.24 - 281 - 77 - 7.89 16 62 10 28

11 B2 Sandy loam 6.8 160 - - 4.17 - 2.89 - 586 - 244 - 10.24 7 82 10 8

K Sample 
Reference

Tekstuur / 
Texture

Acidity Ca Mg Na

 Lab Reference: RS-2016.08.009

Client Reference: Devin Osborne 

 Report Date: 3-Aug-2017
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 Lab Reference:

Client Reference:

 Report Date:

pH Resistance  T-value P Sand  Silt  Clay

(KCl) (ohm) (cmol/kg) (%) (cmol/kg) (%) (cmol/kg) (%) (mg/kg) (%) (mg/kg) (%) (cmol/kg) (mg/kg) (%) (%) (%)

12A  Sand 7.8 520 - - 51.25 - 2.57 - 166 - 117 - 54.85 123 86 6 8

12 B Sandy loam 5.4 710 0.35 - 10.02 - 0.47 - 37 - 124 - 11.32 13 72 10 18

13 A Sandy loam 5.7 640 - - 5.05 - 2.13 - 27 - 271 - 8 124 82 10 8

13 B Sandy loam 4.2 1040 0.97 - 0.91 - 0.43 - 28 - 47 - 2.55 58 74 10 16

14 A Loamy sand 5.5 400 - - 4.28 - 1.44 - 21 - 265 - 6.5 138 82 10 8

14 B Sandy loam 4.9 1290 0.76 - 1.63 - 0.48 - 19 - 133 - 3.29 56 78 10 12

15 A Loamy sand 5 500 0.56 - 4.42 - 0.86 - 18 - 205 - 6.44 130 84 10 6

15 B Sandy loam 4.5 1210 0.78 - 2.06 - 0.65 - 28 - 67 - 3.78 35 74 12 14

16 A Loamy sand 6.4 220 - - 9.46 - 0.85 - 96 - 325 - 11.57 108 86 8 6

16 B Sandy loam 5.3 1320 0.28 - 2.75 - 0.71 - 37 - 120 - 4.21 20 78 8 14

17 A Loamy sand 6.1 680 - - 12.1 - 0.91 - 100 - 190 - 13.94 200 84 10 6

17 E Loamy sand 5.7 190 - - 2.23 - 0.87 - 257 - 33 - 4.31 60 82 10 8

17 B Clay / Klei 4.8 50 0.4 - 1.57 - 2.23 - 2415 - 29 - 14.77 7 48 8 44

18 A Sandy loam 6.6 80 - - 10.16 - 3.07 - 1600 - 140 - 20.55 337 78 12 10

18 E Sandy clay loam 5.8 150 - - 1.92 - 1.89 - 581 - 52 - 6.48 20 64 14 22

18 B Clay / Klei 5.9 110 - - 1.5 - 2.91 - 1590 - 71 - 11.51 5 42 14 44

19 A Loamy sand 5.8 400 - - 5.92 - 1.54 - 47 - 91 - 7.91 116 82 10 8

19 E Loamy sand 5.3 410 0.28 - 2.93 - 0.77 - 57 - 39 - 4.33 67 82 10 8

19 B Clay loam 4.4 640 0.44 - 1.6 - 1.31 - 116 - 45 - 3.97 6 52 10 38

20 A Loamy sand 5.9 390 - - 6.23 - 1.11 - 28 - 274 - 8.17 145 82 10 8

20 E Loamy sand 4.5 310 0.41 - 2.1 - 0.41 - 32 - 77 - 3.26 92 82 10 8

20 B Sandy loam 4.7 1060 0.45 - 2.38 - 0.74 - 35 - 112 - 4.01 10 72 10 18

21 A Loamy sand 5.4 490 0.46 - 5.55 - 1.02 - 33 - 256 - 7.83 262 82 10 8

21 E Sandy loam 4.1 960 0.53 - 1.25 - 0.3 - 26 - 47 - 2.31 118 80 10 10

21 B Clay loam 5.3 720 0.28 - 2.1 - 1.44 - 75 - 73 - 4.33 3 58 8 34

22 A Sandy loam 5.8 420 - - 4.54 - 1.43 - 32 - 279 - 6.83 88 80 12 8

22 E Sandy loam 4.9 770 0.51 - 1.78 - 0.64 - 23 - 77 - 3.23 18 68 14 18

22 B Clay loam 6 1100 - - 1.32 - 2.16 - 89 - 103 - 4.14 2 48 14 38

K
 Sample Reference  Texture

Acidity Ca Mg Na

RS-2016.08.0010

Devin Osborne 

3-Aug-2017
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 Lab Reference:

Client Reference:

Report Date:

pH  Resistance  T-value P C Sand  Silt  Clay

(KCl) (ohm) (cmol/kg) (%) (cmol/kg) (%) (cmol/kg) (%) (mg/kg) (%) (mg/kg) (%) (cmol/kg) (mg/kg) (%) (%) (%) (%)

1 Loam 5.5 120 - - 5.8 - 1.93 - 110 - 421 - 9.29 56 2.03 59 16 25

2 Sandy loam 5.6 130 - - 5.57 - 2.1 - 96 - 418 - 9.17 102 2.15 69 16 15

3 Clay loam 5.5 130 - - 4.57 - 1.91 - 196 - 286 - 8.07 31 1.79 51 14 35

4 Sandy loam 5.5 160 - - 6.97 - 1.55 - 72 - 274 - 9.54 100 2.96 71 18 11

5 Sandy loam 5.3 120 0.89 - 6.6 - 1.57 - 82 - 327 - 10.25 94 2.61 67 16 17

6 Sandy loam 5.8 110 - - 8.19 - 2.16 - 89 - 488 - 12 145 3.39 71 16 13

7 Sandy loam 5.1 120 0.88 - 6.24 - 1.78 - 86 - 476 - 10.49 95 3.12 69 18 13

8 Sandy loam 5.7 240 - - 5.71 - 1.62 - 50 - 261 - 8.22 75 2.54 71 16 13

9 Sandy loam 5 170 0.94 - 5.08 - 0.95 - 98 - 372 - 8.35 103 2.26 77 12 11

10 Sandy loam 6 190 - - 8.34 - 2.06 - 65 - 373 - 11.65 99 2.89 71 16 13

11 Sandy loam 6 180 - - 8.23 - 1.53 - 67 - 329 - 10.9 108 2.93 69 18 13

12 Sandy loam 6.3 90 - - 10.92 - 3.6 - 127 - 427 - 16.17 155 2.13 67 16 17

13 Sandy loam 6.3 140 - - 10.04 - 2.15 - 107 - 268 - 13.35 114 2.07 75 12 13

14 Sandy loam 6.2 150 - - 9.38 - 1.99 - 92 - 190 - 12.27 103 2.26 79 10 11

15 Sandy loam 6.4 90 - - 12.57 - 2.25 - 93 - 495 - 16.5 143 2.46 73 14 13

16 Sandy loam 6.4 140 - - 12.7 - 2.11 - 94 - 315 - 16.03 116 2.44 77 12 11

17 Sandy loam 6.3 130 - - 9.72 - 2.39 - 68 - 476 - 13.63 104 2.67 77 12 11

18 Sandy loam 6.8 140 - - 12.64 - 3.87 - 87 - 520 - 18.23 103 2.22 71 14 15

19 Sandy loam 6.1 70 - - 7.62 - 1.43 - 92 - 357 - 10.37 90 2.07 75 12 13

20 Sandy loam 5.8 140 - - 10.36 - 1.8 - 127 - 362 - 13.65 107 3.35 75 12 13

21 Sandy loam 5.8 70 - - 7.69 - 1.64 - 125 - 474 - 11.1 74 0.53 71 14 15

22 Sandy loam 6.1 120 - - 9.74 - 2.22 - 129 - 265 - 13.21 125 2.48 79 10 11

23 Sandy loam 5.7 140 - - 8.33 - 1.81 - 96 - 316 - 11.38 120 2.73 73 12 15

24 Sandy loam 6.4 130 - - 11.76 - 2.02 - 189 - 301 - 15.38 130 2.85 75 12 13

25 Sandy loam 6.7 90 - - 13.66 - 4.35 - 94 - 400 - 19.45 112 2.54 73 12 15

K

 Sample Reference  Texture

 Acidity Ca Mg Na

RS-2016.08.007

Devin Osborne

3-Aug-2017
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pH  Resistance  T-value P C Sand  Silt  Clay

(KCl) (ohm) (cmol/kg) (%) (cmol/kg) (%) (cmol/kg) (%) (mg/kg) (%) (mg/kg) (%) (cmol/kg) (mg/kg) (%) (%) (%) (%)

26 Sandy loam 6.8 70 - - 13.14 - 4.81 - 86 - 492 - 19.59 130 2.34 73 12 15

27 Sandy loam 5.9 110 - - 9.11 - 2.02 - 111 - 352 - 12.52 102 2.85 79 10 11

28 Sandy loam 5.7 80 - - 8.69 - 1.72 - 160 - 325 - 11.95 97 2.22 75 12 13

29 Sandy loam 5.9 70 - - 11.04 - 2.06 - 97 - 731 - 15.4 165 2.59 71 14 15

30 Sandy loam 6.2 110 - - 9.28 - 3.3 - 82 - 267 - 13.63 119 2.4 71 14 15

31 Sandy loam 5.9 120 - - 10.32 - 2.53 - 139 - 375 - 14.42 115 2.91 79 10 11

32 Sandy loam 6.3 130 - - 11.85 - 3.07 - 156 - 302 - 16.38 115 2.94 79 10 11

33 Sandy loam 6.4 140 - - 10.88 - 1.81 - 103 - 348 - 14.04 99 2.54 79 10 11

34 Sandy loam 6.4 90 - - 9.97 - 2.9 - 114 - 296 - 14.13 117 2.07 73 12 15

35 Sandy loam 5.7 130 - - 7.96 - 1.43 - 104 - 408 - 10.9 91 2.48 73 12 15

36 Sandy loam 5.8 120 - - 9.32 - 2.34 - 116 - 421 - 13.25 100 2.93 79 10 11

37 Sandy loam 6 170 - - 7.8 - 1.75 - 57 - 330 - 10.65 88 1.89 79 10 11

38 Sandy loam 6.3 100 - - 8.76 - 2.15 - 103 - 409 - 12.41 95 2.09 73 12 15

39 Sandy loam 5.7 190 - - 6.02 - 2.27 - 63 - 246 - 9.2 115 1.5 73 12 15

40 Sandy loam 6.8 180 - - 13.3 - 3.75 - 65 - 225 - 17.92 124 2.18 79 10 11

41 Sandy loam 6.4 110 - - 13.34 - 2.18 - 121 - 332 - 16.91 123 3.59 79 10 11

42 Sandy loam 6.3 120 - - 11.45 - 2.45 - 132 - 330 - 15.33 94 3.35 79 10 11

43 Sandy loam 6.1 150 - - 9.48 - 1.9 - 121 - 263 - 12.59 111 2.48 79 10 11

44 Sandy loam 5.5 160 - - 7.04 - 1.76 - 106 - 307 - 10.06 101 2.34 71 14 15

45 Sandy loam 6.1 290 - - 6.31 - 1.25 - 37 - 306 - 8.51 91 1.77 79 10 11

46 Sandy loam 5.9 150 - - 8.27 - 2.01 - 81 - 323 - 11.47 87 2.38 79 10 11

47 Sandy loam 6.1 160 - - 10.74 - 1.69 - 132 - 271 - 13.71 83 2.65 79 10 11

48 Sandy loam 5.4 270 0.8 - 5.49 - 1.4 - 41 - 253 - 8.52 81 2.15 79 10 11

49 Sandy loam 5.9 260 - - 9.65 - 1.46 - 73 - 190 - 11.92 134 2.73 79 10 11

50 Sandy loam 6.2 120 - - 9.18 - 1.25 - 91 - 298 - 11.6 89 1.7 75 12 13

51 Sandy loam 5.2 210 0.78 - 4.64 - 0.97 - 77 - 169 - 7.16 70 1.64 77 12 11

52 Sandy loam 6 120 - - 9.15 - 2.13 - 114 - 306 - 12.57 114 2.42 79 10 11

53 Sandy loam 6.3 110 - - 10.71 - 1.67 - 82 - 337 - 13.61 118 2.85 77 12 11

54 Sandy loam 6.1 120 - - 10.05 - 1.48 - 93 - 288 - 12.68 93 2.85 71 14 15

55 Sandy loam 6.7 140 - - 13.17 - 2.83 - 104 - 562 - 17.9 248 4.45 71 14 15

56 Sandy loam 5.9 130 - - 7.87 - 1.9 - 89 - 342 - 11.04 86 2.22 75 12 13

57 Sandy loam 6.6 100 - - 10.02 - 2.6 - 88 - 400 - 14.04 135 2.34 79 10 11

58 Sandy loam 5.3 150 0.77 - 6.24 - 1.28 - 59 - 246 - 9.18 74 2.07 81 10 9

59 Sandy loam 6 180 - - 9.04 - 1.74 - 65 - 136 - 11.42 106 3.2 79 10 11

60 Sandy loam 6.2 130 - - 10.82 - 2.52 - 115 - 386 - 14.84 151 3.43 79 10 11

 Sample Reference  Texture

 Acidity Ca Mg Na K
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pH  Resistance T-value P C Sand  Silt Clay

(KCl) (ohm) (cmol/kg) (%) (cmol/kg) (%) (cmol/kg) (%) (mg/kg) (%) (mg/kg) (%) (cmol/kg) (mg/kg) (%) (%) (%) (%)

61 Sandy loam 6.5 110 - - 11.17 - 2.19 - 104 - 200 - 14.33 85 2.59 75 12 13

62 Sandy loam 6.5 120 - - 13.82 - 2.9 - 124 - 349 - 18.16 154 3.82 79 10 11

63 Sandy loam 6.3 90 - - 10.6 - 2.71 - 85 - 434 - 14.8 155 2.59 79 10 11

64 Sandy loam 6.3 80 - - 8.84 - 2.62 - 141 - 374 - 13.04 117 2.24 77 12 11

65 Sandy loam 6.5 110 - - 11.25 - 1.81 - 118 - 203 - 14.1 103 2.57 77 12 11

66 Sandy loam 6 220 - - 7.9 - 1.22 - 77 - 122 - 9.78 113 2.2 75 14 11

67 Sandy loam 6.1 110 - - 8.98 - 2.44 - 142 - 285 - 12.78 95 2.73 77 12 11

68 Sandy loam 6.1 170 - - 6.64 - 1.11 - 113 - 146 - 8.62 62 2.01 77 12 11

69 Sandy loam 6.5 120 - - 10.1 - 3.23 - 120 - 380 - 14.83 124 2.98 75 12 13

70 Sandy loam 6.4 100 - - 10.11 - 2.38 - 89 - 392 - 13.89 143 2.36 75 12 13

71 Sandy loam 5.3 210 0.72 - 5.49 - 1.17 - 74 - 196 - 8.2 99 2.13 75 12 13

72 Sandy loam 5.4 110 0.64 - 5.51 - 1.22 - 98 - 206 - 8.32 79 1.58 77 12 11

73 Sandy loam 5.5 120 - - 6.09 - 1.31 - 77 - 201 - 8.26 76 1.89 77 12 11

74 Sandy loam 5.7 200 - - 5.71 - 1.53 - 110 - 209 - 8.26 88 1.99 77 12 11

75 Sandy loam 6.1 110 - - 8.79 - 2.33 - 69 - 391 - 12.43 137 2.24 71 14 15

76 Sandy loam 6.2 80 - - 8.73 - 2.49 - 154 - 335 - 12.76 92 2.26 75 12 13

77 Sandy loam 5.6 160 - - 6.32 - 2.14 - 73 - 154 - 9.18 99 2.67 79 10 11

78 Sandy loam 6.1 220 - - 5.08 - 0.82 - 46 - 121 - 6.42 52 1.58 81 10 9

79 Sandy loam 6.3 200 - - 6.9 - 1.66 - 63 - 93 - 9.08 59 1.97 79 10 11

80 Sandy loam 6.2 370 - - 7.08 - 1.5 - 51 - 162 - 9.23 81 2.01 75 12 13

81 Sandy loam 5.7 180 - - 5.95 - 1.37 - 76 - 166 - 8.08 91 2.11 77 12 11

82 Sandy loam 6 160 - - 7.81 - 2.24 - 77 - 224 - 10.97 103 1.81 71 14 15

83 Sandy loam 6.3 120 - - 9.16 - 2.89 - 93 - 220 - 13.03 91 2.54 75 12 13

84 Sandy loam 6.2 240 - - 7.08 - 2.11 - 48 - 287 - 10.14 96 1.97 75 12 13

85 Sandy loam 6 480 - - 5.21 - 0.82 - 43 - 246 - 6.86 84 1.76 79 10 11

86 Sandy loam 5.7 220 - - 5.85 - 1.28 - 53 - 262 - 8.04 90 2.05 81 8 11

87 Sandy loam 6 230 - - 6.4 - 1.41 - 65 - 231 - 8.69 74 2.09 79 10 11

88 Sandy loam 6.4 140 - - 8.16 - 2.47 - 74 - 165 - 11.38 72 1.99 79 10 11

89 Sandy loam 6.6 310 - - 8.02 - 2.5 - 39 - 306 - 11.48 77 2.22 77 12 11

90 Sandy loam 5.9 160 - - 6.11 - 1.68 - 78 - 242 - 8.76 61 1.79 79 10 11

Na K

Sample Reference  Texture

 Acidity Ca Mg
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pH  Resistance T-value P C Sand  Silt Clay

(KCl) (ohm) (cmol/kg) (%) (cmol/kg) (%) (cmol/kg) (%) (mg/kg) (%) (mg/kg) (%) (cmol/kg) (mg/kg) (%) (%) (%) (%)

91 Sandy loam 6 440 - - 5.96 - 1.48 - 24 - 215 - 8.1 188 2.09 79 10 11

92 Sandy loam 6 270 - - 5.88 - 1.35 - 28 - 146 - 7.74 110 1.74 77 12 11

93 Sandy loam 5.8 420 - - 5.45 - 1.26 - 24 - 279 - 7.54 109 1.7 79 10 11

94 Sandy loam 6.6 480 - - 8.8 - 2.2 - 25 - 205 - 11.64 114 2.77 79 10 11

95 Sandy loam 6.3 170 - - 8.68 - 2.15 - 38 - 234 - 11.6 107 1.93 77 12 11

96 Sandy loam 6.1 310 - - 5.37 - 1.65 - 30 - 255 - 7.81 99 1.33 79 10 11

97 Sandy loam 6.2 440 - - 6.46 - 1.74 - 32 - 159 - 8.76 182 1.93 79 10 11

98 Sandy loam 6.2 400 - - 6.29 - 1.77 - 28 - 232 - 8.79 161 1.56 79 10 11

99 Sandy loam 6.8 590 - - 7.11 - 2.42 - 28 - 102 - 9.92 144 1.76 79 10 11

100 Sandy loam 6.5 380 - - 6.71 - 1.47 - 44 - 96 - 8.63 124 1.91 73 14 13

101 Sandy loam 6.8 620 - - 8.28 - 1.93 - 22 - 248 - 10.95 148 1.72 75 12 13

102 Sandy loam 5.4 610 0.6 - 3.08 - 0.68 - 19 - 180 - 4.9 86 1.07 79 10 11

103 Sandy loam 5.6 600 - - 3.35 - 0.79 - 22 - 147 - 4.62 86 1.31 81 8 11

104 Sandy loam 6.4 680 - - 5.2 - 1.21 - 18 - 221 - 7.06 114 1.81 81 8 11

105 Sandy loam 6.4 280 - - 8.11 - 1.57 - 30 - 91 - 10.05 139 2.03 81 8 11

106 Sandy loam 5.8 290 - - 6.07 - 1.02 - 28 - 186 - 7.7 131 2.34 79 10 11

107 Sandy loam 6.3 430 - - 7.64 - 1.62 - 20 - 248 - 9.99 169 2.2 81 8 11

108 Sandy loam 6.4 730 - - 5.94 - 0.9 - 19 - 169 - 7.36 112 1.58 79 10 11

109 Sandy loam 5.1 420 0.85 - 3.67 - 0.99 - 19 - 235 - 6.19 119 2.09 81 8 11

110 Sandy loam 5.4 480 0.6 - 4.33 - 0.69 - 21 - 173 - 6.15 114 1.66 83 8 9

111 Sandy loam 6.5 350 - - 8.86 - 1.69 - 25 - 167 - 11.1 140 1.52 81 8 11

112 Sandy loam 6.5 320 - - 9.38 - 1.5 - 29 - 180 - 11.48 164 1.83 81 8 11

113 Sandy loam 5.8 440 - - 5.67 - 1.07 - 18 - 192 - 7.32 122 1.58 81 8 11

114 Sandy loam 6.3 470 - - 7.04 - 1.44 - 24 - 157 - 9 121 1.89 81 8 11

115 Sandy loam 4.8 310 1.13 - 3.2 - 0.97 - 28 - 239 - 6.03 156 1.87 79 10 11

116 Sandy loam 5.8 460 - - 4.83 - 1.37 - 21 - 175 - 6.75 106 1.3 83 8 9

117 Sandy loam 5.6 420 - - 5.36 - 1.11 - 27 - 188 - 7.08 130 1.08 79 10 11

118 Sandy loam 5.9 760 - - 6.04 - 1.29 - 19 - 159 - 7.83 129 1.64 77 10 13

119 Sandy loam 6.7 390 - - 8.86 - 2.4 - 24 - 271 - 12.07 111 2.24 77 10 13

120 Sandy loam 5.9 310 - - 7.39 - 1.72 - 26 - 199 - 9.74 136 2.2 73 12 15

K

Sample Reference  Texture

 Acidity Ca Mg Na
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#PowerAnalysis  
 
library(ggplot2) 
library(RcmdrMisc) 
 
 
Yield <- "Yield_2015_krigged" 
 
 
#########################Import Yield data from new files from Devin  
 
Yield_2blocks <- 
read.csv(file=paste0(getwd(),"/Data/5thRound/2_blocks_yield.csv"),header=T,sep="
|") 
Yield_3blocks <- 
read.csv(file=paste0(getwd(),"/Data/5thRound/3_blocks_yield.csv"),header=T,sep="
|") 
 
#Calculate statistics from new data (5th round) 
 
newstats_2blocks <- numSummary(Yield_2blocks,statistics=c("mean","sd")) 
newstats_3blocks <- numSummary(Yield_3blocks,statistics=c("mean","sd")) 
 
############################################################################ 
 
dat2 <- dat[,c("Replication","Treatment","Yield_2015_krigged")] 
dat2$Replication <- as.factor(dat2$Replication) 
dat2$Treatment <- as.factor(dat2$Treatment) 
dat2$Block <- as.factor(dat$Camp) 
 
dat2 <- dat2[with(dat2,order(Replication,Treatment)),] 
 
dat2_20 <- subset(dat2,subset=Block=="20") 
dat2_19B <- subset(dat2,subset=Block=="19_B") 
dat2_19C <- subset(dat2,subset=Block=="19_C") 
 
numSummary(dat2[,Yield], groups=dat2$Block,  
           statistics=c("mean","sd")) 
 
dat2_20_19C <- rbind(dat2_20,dat2_19C) 
stats <- numSummary(dat2_20_19C[,Yield],  
           statistics=c("mean","sd")) 
 
 
stats_20 <- numSummary(dat2_20[,Yield], groups=dat2_20$Treatment,  
                    statistics=c("mean","sd")) 
 
stats_19B <- numSummary(dat2_19B[,Yield], groups=dat2_19B$Treatment,  
                       statistics=c("mean","sd")) 
 
stats_19C <- numSummary(dat2_19C[,Yield], groups=dat2_19C$Treatment,  
                       statistics=c("mean","sd")) 
 
stats_all <- numSummary(dat2[,Yield],  
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                    statistics=c("mean","sd")) 
 
 
#Power analysis for the randomised block design?????? 
 
 
 
########## New program below 
 
#parameters 
 
#number of treatments     = k 
#number of replicates     = n 
#Number of simulations    = B 
#difference between means = d 
#level of significance    = alpha 
 
k <- 3 
n <- 4 
B <- 1000 
 
#d <- 1 
 
 
alpha <- .05 
test.ssizes <- seq(2,40,by=2) 
test.ssizes <- c(3,4) 
 
stats <- newstats_2blocks 
######################################################Maybe sample residuals 
from N(0,S2) where S2 is the estimate of the variance for the three blocks 
 
## First set up the design 
 
#design <- expand.grid(Treatment=1:k,reps=1:n) 
#design$Treatment <- as.factor(design$Treatment) 
#pvals <- vector("numeric", length=B) 
## simulate data under the null hypothesis 
#for (i in 1:B) { 
#  design$Yield <- rnorm(n=nrow(design),mean=stats$table[1],sd=stats$table[2])  
  ## fit the model 
#  model <- lm(Yield~Treatment, data=design) 
  ## record the p-value for the interaction term. 
  ## You could record other values. 
  ## Save the p value 
#  pvals[i] <- Anova(model)[1,4] 
#} 
#Type1 <- length(which(pvals<alpha))/B 
#print(Type1) 
 
 
 
#######Start loops - function 
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powerAnalysis <- 
function(k,test.ssizes,d,stats,alpha=.05,B=1000,plot_results=T,title){ 
 
pvals <- matrix(NA, nrow=B, ncol=length(test.ssizes)) 
 
for (j in 1:length(test.ssizes)) { 
   
  design <- expand.grid(reps=1:test.ssizes[j], Treatment=1:k) 
  ## simulate data under the null hypothesis. 
   
  for (i in 1:B) { 
    design$Yield <- c(rnorm(n=(k-
1)*test.ssizes[j],mean=stats$table[1],sd=stats$table[2]),  
                      rnorm(n=test.ssizes[j], 
mean=stats$table[1]+d,sd=stats$table[2])) 
    ## fit the model 
    model <- lm(Yield~Treatment, data=design) 
    ## Save the p value 
    pvals[i,j] <- Anova(model)[1,4] 
  } 
} 
Power <- apply(pvals, 2, function (x) length(which(x<alpha))/B) 
names(Power) <- as.character(test.ssizes) 
 
 
if(plot_results==T){ 
plot(y=Power,x=test.ssizes,type="b",ylab="Power",xlab="n",xaxt="n",xaxs="i", 
     main=paste0("Power analysis for k=",k,"and d=",round(d,2))) 
axis(1,at=test.ssizes,labels=test.ssizes) 
text(y=Power,x=test.ssizes,pos=1,labels=Power,cex=.45,col="blue",offset=.1) 
} 
else{} 
return(Power) 
} 
 
######End of loops - function 
 
 
 
powerAnalysis(k=3,test.ssizes=c(3,4,30,40),d=d[1],stats=newstats_Blocks_R,plot_r
esults=T) 
 
 
 
 
 
 
 
################################################################################
################## 
#Results for research 
 
d.vec <- c(.5,1,2,3) 
d.f <- function(x) {return(sd(x)*d.vec)} 
d2 <- d.f(Yield_2blocks$Yld_Mass_D) 
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d3 <- d.f(Yield_3blocks$Yld_Mass_D) 
 
test.ssizes <- c(3,4,30,40) 
 
##2 blocks 
#k=3 
results_2blocks_k3 <- matrix(0,nrow=4,ncol=4) 
for(i in 1:length(d.vec)){ 
  results_2blocks_k3[i,] <- 
powerAnalysis(k=3,test.ssizes=test.ssizes,d=d2[i],stats=newstats_2blocks) 
} 
rownames(results_2blocks_k3) <- paste0("d=sd*",d.vec) 
colnames(results_2blocks_k3) <- paste0("n=",test.ssizes) 
 
write.table(results_2blocks_k3,file=paste0(getwd(),"/Results/blocks2_k3.csv"),qu
ote=F,sep="|") 
 
 
 
#k=30 
results_2blocks_k30 <- matrix(0,nrow=4,ncol=4) 
for(i in 1:length(d.vec)){ 
  results_2blocks_k30[i,] <- 
powerAnalysis(k=30,test.ssizes=test.ssizes,d=d2[i],stats=newstats_2blocks) 
} 
rownames(results_2blocks_k30) <- paste0("d=sd*",d.vec) 
colnames(results_2blocks_k30) <- paste0("n=",test.ssizes) 
 
write.table(results_2blocks_k30,file=paste0(getwd(),"/Results/blocks2_k30.csv"),
quote=F,sep="|") 
 
 
 
##3 blocks 
#k=3 
results_3blocks_k3 <- matrix(0,nrow=4,ncol=4) 
for(i in 1:length(d.vec)){ 
  results_3blocks_k3[i,] <- 
powerAnalysis(k=3,test.ssizes=test.ssizes,d=d3[i],stats=newstats_3blocks) 
} 
rownames(results_3blocks_k3) <- paste0("d=sd*",d.vec) 
colnames(results_3blocks_k3) <- paste0("n=",test.ssizes) 
 
write.table(results_3blocks_k3,file=paste0(getwd(),"/Results/blocks3_k3.csv"),qu
ote=F,sep="|") 
 
 
 
#k=30 
results_3blocks_k30 <- matrix(0,nrow=4,ncol=4) 
for(i in 1:length(d.vec)){ 
  results_3blocks_k30[i,] <- 
powerAnalysis(k=30,test.ssizes=test.ssizes,d=d3[i],stats=newstats_3blocks) 
} 
rownames(results_3blocks_k30) <- paste0("d=sd*",d.vec) 
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colnames(results_3blocks_k30) <- paste0("n=",test.ssizes) 
 
write.table(results_3blocks_k30,file=paste0(getwd(),"/Results/blocks3_k30.csv"),
quote=F,sep="|") 
 
################################################################################
################## 
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