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Thesis abstract  

Precision agriculture attempts to manage within-field spatial variability by applying suitable inputs at the 

appropriate time, place, and amount. To achieve this, delineation of field-specific management zones 

(MZs), representing significantly different yield potentials are required. To date, the effectiveness of 

utilising MZs in New Zealand has potentially been limited due to a lack of emphasis on the interactions 

between spatiotemporal factors such as soil texture, crop yield, and rainfall. To fill this research gap, this 

thesis aims to improve the process of delineating MZs by modelling spatiotemporal interactions between 

spatial crop yield and other complementary factors. 

Data was collected from five non-irrigated field sites in the Waikato region, based on the availability of 

several years of maize harvest data. To remove potential yield measurement errors and improve the 

accuracy of spatial interpolation for yield mapping, a customised filtering algorithm was developed. A 

supervised machine-learning approach for predicting spatial yield was then developed using several 

prediction models (stepwise multiple linear regression, feedforward neural network, CART decision tree, 

random forest, Cubist regression, and XGBoost). To provide insights into managing spatiotemporal yield 

variability, predictor importance analysis was conducted to identify important yield predictors. 

The spatial filtering method reduced the root mean squared errors of kriging interpolation for all available 

years (2014, 2015, 2017 and 2018) in a tested site, suggesting that the method developed in R programme 

was effective for improving the accuracy of the yield maps. For predicting spatial yield, random forest 

produced the highest prediction accuracies (R2 = 0.08 - 0.50), followed by XGBoost (R2 = 0.06 - 0.39). 

Temporal variables (solar radiation, growing degree days (GDD) and rainfall) were proven to be salient 

yield predictors. This research demonstrates the viability of these models to predict subfield spatial yield, 

using input data that is inexpensive and readily available to arable farms in New Zealand. The novel 

approach employed by this thesis may provide opportunities to improve arable farming input-use 

efficiency and reduce its environmental impact.  
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Given a domestic focus, New Zealand arable production typically operates on a small scale. For example, 

an average Australian arable farmer plants around 500 ha wheat, whereas a New Zealand farmer typically 

has less than 100 ha (Millner et al., 2013). The milling and the feed industry must rely on imports due to 

high domestic transport costs (Millner et al., 2013). On the individual field level, some crops such as maize 

are often produced from small blocks with an average size of 8 ha and then rotated with a forage crop or 

annual pasture during winter for livestock grazing (Beef + Lamb New Zealand, 2019). 

The production of crops in small fields also constrains working efficiency. In some developed countries, 

small fields are merged into a large unit, which then allows larger machines to be used. In the US, a maize 

planter with over 16 rows is standard, whereas, in New Zealand, the fields are typically planted with 6-8 

rows planters. In this case, a US farmer can finish planting faster with less time turning around at the field 

boundaries, which may require extra fuel and labour for the same operation in New Zealand. Meanwhile, 

field merging exposes the effect of the underlying soil variability on yield, which provides a strong 

proposition for large crop farms to adopt variable rate technologies on planters to allow them to switch 

rates automatically across different soil types (Velandia et al., 2013). Also, a farm with large cropping areas 

over the years is more likely to receive benefits from undertaking variable rate applications than small 

blocks, as the costs of investment are spread over a large area to achieve a lower "dollar per hectare" cost 

(Godwin et al., 2003). Empirically, this is generally not the case for New Zealand due to small-scale 

production. 

Based on an economic modelling analysis by MPI (2012) between 2010-2012 for a typical Canterbury 

arable farm of mixed livestock and cropping activities, it was estimated there was a major increase of in 

the cost of fertiliser ($369 to $421 per ha) and electricity for powering the irrigation ($60 to $82 per ha), 

while other working costs remain relatively stable over the period. Given the uncertainty in returns, to 

maximise the profitability of crop production the industry must pursue higher input-use efficiencies, 

through adopting new technologies and practices from international counterparts and experimenting 

with different production systems. The precision farming philosophy, which emphasises managing spatial 
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1.3 Need for research 

1.3.1 Slow uptake of precision farming practices 

The adoption of precision farming technologies started in the early 1990s with wide-spread adoption of 

geospatial yield monitoring systems on grain combine harvesters. However, there has been a persisting 

challenge in integrating yield maps into making field crop management decisions. In the US, 

Schimmelpfennig (2016) reported that yield monitors were the most widely adopted technology, with 

about half of all maize and soybean farms having yield monitors between 2010 and 2012; especially in 

large maize farms (70-80%). For all maize and soybean farms that adopted yield monitors, only about 25% 

performed actual yield mapping due to a lack of supporting services and agronomic guidance to interpret 

yield maps and make recommendations based on the maps (Griffin et al., 2008). 

There is no specific data on the uptake of the yield mapping practice in the New Zealand arable industry, 

but empirically, it is likely to be lower than that in the US due to smaller-scale production. With some 

automated technologies, such as GPS auto-steer on tractors and boom control systems on centre pivot 

irrigators, the uptake has been limited to large arable farms. Small arable growers often rely on 

contractors to uptake technologies when they renew their equipment and have less or no incentive to 

purchase expensive equipment. In comparison, yield monitors are common in most combine harvesters 

as they are mostly factory-fitted. However, many New Zealand farmers do not calibrate yield monitors for 

collecting accurate data, and some do not even transfer data to an office computer, which is a similar 

situation to that seen in the US (Griffin et al., 2007). 

Growers have lacked a clear purpose for collecting yield monitor data, apart from monitoring crop 

moisture (80% of the total responded population to the USDA-ARMS survey), documenting yields (50%) 

and helping field trials (40%) (Griffin et al., 2007). From the research level, yield maps are often used for 

delineating management zones (Blackmore et al., 2003; Holmes & Jiang, 2018). However, yield maps 

appear to have limited value on their own because they provide no identification of why the yield had 

varied. With the advent of field sensing technologies, there is an opportunity to extract useful information 







7 | P a g e 
 

chemical rate selection, the timing of applications and machinery selection (Robert, 1993). McBratney et 

al. (2005) noted that the focus of precision agriculture would evolve to the management of product quality 

and the environment as technology advances, rather than simply "farming by soil". 

Whelan (2011, p.3) noted, "Precision agriculture, in its current SSCM form, has a long history of innovators 

and pioneers with a single aim of improving agricultural management". He defined precision agriculture 

as "a philosophy aimed at increasing long term, site-specific and whole-farm production efficiency, 

productivity and profitability while minimising unintended impacts on the environment", and SSCM as "a 

form of precision agriculture whereby decisions on resource application and agronomic practices are 

improved to better match soil and crop requirements as they vary in the field". The US House of 

Representatives in 1997 defined precision agriculture as "integrated information- and production-based 

farming system that is designed to increase long term, site-specific and whole-farm production efficiency, 

productivity and profitability while minimising unintentional impacts on wildlife and the environment" 

(Zarco-Tejada et al., 2014). 

McBratney et al. (1997, p. 141) pointed out "application of the theories of precision agriculture to the 

practicalities of broad-acre farming relies on the successful handling of the ramifications of uncertainty in 

the information." This highlights precision agriculture as a data-driven approach for informing decision 

making in agricultural production systems. Cook and Bramley (1998) explained that by controlling inputs 

precisely, precision agriculture would increase the likelihood of benefit (such as reducing fertiliser use and 

improve yield) and decrease the risk of detrimental effects (such as reducing nitrate and pesticide 

leaching). They illustrated precision agriculture management in a 4-stage circle (Figure 1-2): 

o A farmer may observe some low yielding areas on yield maps.  

o By measuring exchangeable sodium percentage in the soil, this issue can be interpreted 

as poor water availability in the root zone.  

o Then a potential solution by applying gypsum is evaluated,  

o The circle continues after implementing this solution by gathering new information.  
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Figure 1-2 A 4-stage cycle of increased precision (Cook & Bramley, 1998) 

 

To narrow the scope of this research, precision farming is strictly defined as a philosophy to manage 

subfield variability by fine-tuning the crop management inputs such as seed, lime and fertilisers. Because 

this research is funded by FAR, it focuses on the precision farming application on arable production.  

 

1.4.2 Geospatial yield monitoring 

Geospatial yield monitoring is primarily used in grain production, but also forage and bulk crops such as 

beets and potatoes. In a grain production system, geospatial yield monitoring measures crop yield during 

the harvest using a system fitted to the combine harvester. The system combines different sensors to 

measure the harvested grain mass flow, moisture content, and speed to determine total grain harvested. 

Yield is then derived from these parameters. Yield monitoring works alongside a differential global 

positioning system (DGPS) to record yield and other spatially variable information across a field such as 

geographic location (latitude and longitude), time and elevation of each yield data point. This allows a 

grain yield map to be created, which provides information on spatial yield variability and supports 

management decisions for producers (Lal & Stewart, 2015). 



9 | P a g e 
 

Geospatial yield monitoring is an essential component in precision farming and is often considered as the 

first step in the uptake of precision farming practices (Lowenberg-DeBoer & Erickson, 2019). This is 

because of two important aspects: 

1. Yield monitors collect spatially dense data with a relatively low cost, allowing characterisation 

of spatial and temporal yield variability. Based on the yield variability, variable rates of crop 

management inputs such as seed and fertilisers may be applied to match the yield potential at 

different locations of the field, using specialised equipment.  

2. Yield monitor data and yield maps provide a tool for evaluating the effectiveness of the 

management such as calculating and contrasting spatial gross margin before and after 

undertaking management. Yield maps can also be used to guide field scouting, design soil 

sampling schemes, and calculate nutrient requirements to inform variable-rate fertiliser 

applications. 

However, the use of yield data and yield maps in commercial crop production remains a challenge. For 

example, post-processing of data is often required to remediate various systemic and human errors 

(reviewed in section 2.3.1.1.1) to correlate yield data with other data layers. Also, given the temporal 

variations of yield, a single-year yield map on its own has limited value for management due to its inability 

to expose the long-term underlying causes of yield variability associated with soil and seasonal weather 

patterns. Yield maps collected from multiple years tend to show a more stable yield pattern, providing a 

basis for spatially varying yield goals for crop management within-field. FAR has been working with maize 

growers in the North Island of New Zealand to retrieve the yield monitor data from their combine 

harvesters. Some of this data has been provided by FAR to be analysed as part of the research presented 

in this thesis. 

1.4.3 Site-specific crop management zones 

One key aspect of precision farming or SSCM involves delineating management zones (MZs), which are 

defined as "sub-regions of a field that express a homogeneous combination of yield-limiting factors for 
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which a single crop input is appropriate" (Doerge, 1999, p. 2). As compared to the traditional whole-field 

management approach, in which each field is treated as a homogeneous area, SSCM considers the spatial 

variability in soil and topography within each field and customises inputs according to that variability. This 

SSCM approach should result in a more efficient application of inputs, which can reduce agronomic, 

economic costs and hidden environmental costs from potential unused nutrient losses to the environment 

through leaching, runoff, and gaseous emissions (Bongiovanni & Lowenberg-DeBoer, 2004).  

The delineation of MZs has been largely constrained by the available data collection methods that are 

often time-consuming and expensive to undertake. For example, for fertiliser application 

recommendation, the spatial variability of soil fertility has been recognised through georeferenced soil 

sampling and soil test results, which suggests a need to conduct more intensive spatial soil sampling and 

vary application rates to improve fertiliser application efficiency (Kaul & Grafton, 2017). In New Zealand, 

soil tests are expensive and cost around NZ$50 per standard test for soil NPK (Ravensdown Ltd, 2019). 

New Zealand arable farmers often spend NZ$10/ha per year on soil tests before planting crops and most 

cannot afford high-resolution soil sampling for detailed nutrient mapping. This situation is being improved 

by advances in sensor technology, making large data sets available for delineating MZs and interpreting 

yield variability (Kamilaris et al., 2017). 

MZs can be delineated based on soil properties such as soil electrical conductivity (EC) and soil organic 

matter (OM) content, as well as crop sensing and remote sensing imagery. Other common approaches 

included yield mapping followed by elevation difference across a field (Khosla et al., 2010). Farmer 

knowledge and past management experience are also proven as a valuable input in delineating MZs 

(Fleming et al., 2004; Martínez-Casasnovas & Arnó, 2018). Zonal sampling can be undertaken for each MZ 

that informs variable rate applications of inputs such as seed and fertilisers, for these zones. For example, 

significant differences in soil fertility may result in the potential to vary the rates of fertiliser between 

different MZs. The inputs can then be applied automatically across the field using a variable rate 
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technology such as a precision planter, leading to a potential improvement to input-use efficiencies and 

cost-savings (Figure 1-3). 

These current advances in technology are gradually turning MZ maps into commercially viable agricultural 

products for large-scale adoption. Based on a MZ map that is produced digitally, the specific rate of crop 

input can be applied to each MZ using computer-controlled variable-rate technologies (VRT), leading to 

SSCM (Figure 1-3). For example, maize precision planters can alter the seeding rate on the go 

automatically based on prescription maps developed in GIS mapping software to determine the 

population to be planted in different MZs in the field (Holmes & Jiang, 2018). 

  

Figure 1-3 Conceptual framework of SSCM (solid lines represent the flow of information in SSCM; dotted 
lines represent the validation processes required to justify the effectiveness of the MZs delineated) 
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1.5 Principles adopted 

Spatial information derived from field sensors needs to be handled and systematically processed with the 

help of computers and Geographic Information Systems (GIS). GIS has now become an essential tool for 

handling spatial data in many aspects of agriculture, from farm management and resource conservation 

to a broad range of agribusiness applications. Advances in computing power make it possible to analyse 

and utilise large, high-resolution data sets. 

With the increase of computer power over the years, the advent of machine learning algorithms has 

provided new opportunities to extract useful information from sensor-derived data. Machine learning is 

a subfield of artificial intelligence, defined as giving a machine the ability to learn from the data without 

being explicitly programmed. There are two major types of machine learning: supervised and 

unsupervised. Supervised learning describes a technique that involves a model extracting knowledge by 

learning from single or multi-variate relationships based on single or multiple factors in the dataset and 

making predictions using labelled data. Unsupervised learning describes a technique that involves a model 

extracting knowledge by identifying similar patterns in single or multivariate space based on unlabelled 

data. 

The delineation of MZs is generally achieved using unsupervised learning techniques such as clustering, 

density estimation and self-organising map, which all partition the data into different sub-regions 

(Guastaferro et al., 2010; Leroux et al., 2018; Pantazi et al., 2015). The MZs delineated are often separated 

by some hard and static boundaries (therefore called "static MZs") based on within-field soil variabilities 

such as soil water and nutrient content. 

However, this "static" approach emphasises long-term within-field variability but is unable to address the 

temporal variability of yield from one year to another (Fraisse et al., 2001). In countries with more variable 

climates such as New Zealand, farmers may not experience a consistent yield pattern from one year to 

another. This highlights the need to emphasize the temporal and dynamic nature of yield within-field in 

New Zealand arable systems. 
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Figure 1-4 Proposed analysis framework by machine learning (blue lines represent the conventional use 
of the data for delineating MZs; the red lines represent the proposed analysis method) 
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1.6 Research aim 

Yield is the main driver of revenues for arable farmers. Establishing zones where revenues and expenses 

can be managed and optimised according to field yield potential or site-specific crop management zones 

(MZs) is a key concept in precision farming. However, little has been done to find appropriate methods to 

delineate zones for practical use in New Zealand from a variety of spatiotemporal information for crop 

management. 

This research aims to help address this issue by providing a practical and scalable method to identify MZs 

using machine learning techniques and existing sensor-derived data, to determine if the spatial yield can 

be predicted for delineating dynamic management zones. 

This research hypothesized that: 

The process of delineating site-specific management zones can be improved by modelling 

spatiotemporal interactions between spatial crop yield and other complementary factors.  

To achieve this aim, this research is divided into several objectives:  

o To develop a filtering algorithm to improve maize yield mapping precision. 

o To identify appropriate spatiotemporal yield predictors by examining historical yield 

maps, delineating subfield management zones, and undertaking soil sampling. 

o To determine the viability of predicting dynamic maize yield at the subfield spatial scale 

using supervised machine learning algorithms. 

Meeting these aims will provide insights into managing field variability and the ability to improve the 

efficiency of on-farm resource use. Major inputs, such as seeds and fertilisers could be better utilised, and 

long-term production sustainability and profitability could be improved. 
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1.7 Thesis overview and chapter outline   

This thesis includes the following chapters:  

Chapter 1 introduces the aims and objectives of this research. This research is funded by FAR and centres 

on how to combine field sensor technologies and artificial intelligence for predicting yield variability 

within-field, which may benefit crop management prescription such as mid-season fertiliser application. 

This research seeks to answer this main question: 

Is it possible to improve the process of delineating site-specific management zones by modelling 

spatiotemporal interactions between spatial crop yield and other complementary factors? 

Chapter 2 reviews previous studies and identifies the issues associated with yield sensor data collection 

and remediation, applications of sensor data and validation, and statistical methods for mapping spatial 

point data and developing site-specific crop management zones. 

Chapter 3 describes the study location, data collection and analysis methods used for this research. 

Several study sites with consistent management histories were selected. To investigate the yield 

variability within-field, yield monitor data over several years was collected, filtered, mapped and 

delineated into zones. To explain soil variability, soil core sampling was undertaken based on a delineated 

zone map, followed by soil texture analysis. Satellite multispectral images (RGB and NIR) were collected 

and used to verify the effect of soil variability on crop and yield. Temporal data (rainfall, solar radiation, 

soil temperature) collected from nearby weather stations were incorporated into the process of 

predicting spatial yield. Then several machine learning algorithms (SMLR, FFNN, CART, RF, XGBoost and 

Cubist) were implemented to predict yield and evaluated in terms of prediction accuracies. 

Chapter 4 describes the results of the analyses undertaken in Chapter 3. The quality of yield maps after 

spatial filtering was evaluated using geostatistics. The delineated MZ maps based on yield, soil 

EC/elevation and crop images showed similarity in their spatial patterns and strong associations between 

this information. The results of soil texture analysis reveal potentially significant spatial variation in 
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subsurface features across a short spatial distance and were found highly positively correlated to the soil 

EC at the soil surface. The modelled results demonstrated the viability of predicting spatial yield at the 

subfield scale based on inputs from a mix of spatiotemporal variables, which could lead to delineating 

dynamic MZs and more precise prescription of crop management inputs.  

Chapter 5 discusses the results presented in Chapter 4 and explains what they mean for precision 

agriculture use in arable crops in New Zealand. 

Finally, Chapter 6 presents the main findings of the study and the limitations of the work and makes 

suggestions for future research. 
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2.2. Using spatial data to prescribe management inputs 

Modern-day precision farming employs data-driven approaches for informing agricultural production 

system decisions. One key aspect of precision farming involves delineating potential site-specific crop 

management zones (MZs). The emphasis is on separating "sub-regions of a field that express a 

homogeneous combination of yield-limiting factors for which a single crop input is appropriate" (Doerge, 

1999, p.2). The outcomes of this management method include more efficient use of inputs, which can 

reduce agronomic, economic, and hidden environmental costs, from potential unused nutrient losses to 

the environment (Bongiovanni & Lowenberg-DeBoer, 2004). 

The following sections (2.2.1 and 2.2.2) review precision farming applications based on MZs and their 

limitations and then identify the research problem in the analysis of spatial data.  

2.2.1 Optimising seeding rates 

The cost of seed is one of the major expenses of growing maize in New Zealand (Genetic Technologies 

Limited, 2019). Variable-rate seeding (VRS) has the potential to improve profit by matching the seeding 

rate to production potential within the field. Variable-rate seeding is a technique used to adjust seeding 

rates spatially within a field based on soil texture and/or other variables as the soil in some parts of the 

field will have different soil moisture-holding capacity that supports differing seeding rates  (Jeschke et 

al., 2015). Once the soil variations within a field are characterised, the information can be processed to 

determine suitable seed rates and then uploaded to a variable rate planter, which adjusts the planting 

density automatically. This process is not new to maize growers, but there are limited studies on the value 

of VRS in the public domain. 

Shanahan et al. (2000) investigated the yield response of different maize hybrids (early and late maturity) 

and plant densities (24,692, 37,037, 49,382 and 61,727 plants/ha) in dryland landscapes of the US Great 

Plains during 1997, -98, and -99 seasons. The treatment yields and landscape data (such as elevation and 

slope) were interpolated and then classified into low-, medium-, and high-yielding areas based on the 

average and standard deviation for each field. This study found large within-field yield variability in the 
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three fields (average yields ranging from 5.43 to 6.39 t/ha) and the coefficient of variation (CV) ranging 

from 20% to 29%. Hybrids responded similarly to field variation while plant densities responded 

differentially in the low, medium and high-yielding areas (R2 = 0.43, 0.76, 0.87, respectively). Economically 

optimum plant densities changed by around 5000 plants/ha between high and low-yielding field areas, 

producing potential savings in seed costs of US$6.25/ha. This study suggested that there is a potential 

cost-saving from the use of VRS based on different landscape attributes (such as elevation and slope) that 

influence the spatial yield. 

Taylor et al. (2006) evaluated a VRS trial of wheat on a commercial farm in New South Wales, Australia. 

The field was divided into MZs based on soil electrical conductivity (EC surveyed using a Geonics EM38 

and a Veris 3100 sensor) and RTK elevation. To verify MZs, soil sampling was conducted with core samples 

taken from two depths (0-30 cm and 60-90 cm) at 15 locations within each zone. Nine small trial plots 

(100 m × 30 m) including three seed treatments (50, 75 and 125 kg/ha) and three replicates were randomly 

located in each zone, with the remaining areas planted with 100 kg/ha as a reference. The zones did not 

appear to have significant variations in the measured soil properties, except for the subsoil CEC and the 

percentage of silt in the topsoil (p<0.05). In different zones, variable seed rates produced different 

responses in the plant counts and the harvest yield, which suggested the potential for VRS. However, only 

one year's seeding trial was conducted, which did not have enough temporal resolution to make 

conclusive results. Therefore, VRS based on spatial management zones may have to consider temporal 

factors such as forecast rainfall and soil temperature, in addition to soil texture and crop cultivar to ensure 

optimal seeding rates.  

Hörbe et al. (2013) attempted to optimise the maize plant population according to management zones in 

two fields (90 and 124 ha) in Southern Brazil. For Experiment 1 (the 2009/10 season), the field was 

delineated into low, medium, and high-performance MZs visually based on the farmer's knowledge. For 

Experiment 2 (the 2010/11 season), the MZs were delineated based on multiple yield maps. A random 

block design was used for the experiment, with five seeding rates (50, 60, 70, 80, and 90 thousand 
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seeds/ha) and five replications set up in each zone. Based on the two experiments, reducing the 

recommended seeding rate by 31% in the low MZ resulted in a yield increase of approximately 1.5 t/ha. 

Increasing the recommended seeding rate by 13% in the HZ resulted in an increase of 0.91 t/ha in grain 

yield. However, the experiments did not consider the effect of temporal conditions such as rainfall on the 

yield potential, so is not conclusive as only one growing season was investigated. 

Licht et al. (2017) developed procedures for maize seeding rate optimisation and maximizing yield using 

soil and topographic parameters. Experimental treatments included five seeding rates (61,750; 74,100; 

86,450; 98,800; and 111,150 seeds/ha) in a randomised complete block design in three central Iowa fields 

from 2012 to 2014 (nine site-years). Soil samples were analysed for available phosphorus, exchangeable 

potassium, pH, soil organic matter (SOM), cation exchange capacity (CEC), and texture. Topographic data 

(in-field elevation, slope, aspect, and curvature) were determined from publicly available light detection 

and ranging (LIDAR) data (Dubayah & Drake, 2000). Multiple regressions with interaction terms were 

conducted to understand and identify the key independent variables that best explained maize grain yield. 

However, this study found no consistent interaction between the measured variables and the seeding 

rate for most sites due to weather variability. These results further confirm that the performance of 

variable rate seeding is likely to have an interaction with weather conditions during the growing season.  

There appears to be a need to develop a crop management strategy that can incorporate weather 

variables into the decision making processes about prescribing within-field seeding rates. 

2.2.2 Optimising nitrogen (N) fertiliser input 

Nitrogen (N) is the most frequently applied nutrient to arable crops as it has a rapid effect on crop growth. 

N is often the limiting factor to crop growth as it is readily leached through the soil profile in the nitrate 

form. Also, N can be volatilised as ammonia, nitrogen gas, and nitrous oxide. More N than is needed by 

the crop is often applied, as the cost of additional N is low compared to the potential yield loss resulting 

from insufficient N. As farmers have traditionally not been accountable for the consequences of nitrogen 

leaching or greenhouse gas emissions, there has been little incentive to manage its use responsibly. There 
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systems all provide a final output of crop yield in tonnes per hectare (t/ha) at a user-set time interval, 

usually 1 second (1 Hz) while harvesting (Demmel, 2013). The area covered is calculated by multiplying 

the working width of the cutter bar and the ground distance travelled by the harvester between each 

period. 

2.3.1.1.1 Yield data errors 

It is necessary to apply post-processing to all yield monitor data before mapping variability to eliminate 

any spatial artefacts caused by systemic or human error. To remediate these errors in a GIS software 

program and to reduce misleading information, this section reviews possible errors that may exist in some 

yield data. 

Systemic error 
1) Delay of the grain flow signal which records the mass or volume at a different location to where 

harvested: When grain flows through the combine it experiences conveying, threshing, separation 

and cleaning processes before finally reaching the yield monitor. A "simple time delay model" was 

introduced to match the flow data to the position data, and the flow signal is shifted by a constant 

time value (Birrell et al., 1996).  

2) Combine filling mode: Many yield maps exhibit low yields immediately inside the headlands 

where the combine first enters the crop, which is caused by combine filling, which is due to the 

sieves, elevators and other temporary storage spaces being empty and taking time to fill up, 

before passing through the combined mechanism and reaching the yield sensor) (D. Murphy et 

al., 1995; Thylén & D. Murphy, 1996). In that case, the low yield recorded could be caused by a 

shortcoming of the monitoring system, rather than any actual variation in the crop.  

Human error 
1) Incorrect set width: When the combine harvester enters the crop, the operator must align the 

edge of the head cutter to the crop rows, the cut width is generally set as the full width of the 

header. However, a problem may occur at the end of harvesting a field when there are only a few 

rows left and these are less than the full cut width of the machine. An unknown crop width 
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Guastaferro et al. (2010) delineated MZs (relatively high yielding and low yielding) using kriged soil texture 

data (to 0.3 m depth) and potential yield over three seasons for a 12-ha durum wheat field in south-

eastern Italy. Overall, weak areal alignment (20%-40%) was found between MZs and yield classes. The 

results also indicated that the MZs did not have consistent associations with yield classes due to temporal 

variations, consistent to Kitchen et al. (2003; 2005).  

The studies in this section suggest that despite crop MZs being able to identify different yield levels, they 

are unable to provide potential yield values of each zone, making it practically difficult to prescribe 

variable input rates. While some studies seek to associate yield with soil EC using a robust boundary line 

modelling, machine learning techniques such as neural networks and geostatistical technique such as 

regression kriging, little research has been done with sufficient focus on modelling the spatiotemporal 

interactions between yield, weather data (such as rainfall) and EC. The lack of temporal focus in these 

studies raises the question of how would yield respond to management inputs such as N-fertiliser under 

different temporal moisture conditions. To prescribe N rates more effectively based on within-field soil 

variability, it may be feasible to obtain a prediction of the yield response using historical data, which would 

allow management such as mid-season N fertiliser applications to be undertaken.  

 

2.3.1.3 Topographic features 

Soil at a higher elevation within a field may have shallower topsoil and comprises a coarser texture than 

soil at a lower elevation, which can have an impact on drainage (Rumbal, 1978). These factors can control 

the way water accumulates or moves across, and within, the soil (Whelan & Taylor, 2013, p. 129). The 

aspect of a sloping soil surface can have a direct effect on yield variability. Depending on the direction of 

the predominant weather systems in a region, there may be differences in growing conditions due to 

aspect. Geary (2003), using the CERES wheat model found a loss in grain yield of 1 t/ha on a slope of 10 % 

oriented to the North (away from the sun) in England. In the Southern hemisphere, North- and West-

facing slopes are warmer and dry more quickly than those facing South and East. In New Zealand, arable 
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farming is predominantly undertaken on small blocks and relatively flat land, the effects of slope and 

aspect on yield are often less pronounced. However, it is increasingly common to produce arable crops 

on sloping fields as they are planted using minimum tillage technologies to reduce the risk of soil erosion 

and nutrient runoff (Haynes & Knight, 1989). In these circumstances, the effect of elevation on spatial 

yield may exacerbate soil moisture and fertility distribution. RTK-GPS is by far the most reliable method 

to record elevation, with a precision of 12 to 20 cm.  

 

2.3.1.4 Spectral data for crop monitoring 

Plants use the energy from sunlight to produce glucose from carbon dioxide and water, by photosynthesis. 

Plants have little ability to absorb near-infrared (NIR) light in the 700 - 1300 nm wavelength from sunlight 

radiation. Light absorption by chlorophyll is particularly higher in the blue (400 to 500 nm) and the red 

(600 to 700nm) part of the visible light spectrum than in the green region (500 to 600nm) (Whelan & 

Taylor, 2013, p.58). This results in plants having a higher reflectance of green light. In healthy growing 

crops, a large disparity exists between low red light and a high NIR light reflectance. Red reflectance 

increases when crops are under stress because the chlorophyll reduces activity (Huete et al., 2004). 

However, NIR reflectance decreases as the leaf internal structure collapses; and thus, the disparity 

between the reflectance decreases significantly (Adams et al., 1999; Gausman et al., 1976; Tucker, 1979).  

Reflectance measurements of the green, red, and NIR spectrum has been used to determine plant 

nitrogen (N) content and canopy N deficits (Buschmann & Nagel, 1993).  Techniques were developed for 

using a SPAD chlorophyll meter, colour photography, or canopy reflectance factors, to assess spatial 

variation in N concentrations in crops.  

Blackmer and Schepers (1995) suggested the use of images of canopy reflectance centred at 550 nm 

acquired late in the growing season could be used to detect portions of the field that were nitrogen 

deficient. In the US Great Plains, an index was developed from green and NIR reflectance of an irrigated 

maize crop, which was highly correlated with an N sufficiency index calculated from SPAD chlorophyll 
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meter data and provided a rapid assessment of maize plant N status (Bausch & Duke, 1996; Bausch & 

Diker, 2001). There are several indices calculated from the light reflectance, of which one of the earliest 

and most robust measures is Normalised Difference Vegetation Index (NDVI) (Jackson & Huete, 1991; 

Wiegand et al., 1991). Higher values of NDVI indicate greater vigour, health or greenness of the crop. 

Strong correlations (R2 = 0.7 - 0.92) were also found between different vegetation indices (NDVI, 

transformed soil-adjusted vegetation index (TSAVI), green NDVI) acquired at mid-grain filling and maize-

grain yield during a two-year trial in US Nebraska (Shanahan et al., 2001).  

However, even if it is possible to predict maize-grain yield using remote sensing data collected during mid-

grain filling, it is likely too late to undertake any management intervention at that point (Pinter Jr et al., 

2003). For example, for a maize crop, nitrogen fertiliser is normally applied at planting and around mid-

November when the crop is at the V6 (6th leaf vegetative) stage, i.e. 4-5 weeks after planting. Mitigating 

the impact of nutrient stress on crop yield through the application of N fertiliser ought to occur at earlier 

growth stages. Failure to apply N in this optimal application window may result in irreversible loss of 

potential yield. This means that even if enough fertiliser is given at a late stage such as at grain fill, it is 

unlikely to reverse the yield loss resulting from insufficient N at an earlier stage. Also, if variable-rate 

fertiliser application is desired, then the current application methods make it difficult to apply inputs at a 

later stage of the season, because the crop may be too tall for a tractor to pass through without causing 

significant damage to the plants.  

 

2.3.1.4.1 Reflectance-based management zones 

De Benedetto et al. (2013) combined multisensory data including soil EC (Geonics EM28DD sensor) 

(surveyed in May & September 2010); vegetation indices (NDVI, NIR/Green ratio, Red Edge) obtained from 

Worldview-2; and GeoEye-1 satellite imagery for MZ delineation on an irrigated tomato field in southern 

Italy. The field was split into two blocks for separating two irrigation treatments from July 15, 2010: 

optimal water supply and moisture deficit conditions. The study concluded that the clustered maps based 
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compared to the map derived from the crop-cover-only images (R2 = 0.62 - 0.96). However, further ground 

validations should be undertaken to verify the cause of yield variability and determine if there is a 

correlation with the crop reflectance. 

The biggest challenge for applying remote sensing techniques to arable farming in New Zealand is the 

acquisition of consistently good quality satellite images that can be related to the appropriate stages of 

crop growth. To monitor the maize crop in New Zealand, the probability of obtaining cloud-free images is 

high mainly from December to February (summer), but low before this period (spring). This makes it 

difficult to estimate yield when cloud-free images are not available for the relevant specific growing stages 

(Eberhardt et al., 2016). 

Currently, high-resolution remote sensing products (< 10 m) are priced based on the area covered (often 

costing between NZ$20 -NZ$60 per km2 with a specified minimum order area) (FAO, 2015). This means 

that their cost is not justified financially when being used for management at the field level. Research 

needs to demonstrate the value of images for precision farming, which will encourage the adoption of 

zonal soil sampling and mapping, delineating management zones.  

 

2.3.2 Statistical techniques for analysing spatial data 

2.3.2.1 Geostatistical interpolation and Kriging  

Field sampling of soil and crop properties with GPS (e.g. Yield monitor, soil EC) collect data as spatial 

points, which need to be interpolated into surface maps to be utilised by VRA technologies such as a 

precision planter. That means predictions of the soil property in question could be made at regular 

intervals across the area of interest, represented as a raster grid. When the grid is of a moderate to high 

resolution (i.e. when the distance between the centres of adjacent grid cells is small, maybe 100 m or less) 

digital soil mapping techniques can provide detailed spatial coverage of the soil variable of interest 

(McBratney et al., 2003). In the absence of covariates or predictor variables, the predicted value of the 
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J. Liu et al. (2001) used a feed-forward, back-propagation neural network model for predicting maize yield 

based on soil factors (e.g. soil texture, pH, phosphorus, potassium, organic matter), management factors 

(nitrogen fertiliser), and monthly rainfall as inputs in their neural network. This study was conducted on 

small plots with different fertiliser treatments in the Morrow Plots of the University of Illinois. The BPNN 

was able to model the interaction between rainfall and the rate of applied nitrogen fertiliser. It also 

predicted maize yields with 80% accuracy. However, only one algorithm was tested. Given on-going 

development of ML algorithms in recent years, better predictions may be achieved with more advance 

ML algorithms such as deep neural networks. 

Drummond et al. (2003) predicted maize and soybean yield on three sites in the US state of Missouri 

(ranging from 13 to 36 ha in size) also using a feed-forward, back-propagation neural network with several 

soil fertility parameters (e.g. soil pH, OM, phosphorus, calcium, magnesium, potassium) and topographic 

inputs (e.g. elevation, slope). The neural network generally provided better statistical predictions (an 

average of 45% of the variation, range 21 - 74%) in the multiple-year analysis than the other models 

(SMLR, which explained an average of 31% of the yield variation, range 14% to 65%). However, variable-

rate application based on intensive sampling was also not cost-effective to be used for managing sub-field 

scale variation due to high sampling and mapping costs.  

Therefore, this research attempts to provide a case study on predicting spatial yield within-field using 

different machine learning models based on a variety of spatiotemporal information on maize fields in 

New Zealand, which is major cropping system in the North Island. It is hypothesized that this case study 

can provide new insights to help to manage within-field crop and soil variability by prescribing variable 

rates of inputs such as N fertilisers within-field. The application of sensor-derived data such as yield 

monitor data and soil electrical conductivity (EC) offers advantages over techniques that use spatial data 

collected from intensive and expensive grid sampling. The minimal costs associated with sensor-derived 

data are more likely to be of commercial interest to New Zealand crop farmers and therefore will 

encourage further uptake of variable rate application.  
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the soil before planting. Nitrogen (N) fertiliser (typical urea with a volatilisation inhibitor) is typically 

applied at planting, and also in the mid-season at the V5 crop stage (five-leaf vegetative stage) via surface 

broadcasting using a twin-disc spreader. 

 

 

Figure 3-1 Study site location in the Waikato Region of New Zealand and the nearby NIWA weather 
stations (source: Open Street Map) 

  



49 | P a g e 
 

3.3 Data collection 

3.3.1 Yield monitor data (response variable) 

Spatial yield data of maize (Zea mays) grain was collected from four harvests (2014, 2015, 2017, and 2018) 

at NCRS during crop harvesting using a yield monitor (Figure 3-2) fitted on an 8-row (6 m swath) combine 

harvester with a GPS receiver. Spatial data points were recorded at 1-second intervals during harvest. As 

an example, the first ten rows of 2018 yield data subset are shown in Appendix 1. 

The principle of geospatial yield monitoring was described in section 2.3.1.1. The yield monitor records 

mass grain flow during a series of combine harvesting processes (cutting, mixing and threshing). An on-

board computer then converts the flow relative to the area covered by the harvester into yield since the 

last GPS reference point and records the grain moisture content using an electrical capacitance sensor.  

 

Figure 3-2 Yield monitor based on the measurement of mass grain flow (the sensing plate converts the 
impact of the incoming grain into electric signals) 
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3.3.2 Soil EC, OM and elevation (as yield predictors) 

Soil apparent electrical conductivity (EC) is related to inherent soil texture and soil water holding capacity 

which can be used to derive yield potential within-field (Lund et al., 1999). The EC soil data for all available 

fields were collected using a Veris Mobile Sensor Platform (MSP-3) and collected at 1-second intervals 

along the transect, with 10 to 15 m separating each transect.  

The Veris MSP-3 has three sensing technologies, one of which is a contact-based EC sensor (see Figure 

3-3). This system has four-disc coulter plates that measure electrical resistivity indicating how well the 

electrical current flows in soil. The less resistance to the electrical current through the soil, the higher the 

moisture content. Differences in EC readings suggest variation in soil texture and/or the presence of a 

water table. This sensor takes measurements from two soil depths: between 0 and 30 cm (EC shallow), 

and between 0-90 cm (EC deep), which is predetermined by the voltage and the separation distance 

between discs (Grisso et al., 2005). 

The Veris MSP-3 also has a near-infrared LED that measures the light reflectance from a furrow created 

within the topsoil. Reflectance values are then calibrated using laboratory testing for soil organic matter 

content (Hurst et al., 2015; Lund & Maxton, 2011). 

Elevation points were measured in October 2017 by an RTK GPS installed on the variable rate planter.  

 

Figure 3-3 Veris Mobile Sensor Platform (MSP-3) (Source: Hurst et al., 2015)  
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Air temperature: Temperature drives the duration of growth. The duration of growth is typically 

evaluated in terms of the accumulated heat unit (metric Growing Degree Day (GDD)), calculated by 

subtracting the base growth temperature for maize [8°C] from the average air temperature in 24 hours. 

Maize growth is assumed to be nil at the base temperature (FAR, 2005). In New Zealand, the GDD 

requirement for maize maturation is about 1,800 GDD and is dependent on the planting date and growing 

season temperature. The maize maturation date could be delayed for around 30 days if the air 

temperature was 3 °C cooler for the 12 weeks of spring (Salinger, 1986). A delay of maturity may also 

create uncertainties for harvest and delays for winter crop rotations.  

Daily weather data were aggregated into seven-day intervals, with accumulated rainfall, solar radiation, 

and GDD calculated over each interval. Because the maize crop was planted on different dates each year, 

and the duration to reach maturity varies between years, the meteorological data was referenced based 

on the number of days before and after the date of planting (Day 0) to compare the temporal effects for 

different years. 

 

3.3.5 Soil core samples 

To help explain yield variability within-field, soil sampling was undertaken. The maize field was visited on 

19 November 2018. The landscape features were visually inspected and photographed (Figure 3-5). Due 

to the constraints of time and budget, it was decided to conduct management zone soil sampling (taking 

samples from each predefined management zone) as compared to grid sampling (taking single or multiple 

soil cores within each regularly spaced grid cell). The predefined MZs were determined from historical 

maize yield maps (see section 4.3.2).  
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Soil was sampled to a depth of 80 cm using a standard soil core sampler (3.5 cm internal diameter) at six 

locations (Figure 3-4), three each in relatively high yielding zones (HY) and low yielding zones (LY). Each 

sampling point was georeferenced using an RTK GPS (Leica Zeno 20). Each soil core was then cut into 

sections (Figure 3-6), sealed in labelled sample bags, and stored in a chiller before processing. 

Texture analysis was performed on all samples collected from soil cores at depths of 5-10 cm, 10-15 cm, 

15-20 cm, 20-25 cm, and 25-30 cm (Figure 3-6). The soil at 0-5 cm depth was not sampled because of the 

highly variable bulk density and organic matter content within this interval for most soils (Kaul & Grafton, 

2017). This 0 - 5 cm depth is also above the point at which the maize seed was planted (5 cm). Since the 

crop grows roots downwards in response to gravity, the texture in this 0 - 5 cm depth above planted seed 

would have minimal effect on the crop. The soil profile below 30 cm was also not measured for soil texture 

because: 

1) Soil moisture deficit (controlled by rainfall, soil texture and groundwater level) before the V6 stage 

will permanently impair maize yield production after the V6 stage (Song et al., 2019); 

2) The rooting depth is about 30 cm deep between the V5 (5th leaf vegetative) to the V6 stage 

(Abendroth et al., 2011). Previous studies (Nichols et al., 2019) also suggest that 52 to 94% of the 

total root mass of a mature maize crop was found in the top 30 cm soil, which includes the primary 

and seminal roots that are critical for nutrient uptake. 

All maize seed was planted with coated urea and ammonium sulphate, and additionally, urea was applied 

mid-season, so hypothetically, all maize plants should have received similar quantities of nutrients. To 

verify potential variation in nutrient uptake due to variation in soil texture within the field, fifteen-

centimetre fixed-transect soil core samples and subsequent testing (for soil fertility status) were 

undertaken 32 days before planting on 8 October 2018, and again 50 days before the harvest of the crop 

(14 May 2019). The soil test results were presented in Appendix 4 and 5. 
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Figure 3-4 NCRS core soil sampling locations and the banding (brown versus green) associated with 
differential growth patterns (source: Google Earth RGB image; imagery date: 11 March 2016) 
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Figure 3-5 Photo of the NCRS maize field (looking west) The vertical pole is the location of sample HY3. 
Note the variation in maize growth in the middle centre and middle right, potentially caused by soil texture 
differences within the field. (photograph date: 19 November 2018) 

 

 

Figure 3-6 Core soil sections (0-5 cm, 5-10 cm, 10-15 cm, 15-20 cm, 20-25 cm, 25-30 cm, 30-40 cm, 40-60 
cm) taken from the NCRS maize field (photograph date: 19 November 2018) 
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whether the spatial pattern of crop reflectance and long-term yield productivity is related to soil variability 

within-field and thus inform soil sampling locations (see section 3.3.5). 

 

3.4.4 Soil texture  

To calibrate soil EC data and further validate the effect of soil texture, soil samples collected from the 

NCRS site (section 3.3.5) were kept moist in a chiller, organic matter removed from subsamples by boiling 

with hydrogen peroxide (35% strength), and then analysed for texture using standard pipette sampling 

from settling suspensions (Claydon, 1989). Particle size classes were sand > 63 microns, silt 2 - 63 microns, 

and clay < 2 microns. To determine the precision of this procedure, triplicate analyses were conducted at 

selected soil depths. 

 

3.4.5 Multivariate modelling analysis 

To demonstrate the viability of estimating potential yield within-field, this study investigated the use of 

supervised machine learning models. The modelled output can then help inform crop management input 

decisions. Figure 3-10 illustrates the workflow for the multivariate analysis, which included the following 

aspects: 

1. Model optimisation and hyperparameter tuning to avoid overfitting of the model, i.e. to avoid the 

model predicting well in training but predicts poorly in the validation. 

2. Computing variable importance and variable elimination to further eliminate statistically 

insignificant variables to simplify the model, reducing computational time and providing 

interpretation as to how yield responded to the important spatiotemporal variables. 

3. Evaluation of model performance for predicting yield  
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Table 3-4 Example of Cubist modelling output (first 10 rules) 

Rule Condition Linear regression model support mean error 

1 
elevation > 38.35374 & elevation <= 

39.03139 & rad14 > 144.61 & rad35 > 156.45 (3.3902982) + (0.49 * soilec_deep) 27 4.4 0.9 

2 
soilec_deep <= 4.073236 & rad14 > 124.1 & 

rad14 <= 144.61 

(-22.5182272) + (0.132 * rad14) + (0.39 * soilec_deep) + (0.047 * 
rad21) + (0.028 * elevation) + (0.048 * GDD21) + (0.015 * GDD14) 

+ (0.007 * rad0) - (0.03 * soilec_shallow) - (0.01 * GDD.7) 92 7.5 1.4 

3 
soilec_deep <= 4.824256 & elevation <= 

38.35374 & rad14 > 144.61 & rad35 > 156.45 
(3.7557431) + (1.82 * soilec_deep) - (0.007 * rad35) + (0.004 * 

rad14) - (0.03 * soilec_shallow) 21 8.4 3.8 

4 
soilec_deep <= 3.612189 & elevation <= 

38.1531 

(-20.1481427) + (3.84 * soilec_shallow) + (0.049 * elevation) + 
(0.016 * rad14) + (0.017 * rad35) + (0.013 * rad28) + (0.05 * 

soilec_deep) 38 9.3 3.0 

5 
soilec_deep > 4.824256 & elevation <= 

35.46135 & rad35 > 156.45 (5.560037) + (0.36 * soilec_shallow) 46 9.5 2.4 

6 
soilec_shallow > 5.35793 & rad14 <= 144.61 

& rad35 > 156.45 & GDD14 > 36.65 
(316.3637189) - (2.185 * rad35) + (0.524 * elevation) + (0.241 * 

rad14) + (0.89 * soilec_deep) - (0.6 * soilec_shallow) 110 10.2 2.0 

7 
rad14 <= 144.61 & rad35 <= 156.45 & GDD14 

> 36.65 (14.6920276) - (0.046 * elevation) 131 10.9 1.1 

8 

soilec_deep > 3.612189 & elevation <= 
38.1531 & rad28 <= 166.29 & rad35 <= 

156.45 

(-62.1986031) + (0.424 * elevation) + (0.255 * rad14) + (0.063 * 
rad35) + (0.19 * soilec_deep) + (0.03 * rad28) - (0.07 * 

soilec_shallow) 147 11.0 1.8 

9 
elevation > 38.1531 & rad14 > 144.61 & 

rad35 <= 156.45 

(25.847636) + (0.258 * rad35) + (0.18 * elevation) - (0.331 * 
rad28) - (0.055 * rad14) + (0.4 * soilec_deep) - (0.02 * 

soilec_shallow) 157 11.2 1.3 

10 elevation <= 35.81275 & rad28 > 166.29 

(-20.9991053) + (0.84 * soilec_deep) + (0.074 * elevation) + 
(0.056 * rad14) + (0.057 * rad35) + (0.028 * rad28) - (0.07 * 

soilec_shallow) 30 11.2 4.1 
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between the predictor and the response variable (maize yield). If the accuracy of prediction reduces 

significantly after re-shuffling a predictor, the predictor is then considered important (Breiman, 2017; 

Fisher et al., 2018). 

For the XGBoost model, predictor importance is calculated on the number of times a predictor is used to 

generate a split in each of the boosted trees. This is then divided by the total number of trees created 

(Hastie et al., 2009, p. 367). 

For the Cubist model, predictor importance is calculated as the percentage of predictor usage in both the 

conditions and the linear regression models in the terminal nodes.  
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Table 4-1 Statistics of yield monitor data values before and after-spatial filtering. 

Year mean sd min max obs 

 t/ha    

 before after before after before after before after before after Removed(%) 

2014 7.1 8.5 6.3 3.6 0 1.1 98.0 19.7 11452 6871 40 

2015 13.4 13.5 8.3 3.2 0 3.2 101.5 23.0 6333 5555 12 

2017 7.8 7.9 2.1 1.6 0.3 3.2 24.4 12.5 9017 8431 6 

2018 11.0 11.2 2.7 1.8 0.4 5.8 25.0 16.4 8592 7773 10 

All year - 10.0 - 3.4 - 1.1 - 23.0 35394 28630 19 

 

Geostatistical variogram analysis was conducted to evaluate the filtering performance. Figure 4-1 

presents the comparisons of the variograms between using the unfiltered and filtered yield data for each 

year. These variograms were fitted with models that generated the smallest sum of squared errors for the 

aggregated semi-variance values (Hiemstra et al., 2009). 

In Figure 4-1, the sill variance is the maximum semi-variance modelled between the values of paired 

locations. The nugget variance is the semi-variance when the distance that separates paired locations is 

at 0 (i.e. two locations overlap and hypothetically, they should have no difference in value). The nugget 

variance represents unnatural variations occurred over the sampled interval, which is commonly related 

to the measurement errors. A nugget/sill ratio close to 1 indicates a spatially random pattern at a specified 

resolution, which violates Tobler's First Law of Geography (1970) for natural variations and the premise 

for modelling the spatial structure of the data and kriging (Krige, 1951) (see Method section 3.4.1). 

The variograms based on the un-filtered yield data had higher modelled nugget variances (Figure 4-1a, c, 

e, g), caused by measurement errors at short distances. These nugget variances were reduced to 0 on the 

modelled variograms, based on the spatially filtered yield data (Figure 4-1b, d, f, h). The results (Figure 
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(e) 2017 un-filtered (nugget/sill = 0.43) 

 

(f) 2017 filtered 

 

(g) 2018 un-filtered (nugget/sill = 0.59) 

 

(h) 2018 filtered 

Figure 4-1 Comparisons of the experimental variograms for the individual-year yield monitor data before 
(a, c, e, g) and after filtering (b, d, f, h) using the customised spatial filtering algorithms.  
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(c) 

 

(d) 

Figure 4-2 Historical yield maps (normalised in relative to the field average yield for the year): (a) 2014 
yield map (the red circles represent two observed clusters); (b) 2015 yield map; (c) 2017 yield map; (d) 
2018 yield map. (Projection: NZTM in meters) 

 

Figure 4-3 Weekly total rainfall for the 2014/2015 season (the crop was planted on October 8, 2013, and 
harvested on May 12, 2014) 
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The descriptive statistics for each yield map are summarised in Table 4-3. The CVs confirm the magnitude 

of the yield variability within-field for each year. The 2014 yield map produced the largest CV of 0.42, 

indicating the largest yield variability within-field for that year. Other years produced smaller CVs ranged 

from 0.16 - 0.26, i.e. less variability. A large CV of 0.33 was also produced for the combined yield map 

from all available years. Given that this CV is larger than those produced in 2015, 2017, and 2018, the 

yield map of 2014 (with greater variability and a larger CV), had a greater weighting in overall yield 

variability. This result suggests that in addition to overall spatial yield variability, there was also a large 

temporal yield variability to be considered when planning effective crop management. This also suggests 

that temporal factors such as seasonal rainfall should be incorporated into the development of modelling 

yield variability. 

 

Table 4-3 Statistics of interpolated yield values from yield monitor data (mean, standard deviation [sd], 
coefficient of variation [CV], minimum [min] and maximum value [max]) 

Year min max mean sd CV 

 t/ha  

2014 1.59 17.37 7.79 3.25 0.42 

2015 3.69 22.13 12.42 3.19 0.26 

2017 2.85 12.49 7.82 1.63 0.21 

2018 5.99 16.08 11.08 1.74 0.16 

All year 1.59 22.13 9.73 3.21 0.33 
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To determine the overall spatial yield variability, the yield maps of four years (2014, 2015, 2017 and 2018) 

were averaged. Figure 4-4a showed that the variation of the average yield ranged from 0 t/ha to 16 t/ha. 

This large yield variability challenges the conventionally uniform treatment of the field as a single unit, 

and suggests the potential of optimising the application of crop management inputs such as seed and 

fertiliser, based on within-field yield potential. There was an overall cluster pattern of yield, which can be 

explained by analysing soil variability (section 4.3.2.2). 

The coefficients of variations (CVs) for the multiple-year yield maps are shown in Figure 4-4b. This map 

represents the rate of change in the yield pattern over the four years. The higher the CV value, the more 

temporally unstable the yield was over the years. The distribution of the CVs was skewed to the right, 

suggesting that the yielding pattern was mostly stable (Figure 4-5). Eighty per cent of the areas in Figure 

4-4b had a CV between 10% and 40%.  

To reveal the underlying spatial pattern from Figure 4-4b, CV threshold is adjusted. The CV threshold that 

divides the field into two equal sizes was approximately 18.5%. When this threshold was reduced by 5%, 

the field became mostly dominated by unstable yields and no clear spatial pattern was observed (Figure 

4-4c). When the 18.5% threshold was increased to 23.5%, some noticeable unstable yielding pattern 

appeared (Figure 4-4d). The unstable yield area west of the green line (Figure 4-4d) was near a shelterbelt, 

suggesting crop shading and crop moisture stress induced by the shelter trees. The results from this CV 

analysis described in the previous paragraph suggests a more complex local environment contributing to 

spatiotemporal yield variability. 
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(a) 

 

(b) 

(c) (d) 

Figure 4-4 Combined maps from multiple-year maize yield maps (2014, 2015, 2017 and 2018): (a) yield 
average map (shows the overall yield productivity at each location); (b) Yield coefficients of variation (CV 
%) map (c) Yield CV map with unstable and stable yielding zones divided by 13.5% CV threshold (d) Yield 
CV map with unstable and stable yielding zones divided by 23.5% CV threshold (The left of the green line 
represents the hedgerow trees).   
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Figure 4-5 The histogram of the yield CV distribution. 

 

4.3.1.2 Soil EC, organic matter, elevation maps (predictors) 

To determine the cause of spatial yield and to compare the predictors (soil EC, OM, and elevation), data 

points were interpolated into maps (Figure 4-6) using ordinary kriging. To evaluate spatial soil variability, 

the parameters of the modelled soil variograms are presented (Table 4-4). The nugget variances for these 

variograms are all close to 0, suggesting few measurement errors. Low RMSEs were produced relative to 

the mean value of the data, indicating good interpolation accuracies. 
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(a)  Soil EC shallow 

 

(b)  Soil EC deep 

 

(c)  Elevation 

 

(d)  soil organic matter 

Figure 4-6 Potential yield predictors (soil EC & OM) derived from Veris MSP-3 soil sensor and RTK GPS 
(Projection: NZTM in meters) 
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4.3.2.2 Soil zones (SZ) 

To determine the best predictors for spatial yield, all statistical combinations of soil EC (deep and shallow) 

and elevation maps were delineated into soil zones. This enabled comparison between both the yield 

zones and soil zones to examine correlation (Figure 4-8). HY and LY zones were labelled based on the 

average yield for that zone over the four years. There was a distinct visual consistency of pattern between 

all four maps and this is quantified in section 4.3.3. Adding elevation to clustering of the soil EC maps did 

not appear to affect the spatial yield zone pattern (Figure 4-8d). The statistical comparison between soil 

zones and yield zones are presented in Table 4-5.  

 

 

(a) 

 

(b) 
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(c) 

 

(d) 

Figure 4-8 Soil zones delineated from the combinations of soil EC and elevation maps using fuzzy c-means 
clustering (Zones are labelled as relatively high yielding [HY] potential and relatively low yielding potential 
[LY] based on historical average yield) (Projection: NZTM in meters) 

 

4.3.2.3 Crop reflectance zones (CRZ) 

To enable comparison of the delineated zones, Sentinel-2 multispectral-band images for the field were 

downscaled (from 10 m to 6 m of the interpolated yield maps) using ordinary kriging. The delineated crop 

reflectance zones (CRZ) are presented in Figure 4-9. To compare these with the yield zones, the clusters 

derived from the multispectral reflectance data were labelled HY and LY based on the historical yield 

average for each zone. This zone pattern was visually similar to those observed on a Google Earth image 

(delineated as a dotted line in Figure 4-9). This suggests that crop reflectance zones can be used as an 

indicator of field variability.  
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Table 4-6 Average yields in static zones for each year and the p-value derived from ANOVA tests 
(subsampled N = 100). 

Zones SZ (elevation incl.) YPZ CRZ 

 HY LY p-value HY LY p-value HY LY p-value 

year          

2014 9.6 7.0 <0.001 10.9 5.5 <0.001 9.9 6.2 <0.001 

2015 14.2 12.6 <0.05 15.0 11.2 <0.001 14.5 11.2 <0.001 

2017 8.1 7.7 ns 8.7 7.1 <0.001 8.2 7.5 <0.05 

2018 11.5 10.8 ns 12.1 10.4 <0.001 11.5 10.8 <0.01 

          

Area (ha) 5.8 4.3  4.9 5.1  5.9 4.1  

Average (t/ha) 10.5 9.4  11.7 8.6  11.0 8.9  

Total yield (t) 60.9 40.4  57.1 44.2  63.0 36.4  

 

4.3.4 Results of soil particle size analysis 

4.3.4.1 Soil particle size fractions at various depths 

To verify the soil EC relationship with soil texture, soil sample cores were taken from each yield 

productivity zone and analysed for particle size composition. Table 4-7 shows that particle size fractions 

varied both spatially and at depth. Spatially, the average sand fraction in the top 30 cm ranged from 24 - 

64% for the six locations; the average silt fractions ranged from 31-69%; and the average clay fractions 

ranged from 12-24%. At depth, there were large variations, particularly for the silt and clay fractions at 

HY1 and at LY1   (Table 4-7; sampling locations refer to Figure 3-4), as indicated by the coefficients of 

variation (CV) for HY1 (silt 30%, clay 85%); LY1 (silt 27%, clay 44%). However, no obvious pattern can be 

identified associated with these variations at depth. 

HY3 (relatively high yielding) had the highest sand content for all depths (57-74%) compared to the other 

sampling locations. LY2 (relatively low yielding) had the highest silt (72-75%) and clay (28-31%) content at 

20-30 cm depth. LY3 had the highest silt (69-72%) and clay (22-28%) at 5-20 cm depth. The results for LY2 

and LY3 could suggest potentially poorly drained soils with fine texture. 
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Figure 4-10 Correlation between soil EC shallow (0-30 cm) and soil particle size fractions (sand, silt and 
clay) at depths (5-10 cm, 10-15 cm, 15-20 cm, 20-25 cm, 25-30 cm). 

 

4.3.4.3 Soil particle size distribution influence on crop yield 

To identify multivariate relationships between soil texture and crop yield, PCA was applied to the dataset 

containing multiple-year yield data (2014, 2015, 2017, and 2018), soil EC (shallow and deep), and soil 

particle size fractions (sand, silt, and clay) as investigated in section 4.3.4.1. 

The first two major principal components (PCs) explained 79% of the total variation. LY2 and LY3 (relatively 

low yielding locations shown in Figure 3-4, determined based on Figure 4-7) showed similar properties in 

terms of their soil particle size fractions. LY2 and LY3 were dominated by silt and clay in the surface soil 

(5-30 cm), as was EC shallow (Figure 4-11).  
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To determine the effect of soil EC on yield for each year, quadratic models were fitted (Kitchen et al., 

2003). The results (provided in Table 4-8) shows that the quadratic model provided a good fit for 2015 

and 2017 (R2 = 0.76 and R2 = 0.92, respectively), suggesting that yield increases as soil EC shallow increases. 

High soil EC responses are related to the higher water-holding capacities of finer-textured soils. Therefore, 

plants located in areas with higher soil EC are less likely to encounter moisture stress. However, at this 

site, as EC increased, yield decreased, possibly due to impeded drainage and/or a perched water table. 

The quadratic models produced a poorer fit for 2014 and 2018 (R2 = 0.44 and R2 = 0.56, respectively), 

suggesting that other factors such as fertiliser application variability could have played an important role 

in the yield response to soil EC shallow.  

Table 4-8 Equations for the average yield response to soil EC shallow and R2 

Year Equation R2 

2014 y=4.93+0.915x-0.0424x2 0.44 

2015 y=8.03+1.92x-0.136x2 0.76 

2017 y=6.55+0.363x-0.0147x2 0.92 

2018 y=9.67+0.442x-0.0272x2 0.56 
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4.4.1.3 Leave-out-one-year analysis using pooled data 

To determine the feasibility of predicting yield for an additional year for a field that has limited data based 

on models trained from pooled data, and if there is any improvement on the predictions based on models 

trained from the individual field, the predictions were evaluated by leaving out one set of data each term 

and using the remaining pooled data for training the models.  

The results (Table 4-11) showed that the models (random forest and XGBoost) built using the pooled data 

generally produced poorer predictions than the models built using data collected from individual fields. 

Except for Field 3, the XGBoost models improved the R2 of yield predictions of individual years by 0.01 to 

0.23 using the pooled data. However, the results of XGBoost were mostly poorer compared with that of 

RF using data from individual fields. This suggests that prediction models built using data from other fields 

cannot be applied reliably to a field that has a limited dataset. Thus, the predictions are largely site-

specific. 
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Table 4-11 Prediction results of RF in the leave-out-one-site analysis (pooled data from five fields). 

 RF-individual RF-pooled Difference XGBoost-individual XGBoost-pooled Difference 
 R2 

Withhold       
NCRS (10 ha) 

2014 0.36 0.35 -0.01 0.16 0.34 0.18 
2015 0.35 0.24 -0.11 0.25 0.11 -0.14 
2017 0.22 0.19 -0.03 0.21 0.14 -0.07 
2018 0.2 0.18 -0.02 0.19 0.11 -0.08 

Average 0.28 0.23 -0.05 0.2 0.18 -0.03 
Field 2 (5 ha) 

2014 0.11 0.01 -0.1 0.2 0.02 -0.18 
2015 0.37 0 -0.37 0.09 0.02 -0.07 
2016 0.19 0.01 -0.18 0.01 0.06 0.05 
2017 0.1 0.07 -0.03 0.01 0.06 0.05 
2018 0 0.01 0.01 0 0.01 0.01 

Average 0.15 0.02 -0.13 0.06 0.03 -0.03 
Field 3 (14.5 ha) 

2014 0.44 0.19 -0.25 0.15 0.38 0.23 
2015 0.69 0.43 -0.26 0.59 0.6 0.01 
2016 0.74 0.45 -0.29 0.63 0.68 0.05 
2017 0.54 0.5 -0.04 0.51 0.52 0.01 
2018 0.09 0.14 0.05 0.09 0.18 0.09 

Average 0.5 0.34 -0.16 0.39 0.47 0.08 
Field 4 (7.8 ha) 

2005 0.11 0.07 -0.04 0.06 0 -0.06 
2007 0 0.01 0.01 0 0 0 
2009 0.06 0.1 0.04 0.03 0.15 0.12 
2010 0.02 0.04 0.02 0.04 0.02 -0.02 
2013 0.27 0.01 -0.26 0.19 0.01 -0.18 
2015 0.08 0.04 -0.04 0.05 0.04 -0.01 
2017 0.04 0 -0.04 0.06 0 -0.06 

Average 0.08 0.04 -0.04 0.06 0.03 -0.03 
Field 5 (24 ha) 

2008 0.49 0.57 0.08 0.43 0.38 -0.05 
2009 0.54 0.41 -0.13 0.48 0.36 -0.12 
2010 0.08 0.03 -0.05 0.1 0.08 -0.02 

Average 0.37 0.3 -0.07 0.34 0.27 -0.07 
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that is favourable for maize. However, maize-grain yield appears to decline and becomes more variable 

between sites or between years, with further increases of solar radiation beyond 160 kJ/m2. A slight 

decrease of yield was also observed as the increase of solar radiation from 80 to 200 kJ/m2 approximately 

two weeks before tasselling, indicated by the negative coefficient of 13 kg/ha (Figure 4-13b). At the early 

vegetative stage of the crop, the canopy is not fully developed to intercept the radiation. The greater the 

amount of solar radiation arriving at the plant, the greater the rate of evapotranspiration and hence soil 

moisture depletion (Ferrante & Mariani, 2018). 

 

(a)  28 days after planting 
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(b)  49 days after planting 

Figure 4-13 Yield response to accumulated solar radiation at (a) crop vegetative stage (28 days after 
planting) and (b) reproductive stage (119 days after planting) 

The accumulated GDD during different growth periods also contributed to the temporal yield variability. 

Figure 4-14a shows that in the second week after planting (V2), accumulated GDD between 40 and 80 

degree Celsius tended to produce more stable yield than sub 40 degree Celsius, possibly related to a 

warmer soil temperature encouraging crop establishment. In the sixteenth week after planting (around 

early- and mid-February at crop reproductive stage), yield increased with an increase of GDD (Figure 

4-14b). The estimated coefficient (0.11) suggests that every increase of 1 degree Celsius in accumulated 

GDD during this period may cause an increase of 0.11 t/ha in yield. 
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(a)  7 days after planting 
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increase of 1 mm in the accumulated rainfall at early vegetative stage may decrease yield by 43 kg/ha. 

There has been an increase in yield variations with an increase of rainfall at this stage, suggesting that 

yield responded differently between different fields and soil types. Figure 4-15b shows that the 

accumulated rainfall 112 days after planting at crop reproductive stage also contributed to yield, despite 

having less significance in both models. These predictor importance analyses help identify important 

factors to further fine-tune yield prediction models. 

 

(a) 28 days after planting 

 



128 | P a g e 
 

 

(b)  112 days after planting 

 

Figure 4-15 Yield response to accumulated rainfall at (a) crop vegetative stage (28 days after planting) and 
(b) crop reproductive stage (112 days after planting) 
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Lark and Stafford (1997) used a different statistical approach from that used in this thesis. They used fuzzy 

c-means clustering to group yield into several clusters and then interpreting local yield variation using the 

fuzzy c-means membership values. The membership value is the association between one sampled yield 

data point and each clustered yield zone, to help evaluate the statistical confidence of clustering of the 

yield data. Their analysis conducted on a 6-ha field that grows winter barley during 1993 to 1995 in the 

UK, suggested that unstable yield may be attributed to an observed poor drainage status recorded over 

the past season within the field. The results in this thesis support the effect of field elevation on spatial 

yield in relation to temporal seasonal rainfall and suggest that the use of elevation derived from an RTK 

GPS on a tractor is a useful predictor for yield. 

 

5.2.2.2 Examining soil EC and texture variability on spatial yield 

5.2.2.2.1 Soil EC mapping and sampling resolution 

To examine the effect of soil EC on spatial yield, the soil EC data were interpolated using ordinary kriging 

with adequate fitted variograms. Table 4-4 presented the properties of these variograms and showed that 

the range of spatial dependence on the distances that separate two locations were similar for the soil EC 

measurements (38 m and 41 m) for shallow (0-30 cm) and deep mode (30-90 cm) respectively. Similar 

findings were derived from a previous study in New Zealand by Hedley and Yule (2009). They investigated 

spatial soil texture variations for a 35-ha irrigated maize field in Palmerston North, intending to predict 

soil moisture distribution. They interpolated the soil EC data with 14,152 points measured from a Geonics 

EM38© sensor and delineated this data into zones for further soil sampling. Their results showed a similar 

range of spatial dependence (33 m) to this study (38 m and 41 m).  

The range of spatial dependence derived from soil EC maps is useful for determining the optimal soil 

sampling intervals. As a rule of thumb, a sampling interval of less than half-of-the-range of spatial 

dependency from the ancillary data should be considered to compute a variogram reliably for kriging 

(Kerry & Oliver, 2003). If this rule is to be followed, to develop a variable rate fertiliser application strategy, 
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root mass, may have limited ability to meet the water demands for the growth onward (Hedley et al., 

2010; Stadler et al., 2015), particularly in a non-irrigated system. Severe and prolonged water stress in 

maize plants during the early vegetative stages may cause irreversible damage to the structure of the 

photosynthetic membrane, resulting in lower chlorophyll content and possibly a 25%-30% reduction in 

yield (Cakir, 2004; Denmead & Shaw, 1960), even if sufficient water supply is present during the remaining 

growth period (Song et al., 2019). Additional urea fertiliser is typically broadcast at the V4 to V6 stage (5-

6 weeks after planting; mid-November) to support the growth (Figure 5-1). However, the applied nutrients 

are not be solubilised for uptake if there is little soil water stored at the 0-30 cm depth. Compared to the 

V4-V6 stage, at a later growth stage (tasselling; mid-December; 75-85 days after planting), the root system 

is more deeply established in the soil (>70 cm) and can access a larger volume of plant-available water, 

unless dry seasonal conditions persist for more than 13 days. 
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Figure 5-1 Maize growth stages in New Zealand and the estimated days after planting required (the rates 
of growth depends on the environmental conditions). Image modified from Genetic Technologies Limited© 

Literature shows that yield often increases with an increase of soil EC because this data suggests better 

water holding capacity and lower risk of moisture stress during crop growth (Hedley et al., 2010; Stadler 

et al., 2015). However, yield may then decrease after optimal soil EC due to impedance of drainage and 

the onset of anaerobic soil conditions (Corwin & Lesch, 2003).  

In this study, quadratic models were fitted for each year to investigate the relationship between EC and 

historical yield maps. Table 4-8 showed that the model had a good fit for 2015 and 2017 (R2 = 0.76 and R2 

= 0.92, respectively) but a poorer fit for 2014 and 2018 (R2 = 0.44 and R2 = 0.56, respectively), suggesting 

a temporally variable yield response. Management factors (such as the timing of mid-season fertiliser 

application), as well as variable rainfall patterns, could play an important role in determining yield 

potential. This variability was consistent with a previous study in the north-central US by Kitchen et al. 

(2003). Their study modelled the relationship of soil EC, topographic features (elevation, slope and 

curvature) and crop yield for three contrasting soil-crop systems. Their quadratic models explained 7%-
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5.2.3.2 Potential improvements to the yield prediction models  

5.2.3.2.1 Inclusion of soil moisture data 

Maize crop yield was generally influenced by seasonal rainfall at several critical stages. The analysis of 

relative variable importance (Chapter 4.4.2) suggested that the accumulated rainfall in the fifth week and 

the seventeenth week after planting were identified as influential factors for the yield in the XGBoost 

model (Figure 4-12c, d). Figure 4-15a shows that accumulated rainfall in the fifth week after planting 

(between day 28 - 35; early- or mid-October) of between 15 and 30 mm appears to have produced higher 

average yields (12-13 t/ha), compared to 7-8 t/ha yields produced when the rainfall was less than 15 mm, 

based on data pooled from five fields over the years. The accumulated rainfall in the fifth week after 

planting provides enough moisture for dissolving N fertiliser to nitrate that can be readily taken up by 

plants. Adding a small amount of starter fertiliser at planting is traditionally recommended for growing 

maize in a temperate climate regime as it benefits the growth of the primary nodal roots for water and 

nutrient uptake and lowers the risk of uneven stands of maize (Mascagni et al., 2007). It is also a more 

effective way of placing other valuable, and less leachable nutrients such as P and K in the top 10 cm soil, 

than broadcasting via a fertiliser spreader.  

An excessive amount of rain at the seedling emergence stage may cause nitrate leaching from the shallow 

root zone (Butts-Wilmsmeyer et al., 2019), especially with coarser-textured soils, which have a lower 

water holding capacity and (if free-draining) have a higher throughput of pore-water volume. Figure 4-15a 

shows a negative estimated coefficient of 0.043 (p<0.05), which suggests that every increase of 1 mm in 

the accumulated rainfall at early vegetative stage may decrease yield by 43 kg/ha. Based on the soil 

particle size distribution measured for the six sampled locations (section 4.3.4.1), the available water 

capacity of the 0 - 30 cm soil depth was only about 34.1 mm to 45.3 mm. Theoretically, it would only 

require approximately 5 mm per day of consecutive rain for the water to leave the root zone to depth in 

some coarse-textured soils. To improve nitrate uptake by crops, it is generally recommended to split 

fertiliser applications into two or more applications and apply only a small amount of slow-release N 

fertiliser at each planting. 

















152 | P a g e 
 

5.4 Research contributions to precision farming 

From the above discussion, this thesis contributes to precision maize cropping in New Zealand by 

identifying the following three key points:  

1. To improve the quality of yield maps and subsequent modelling analyses, erroneous data points 

that are caused by systemic or operational mistakes must be removed. 

Software programmes such as Yield Editor have been developed and are widely used for data filtering. 

However, upon examination of historical yield monitor data in New Zealand, it was found that information 

such as GPS timestamps were missing, which made it difficult to apply existing filtering software. For this 

reason, some of the work in this thesis involved the creation of a customised automatic filtering algorithm 

in R and validated its performance using geostatistical variogram analyses and 10-fold cross-validation. 

The results suggest that the filtering programme was effective at improving the accuracy of spatial 

interpolation for yield mapping, with only the coordinates and yield supplied as inputs. Therefore, this 

programme can be applied to other spatial data in precision farming with different structures, providing 

the opportunity for greater use of data. However, it should be noted that data filtering will not remediate 

data from an inadequately calibrated sensor at the start of each harvest, which still presents challenges 

to the further uptake of precision farming. 

2. By examining the spatial and temporal variability of spatial yield maps, the delineated crop 

management zones using spatial data and conducted zonal soil sampling can be used to 

determine the applicability of spatial data for precision farming in New Zealand.  

To understand the cause of spatial yield variability, soil texture variations within-field were investigated 

with samples taken from each zone. The effect of spatial soil variability and field elevation on crops was 

discussed in relation to temporal rainfall to justify the use of soil EC, elevation and temporal weather data 

as predictors for spatial yield. Low and medium resolution satellite images (Landsat-8 and Sentinel-2) were 

also collected and delineated into zones to correlate with soil and yield zones. The results support the 

inclusion of field elevation and soil EC maps on smaller-scale arable fields (<10 ha), which could encourage 
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The case study outlined in this thesis is potentially relevant in some developed countries where small crop 

farms are key players in the industry. These farms collect a large amount of subfield data over time and 

are driven to minimise the costs of production using data-processing techniques. Overall, this study 

utilised existing sensor-derived data in New Zealand and demonstrated a novel application of machine 

learning models which highlighted the value of spatial data collection to assist in more efficient use of 

production inputs and sustainable arable farming systems. 

  





156 | P a g e 
 

  



157 | P a g e 
 

Chapter 6 Summary, implications and limitations 

6.1 Introduction  

The research question posed in Chapter 1 was addressed in the research chapters and revisited in the 

discussion through an evaluation of model and analysis performance.  

This research hypothesized that: 

The process of delineating site-specific management zones can be improved by modelling 

spatiotemporal interactions between spatial crop yield and other complementary factors.  

The research objectives related to the following issues and gaps in knowledge identified around the use 

of yield monitor data at the small field scale for crop production in New Zealand i.e.: 

o To develop a filtering algorithm to improve maize yield mapping precision. 

o To identify appropriate spatiotemporal yield predictors by examining historical yield 

maps, delineating subfield management zones, and undertaking soil sampling. 

o To determine the viability of predicting dynamic maize yield at the subfield spatial scale 

using supervised machine learning algorithms. 

This chapter outlines the summary of conclusions and their wider implications and identification of 

thesis limitations using thesis results and limitation to provide directions for future research.  

 

6.2 Summary of conclusions 

Precision farming is a data-driven management philosophy about applying the right input, at the right 

amount, at the right place and the right time. While precision agriculture is not new to the New Zealand 

arable community, this thesis demonstrates how sensor-derived data captured within-field can be fully 

utilised to inform crop management decisions. The work presented particularly addressed the aspects of 
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maize yield production within NCRS. The soil test results (Appendix 4 and 5) indicate that, for the whole 

field, pH values ranged from 6.3 to 7.6, slightly higher than optimum, and will potentially pose a risk in 

terms of zinc, manganese, and phosphorus availability to the growing maize crop (Longhurst et al., 2018). 

Soil pH data derived from Veris MSP measurement has been used for mapping previously (Holmes and 

Jiang, 2017) and can be used for future research. 

3. This study did not investigate the impact of shelterbelt trees on yield. Some hedgerow species such as 

pine trees are known to require a large amount of moisture in summer with their more extensive root 

systems, which may compete with the crop nearby. The crop adjacent to the shelterbelt may also 

experience sunlight suppression due to the potential shading effect if the tree canopy has not been 

pruned adequately. At NCRS, sunlight is blocked in the late afternoon. In future research, it would be 

useful to look in detail at how the spatial yield is influenced by the shelterbelt trees. Shading is one of the 

features that can be derived from satellite images as a predictor for yield. 

4. Another factor that might influence spatial yield in the field boundaries is that the soils in the headlands 

may also receive twice the compaction as the centre of the field because heavy farm vehicles (such as 

planters and harvesters) exit, turn around and then re-enter the field in these locations. Generally, fine-

textured soils when wet, with fewer pore spaces, are more susceptible to compaction than coarse-

textured soils, which have more pore spaces. There may be a spatial pattern in the level of compaction 

around the headlands associated with soil texture variations. 

5. Limited years (3 to 7 years) of yield data collected from maize fields in Waikato were used to build yield 

prediction models due to historically poor yield sensor calibration, which may not be sufficient to capture 

temporal variability of yield. Yield monitor data from additional years and rotation crops should be 

analysed to provide further validation to the findings of this research. With more years of yield monitor 

data and crop images uploaded into the system, the yield prediction model for the individual field can 

become more accurate over time. 
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The researcher presented a preliminary case study on tuber yield mapping at 7th Asian-Australasian 

Conference on Precision Agriculture in 2017 (Jiang et al., 2017). This thesis encourages further 

investigations into the possibility of predicting spatial tuber yield before the harvest, which could provide 

a yield prediction model customised to New Zealand production. 
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6.6 Concluding remark  

This research aimed to determine if the process of delineating site-specific management zones in maize 

crops could be improved by modelling spatiotemporal interactions between spatial and other 

complementary factors affecting yield. The findings of this research demonstrated the viability of 

predicting spatial yield based on a variety of spatiotemporal predictors (such as soil EC, rainfall) associated 

with individual fields that are cheaply available for crop producers in New Zealand. 

The growing development of sensor technologies continues to make collecting a massive amount of data 

cheaper and easier. The advancement of sensor technologies has improved field sampling efficiencies and 

reduced sampling and analysis costs. Accurate point clouds can be collected and applied to subfield 

measurement and analysis, and medium to high-resolution satellite multispectral imagery is readily 

available for in-season crop monitoring. Spatial information collected from various sources can be 

integrated into precision applications (planting, spraying, fertiliser application) with variable rate 

technologies for varying inputs within-field. The increase of computer processing powers and machine 

learning models provides the possibility to extract knowledge from layers of information. Based on these 

trends, this study extrapolated from the existing sensor technologies and applied machine learning 

predictions that demonstrate the potential to fulfil the philosophy of precision farming and lead to more 

automated and sustainable farming systems in the future. 
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Appendix 1 Example of yield monitor data 
Table A - 1 A subset of the yield monitor data (NCRS 2018) 
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Appendix 2 Customised spatial filtering programme in R 
################################################################################ 
####### Simple program for filtering spatial data points (batch process) ####### 
################################################################################ 
 
#### load packages 
 
library(readr) 
library(sp) 
library(rgdal) 
library(rgeos) 
library(foreach) 
library(doParallel) 
 
######## set directory ########### 
 
wd <- "E:\ \user_name\ \ input_folder" #--- input yield data file folder 
setwd(wd) 
 
boundary_dir = paste0(wd, "/boundary") #---boundary file folder 
 
output_dir = paste0(wd, "/output_data") #--- output data folder 
 
##### read spatial data ##### 
 
# read boundary file 
bound = readOGR(boundary_dir, as.character(gsub(".shp","",list.files(boundary_dir, pattern = "\ \ .shp$")))) 
proj4string(bound) <- CRS("+init=epsg:4326") 
bound_utm <- spTransform(bound, CRS("+init=epsg:2193")) 
 
# read yield file 
yield_list <- lapply(list.files(wd, pattern = "\ \ .shp$"), function(shp_list) { 
  layer_name <- as.character(gsub(".shp","",shp_list)) 
  shp_spdf <-readOGR(dsn = wd, stringsAsFactors = FALSE, verbose = TRUE, 
                     useC = TRUE, dropNULLGeometries = TRUE, addCommentsToPolygons = TRUE, 
                     layer = layer_name, require_geomType = NULL, 
                     p4s = NULL, encoding = 'ESRI Shapefile') 
}) 
 
for (i in seq(yield_list)) { 
  proj4string(yield_list[[i]]) <- CRS("+init=epsg:4326") 
  yield_list[[i]] <- spTransform(yield_list[[i]], CRS("+init=epsg:2193")) 
  yield_list[[i]] <- yield_list[[i]][bound_utm,] 
}   
 
##### filter spatial points ##### 
 
#--Global Filter Algorithm--Sudduth et al. 2003 
GlobalFilter <- function(x, na.rm = TRUE, ...) { 
  qnt <- quantile(x, probs=c(.25, .75), na.rm = na.rm, ...) 
  H <- 1.5 * IQR(x, na.rm = na.rm) # whisker length 1.5 by default 
  y <- x 
  y[x < (qnt[1] - H)] <- NA 
  y[x > (qnt[2] + H)] <- NA 
  y 
}    
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YieldData1st <- yield_list 
 
for (i in seq(YieldData1st)) { 
   
  YieldData1st[[i]]$yield <- GlobalFilter(YieldData1st[[i]]$`Yld_Mass_D`) 
   
  # Select yield variable `Yld_Mass_D`, otherwise rename the variable as `Yld_Mass_D`! 
   
  YieldData1st[[i]] <- subset(YieldData1st[[i]], !is.na(YieldData1st[[i]]$yield)) 
 
} 
 
#--Local Filter Algorithm--Spekken 2013 
 
YieldData2nd <- YieldData1st 
 
CV <- function(mean, sd) {(sd / mean) * 100} 
distThreshold <- 5 # Distance threshold 
CVThreshold <- 20 # CV threshold 
 
LocalCV <- list() 
Num.CV <- list() 
 
# Parallel processing to reduce processing time 
cores=detectCores() #setup parallel backend to use many processors 
clust_cores <- makeCluster(cores[1]-1) 
registerDoParallel(clust_cores) #To see if the connections are active, use showConnections() 
 
YieldData3rd = foreach(i = seq(YieldData2nd), .combine=list, .multicombine=TRUE) %dopar% { 
  LocalCV[[i]] = sapply(X = 1:length(YieldData2nd[[i]]), 
                        FUN = function(pt) { 
                          d = spDistsN1(YieldData2nd[[i]], YieldData2nd[[i]][pt,]) 
                          ret = CV(mean = mean(YieldData2nd[[i]][d < distThreshold, ]$yield), 
                                   sd = sd(YieldData2nd[[i]][d < distThreshold, ]$yield)) 
                          return(ret) 
                        }) # calculate CV in the local neighbour 
   
  YieldData2nd[[i]]$CV <- LocalCV[[i]] 
  YieldData2nd[[i]] <- subset(YieldData2nd[[i]], !is.na(YieldData2nd[[i]]$CV)) 
   
  Num.CV[[i]] = sapply(X = 1:length(YieldData2nd[[i]]), 
                       FUN = function(pt) { 
                         d = spDistsN1(YieldData2nd[[i]], YieldData2nd[[i]][pt,]) 
                         ret = length(YieldData2nd[[i]][d<distThreshold & YieldData2nd[[i]]$CV>CVThreshold,]$CV) == 
length(YieldData2nd[[i]][d<distThreshold,]$CV) 
                         return(ret) 
                         # If the total number of CVs over 25% equals to the total number of CVs within a search radius then 
return TRUE or 1 
                       } 
  ) 
   
  YieldData2nd[[i]]$NumCV <- Num.CV[[i]]  # Add num CV as attribute data 
  YieldData2nd[[i]] <- subset(YieldData2nd[[i]], YieldData2nd[[i]]$NumCV == FALSE) # subset the filtered data 
} 
 
stopCluster(clust_cores) 
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##### Save & extract processed data ######## 
 
for (i in seq(YieldData3rd)) { 
   
  YieldData3rd[[i]] <- spTransform(YieldData3rd[[i]], CRS("+init=epsg:4326")) # reproject into wgs84 
   
  # writeOGR(YieldData3rd[[i]], output_dir, as.character(gsub(".shp","", list.files(wd, pattern = "\ \ .shp$")[i])), 
driver="ESRI Shapefile") 
 
    # save the processed files to the folder using writeOGR function 
 
    for (i in seq(YieldData3rd)) 
 
      assign(as.character(gsub(".shp","", list.files(wd, pattern = "\ \ .shp$")[i])), YieldData3rd[[i]]) 
  # Extract each element in list into its own object 
  } 
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Appendix 4 Soil test results for fertiliser recommendation (2018) 
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Appendix 5 Soil test results for fertiliser recommendation (2019) 
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Appendix 6 R script for delineating zones 
 
#### load packages 
library(readr) 
library(sp) 
library(raster) 
library(knitr) 
library(rgdal) 
library(rgeos) 
library(foreach) 
library(doParallel) 
library(tidyverse) 
library(automap) 
 
 
#### set functions 
# batch load shape file 
#### set directory 
wd <- "~/Documents/test.data/ncrs_back" 
setwd(wd) 
 
boundary_dir = paste0(wd, "/boundary") 
 
soil_dir = paste0(wd, "/soilec") 
 
elevation_dir = paste0(wd, "/planting") 
 
rs_dir = paste0(wd, "/rs_data/mz_") 
 
 
#### load data 
# boundary 
bound = readOGR(boundary_dir, as.character(gsub(".shp","",list.files(boundary_dir, pattern = "\ \ .shp$")))) 
proj4string(bound) <- CRS("+init=epsg:4326") 
bound_utm <- spTransform(bound, CRS("+init=epsg:2193")) 
 
# soilEC 
soilEC = readOGR(soil_dir, as.character(gsub(".shp","",list.files(soil_dir, pattern = "\ \ .shp$")))) 
proj4string(soilEC) <- CRS("+init=epsg:4326") 
soilEC_utm <- spTransform(soilEC, CRS("+init=epsg:2193")) 
soilEC_utm <- soilEC_utm[bound_utm,] 
 
# elevation 
elevation = readOGR(elevation_dir, as.character(gsub(".shp","",list.files(elevation_dir, pattern = "\ \ .shp$")[2]))) 
proj4string(elevation) <- CRS("+init=epsg:4326") 
elevation_utm <- spTransform(elevation, CRS("+init=epsg:2193")) 
elevation_utm <- elevation_utm[bound_utm,] 
 
# remote sensing 
rs <- lapply(list.files(rs_dir, pattern = ".tif$", full.names = TRUE), stack) 
rs_utm <- lapply(rs, function(a){projectRaster(a, crs = CRS("+init=epsg:2193"))}) 
 
 
masked = list() 
band_names = c('B','G','R','NIR') 
for (i in seq(rs_utm)) { 
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  masked[[i]] <- mask(x = rs_utm[[i]], mask = bound_utm) 
   
  for(j in 1:4){ 
    names(masked[[i]])[j] = paste0(names(masked[[i]])[j], band_names[j]) 
  } 
} 
 
 
##### yield ##### 
yield_list <- lapply(list.files(wd, pattern = "\ \ .shp$"), function(shp_list) { 
  layer_name <- as.character(gsub(".shp","",shp_list)) 
  shp_spdf <-readOGR(dsn = wd, stringsAsFactors = FALSE, verbose = TRUE, 
                     useC = TRUE, dropNULLGeometries = TRUE, addCommentsToPolygons = TRUE, 
                     layer = layer_name, require_geomType = NULL, 
                     p4s = NULL, encoding = 'ESRI Shapefile') 
}) 
 
for (i in seq(yield_list)) { 
  proj4string(yield_list[[i]]) <- CRS("+init=epsg:4326") 
  yield_list[[i]] <- spTransform(yield_list[[i]], CRS("+init=epsg:2193")) 
  yield_list[[i]] <- yield_list[[i]][bound_utm,] 
}   
 
#--Global Filter Algorithm--Sudduth et al. 2003 
GlobalFilter <- function(x, na.rm = TRUE, ...) { 
  qnt <- quantile(x, probs=c(.25, .75), na.rm = na.rm, ...) 
  H <- 1.5 * IQR(x, na.rm = na.rm) # whisker length 1.5 by default 
  y <- x 
  y[x < (qnt[1] - H)] <- NA 
  y[x > (qnt[2] + H)] <- NA 
  y 
}    
 
YieldData1st <- yield_list 
 
for (i in seq(YieldData1st)) { 
  YieldData1st[[i]]$yield <- GlobalFilter(YieldData1st[[i]]$`Yld_Mass_D`) 
  # Select yield variable `Yld_Mass_D`, otherwise rename the variable as `Yld_Mass_D`! 
  YieldData1st[[i]] <- subset(YieldData1st[[i]], !is.na(YieldData1st[[i]]$yield)) 
} # Only iterate once 
 
#--Local Filter Algorithm--Spekken 2013 (p.s. parallel processing will be used to reduce time usage) 
 
YieldData2nd <- YieldData1st 
 
CV <- function(mean, sd) {(sd / mean) * 100} 
distThreshold <- 5 # Distance threshold 
CVThreshold <- 20 # CV threshold 
 
LocalCV <- list() 
Num.CV <- list() 
 
# Parallel processing 
cores=detectCores() #setup parallel backend to use many processors 
clust_cores <- makeCluster(cores[1]-1) #not to overload your computer 
registerDoParallel(clust_cores) #To see if the connections are active, use showConnections() 
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YieldData3rd = foreach(i = seq(YieldData2nd), .combine=list, .multicombine=TRUE) %dopar% { 
  LocalCV[[i]] = sapply(X = 1:length(YieldData2nd[[i]]), 
                        FUN = function(pt) { 
                          d = spDistsN1(YieldData2nd[[i]], YieldData2nd[[i]][pt,]) 
                          ret = CV(mean = mean(YieldData2nd[[i]][d < distThreshold, ]$yield), 
                                   sd = sd(YieldData2nd[[i]][d < distThreshold, ]$yield)) 
                          return(ret) 
                        }) # calculate CV in the local neighbour 
   
  YieldData2nd[[i]]$CV <- LocalCV[[i]] 
  YieldData2nd[[i]] <- subset(YieldData2nd[[i]], !is.na(YieldData2nd[[i]]$CV)) 
   
  Num.CV[[i]] = sapply(X = 1:length(YieldData2nd[[i]]), 
                       FUN = function(pt) { 
                         d = spDistsN1(YieldData2nd[[i]], YieldData2nd[[i]][pt,]) 
                         ret = length(YieldData2nd[[i]][d<distThreshold & YieldData2nd[[i]]$CV>CVThreshold,]$CV) == 
length(YieldData2nd[[i]][d<distThreshold,]$CV) 
                         # If the total number of CVs over 25% equals to the total number of CVs within a search radius 
                         return(ret) 
                         # then return TRUE or 1 
                       } 
  ) 
   
  YieldData2nd[[i]]$NumCV <- Num.CV[[i]] 
  # Add num CV as attribute data 
  YieldData2nd[[i]] <- subset(YieldData2nd[[i]], YieldData2nd[[i]]$NumCV == FALSE) 
  # subset the filtered data 
} 
 
stopCluster(clust_cores) 
 
############################### 
# Interpolation using Kriging # 
############################### 
 
# create a regular grid of 6 m 
grd = spsample(bound_utm, type = "regular", cellsize = 6) 
 
# yield mapping 
YieldPts <- YieldData3rd 
 
krige_result <- list() 
YieldMap <- list() 
 
for (i in seq(YieldPts)) { 
  krige_result[[i]] <- autoKrige(yield~1, YieldPts[[i]], grd, maxdist= 20) 
  # interpolate yield points into maps using point kriging with maximum search distance of 20m 
  YieldMap[[i]] <- krige_result[[i]]$krige_output 
  YieldMap[[i]]$yield_norm <- YieldMap[[i]]$var1.pred/mean(YieldMap[[i]]$var1.pred, na.rm =T) 
  # normalise yield: dividing each pixel value by the mean 
  gridded(YieldMap[[i]]) = T 
} 
 
 
# ---- historical yield trend ---- 
 
JustYield <- list() 
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for (i in seq(YieldMap)) { 
  JustYield[[i]] <- YieldMap[[i]]$yield_norm 
} 
 
JustYield.df <- data.frame(t(matrix(unlist(JustYield), nrow=length(JustYield), byrow=T))) 
# convert list to data frame 
 
JustCoords <- data.frame(YieldMap[[1]]@coords) 
 
Yield_Average <- rowMeans(JustYield.df,na.rm = T) # average yield 
Yield_Std <- apply(JustYield.df,1, sd, na.rm = T) # standard deviation of yield 
Yield_CV <- Yield_Std/Yield_Average*100 # coefficient of variation of yield 
 
YieldTrend <- cbind(Yield_Average, Yield_CV, JustCoords) 
# put them back as data frame 
 
coordinates(YieldTrend) <- c('x1', 'x2') 
# convert to spatial point data frame 
 
YieldTrend$spatial_variability[YieldTrend$Yield_Average > 1] <- 'HY' 
YieldTrend$spatial_variability[YieldTrend$Yield_Average < 1] <- 'LY' 
 
 
gridded(YieldTrend) <- T 
yield_zones <- raster(YieldTrend["spatial_variability"]) 
# writeRaster(yield_zones,'arithmetic_yield.tif',options=c('TFW=YES'), overwrite=TRUE) 
 
##### soil/elevation attribute mapping ##### 
 
elevation_map <- autoKrige(Elvtn__~1, elevation_utm, grd, maxdist= 20) 
elevationMap <- elevation_map$krige_output 
 
 
soilom_map <- autoKrige(Soil_OM___~1, soilEC_utm, grd, maxdist= 20) 
soilomMap <- soilom_map$krige_output 
 
soilec_shallow_map <- autoKrige(EC_Shallow ~1, soilEC_utm, grd, maxdist= 20) 
soilec_shallowMap <- soilec_shallow_map$krige_output 
 
soilec_deep_map <- autoKrige(EC_Deep_dS~1, soilEC_utm, grd, maxdist= 20) 
soilec_deepMap <- soilec_deep_map$krige_output 
 
soil_df = data.frame(soilECdeep = soilec_deepMap$var1.pred, soilECshallow = soilec_shallowMap$var1.pred) 
 
soil_PCs <- prcomp(soil_df, center = T, scale = T) # PCA 
 
soil_clusters_output = cmeans(soil_PCs$x[,1:2], 2, iter.max = 10000, dist = "euclidean", method = "cmeans", m = 2) 
 
grd$soil_clusters = soil_clusters_output$cluster 
gridded(grd) <- T 
soil_zones <- raster(grd["soil_clusters"]) 
# writeRaster(soil_zones,'soil_zone.tif', options=c('TFW=YES'), overwrite=TRUE) 
 
plot(soil_zones, col = c("grey70", "grey30"), legend = FALSE, main = "Soil zones") 
 
##### multispectral reflectance analysis ##### 
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.rs.unloadPackage("tidyr") # package conflict to tidyr, which also has extract function   
 
ref = list() 
for (i in seq(masked)) { 
  ref[[i]] = data.frame(extract(masked[[i]], grd)) 
} 
 
reflect = na.omit(cbind(grd@coords, do.call(data.frame, ref))) 
 
reflect_PCs = prcomp(reflect[,3:ncol(reflect)], center = T, scale = T) # PCA 
reflect_clusters_output = cmeans(reflect_PCs$x[,1:2], 2, iter.max = 10000, dist = "euclidean", method = "cmeans", 
m = 2) 
 
reflect$reflect_clusters = reflect_clusters_output$cluster 
coordinates(reflect) = c('x1','x2') 
 
gridded(reflect) <- T 
reflect_zones <- raster(reflect["reflect_clusters"]) 
# writeRaster(reflect_zones,'reflect_zone.tif', options=c('TFW=YES'), overwrite=TRUE) 
 
##### Multiple-year yield analysis ##### 
 
soil = list() 
yd = list() 
refl = list() 
for (i in seq(YieldData3rd)) { 
   
  soil[[i]] = data.frame(extract(soil_zones, YieldData3rd[[i]])) 
  yd[[i]] = data.frame(extract(yield_zones, YieldData3rd[[i]])) 
  refl[[i]] = data.frame(extract(reflect_zones, YieldData3rd[[i]])) 
   
  } 
 
 
NCRS = cbind(NCRS, soilMZs_code = unlist(soil), yieldMZs_code = unlist(yd), reflectMZs_code = unlist(refl), 
             soilMZs = NA, yieldMZs = NA, reflectMZs = NA) 
 
if(mean(NCRS[which(NCRS$soilMZs_code==1),]$yield, na.rm =T) > 
mean(NCRS[which(NCRS$soilMZs_code==2),]$yield, na.rm =T)){ 
  NCRS[which(NCRS$soilMZs_code==1),]$soilMZs = 'HY' 
  NCRS[which(NCRS$soilMZs_code==2),]$soilMZs = 'LY' 
} else { 
  NCRS[which(NCRS$soilMZs_code==1),]$soilMZs = 'LY' 
  NCRS[which(NCRS$soilMZs_code==2),]$soilMZs = 'HY' 
} 
 
if(mean(NCRS[which(NCRS$yieldMZs_code==1),]$yield, na.rm =T) > 
mean(NCRS[which(NCRS$yieldMZs_code==2),]$yield, na.rm =T)){ 
  NCRS[which(NCRS$yieldMZs_code==1),]$yieldMZs = 'HY' 
  NCRS[which(NCRS$yieldMZs_code==2),]$yieldMZs = 'LY' 
} else { 
  NCRS[which(NCRS$yieldMZs_code==1),]$yieldMZs = 'LY' 
  NCRS[which(NCRS$yieldMZs_code==2),]$yieldMZs = 'HY' 
} 
 
if(mean(NCRS[which(NCRS$reflectMZs_code==1),]$yield, na.rm =T) > 
mean(NCRS[which(NCRS$reflectMZs_code==2),]$yield, na.rm =T)){ 



199 | P a g e 
 

  NCRS[which(NCRS$reflectMZs_code==1),]$reflectMZs = 'HY' 
  NCRS[which(NCRS$reflectMZs_code==2),]$reflectMZs = 'LY' 
} else { 
  NCRS[which(NCRS$reflectMZs_code==1),]$reflectMZs = 'LY' 
  NCRS[which(NCRS$reflectMZs_code==2),]$reflectMZs = 'HY' 
} 
 
NCRS$soilMZs = factor(NCRS$soilMZs) 
NCRS$yieldMZs = factor(NCRS$yieldMZs) 
NCRS$reflectMZs = factor(NCRS$reflectMZs) 
 
grd$yield_clusters = extract(yield_zones, grd) 
grd$reflect_clusters = extract(reflect_zones, grd) 
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Appendix 7 R script for combining data 
 
#### load packages 
library(readr) 
library(sp) 
library(raster) 
library(knitr) 
library(rgdal) 
library(rgeos) 
library(foreach) 
library(doParallel) 
library(tidyverse) 
library(automap) 
 
#### set functions 
# batch load shape file 
 
# extract spatial pt info within nearest neighbor 
extract_sppt_id <- function(set1, set2){ 
  set1sp <- SpatialPoints(set1) 
  set2sp <- SpatialPoints(set2) 
  apply(gDistance(set2sp, set1sp, byid=T), 1, which.min) 
} 
 
#### set directory 
wd <- "~/Documents/test.data/ncrs_back" 
setwd(wd) 
 
boundary_dir = paste0(wd, "/boundary/boundary_hdland_excl") 
 
soil_dir = paste0(wd, "/soilec") 
 
elevation_dir = paste0(wd, "/planting") 
 
weather_dir = paste0(wd, "/weather") 
 
 
#### load data 
# boundary 
bound = readOGR(boundary_dir, as.character(gsub(".shp","",list.files(boundary_dir, pattern = "\ \ .shp$")))) 
proj4string(bound) <- CRS("+init=epsg:4326") 
bound_utm <- spTransform(bound, CRS("+init=epsg:2193")) 
 
# soil 
soilEC = readOGR(soil_dir, as.character(gsub(".shp","",list.files(soil_dir, pattern = "\ \ .shp$")))) 
proj4string(soilEC) <- CRS("+init=epsg:4326") 
soilEC_utm <- spTransform(soilEC, CRS("+init=epsg:2193")) 
 
soilEC_utm <- soilEC_utm[bound_utm,] 
 
# elevation 
elevation = readOGR(elevation_dir, as.character(gsub(".shp","",list.files(elevation_dir, pattern = "\ \ .shp$")[2]))) 
proj4string(elevation) <- CRS("+init=epsg:4326") 
elevation_utm <- spTransform(elevation, CRS("+init=epsg:2193")) 
elevation_utm <- elevation_utm[bound_utm,] 
 



201 | P a g e 
 

# weather 
weather = read_csv(paste0(weather_dir, "/weather20130901onward")) 
 
 weather$`Tmax(C)` = as.numeric(weather$`Tmax(C)`) 
 weather$`Tmin(C)` = as.numeric(weather$`Tmin(C)`) 
 weather$GDD = (weather$`Tmin(C)` + weather$`Tmax(C)`)/2 -8 
 weather$GDD[weather$GDD < 0] = 0 
 
weather_df = data.frame(weather[c("Day(Local_Date)","Rain(mm)","GDD", "Rad(MJ/m2)")] ) 
 
 
weather_df$Rain.mm. = as.numeric(weather_df$Rain.mm.) 
weather_df$Rad.MJ.m2. = as.numeric(weather_df$Rad.MJ.m2.) 
weather_df$Day.Local_Date. = as.Date(weather_df$Day.Local_Date., format = "%Y%m%d:0000") 
 
##### remote sensing 
 rs <- lapply(list.files(rs_dir, pattern = ".tif$", full.names = TRUE), stack) 
 rs_utm <- lapply(rs, function(a){projectRaster(a, crs = CRS("+init=epsg:2193"))}) 
 
 savi = list() 
 masked = list() 
 for (i in seq(rs_utm)) { 
  savi[[i]] = 1.5*(rs_utm[[i]][[4]]-rs_utm[[i]][[3]])/(rs_utm[[i]][[4]]+rs_utm[[i]][[3]]+0.5) 
  masked[[i]] <- mask(x = savi[[i]], mask = bound_utm) 
 } 
 
# yield 
 
yield_list <- lapply(list.files(wd, pattern = "\ \ .shp$"), function(shp_list) { 
  layer_name <- as.character(gsub(".shp","",shp_list)) 
  shp_spdf <-readOGR(dsn = wd, stringsAsFactors = FALSE, verbose = TRUE, 
                     useC = TRUE, dropNULLGeometries = TRUE, addCommentsToPolygons = TRUE, 
                     layer = layer_name, require_geomType = NULL, 
                     p4s = NULL, encoding = 'ESRI Shapefile') 
}) 
 
for (i in seq(yield_list)) { 
  proj4string(yield_list[[i]]) <- CRS("+init=epsg:4326") 
  yield_list[[i]] <- spTransform(yield_list[[i]], CRS("+init=epsg:2193")) 
  yield_list[[i]] <- yield_list[[i]][bound_utm,] 
}   
 
#--Global Filter Algorithm--Sudduth et al. 2003 
GlobalFilter <- function(x, na.rm = TRUE, ...) { 
  qnt <- quantile(x, probs=c(.25, .75), na.rm = na.rm, ...) 
  H <- 1.5 * IQR(x, na.rm = na.rm) # whisker length 1.5 by default 
  y <- x 
  y[x < (qnt[1] - H)] <- NA 
  y[x > (qnt[2] + H)] <- NA 
  y 
}    
 
YieldData1st <- yield_list 
 
for (i in seq(YieldData1st)) { 
  YieldData1st[[i]]$yield <- GlobalFilter(YieldData1st[[i]]$`Yld_Mass_D`) 
  # Select yield variable `Yld_Mass_D`, otherwise rename the variable as `Yld_Mass_D`! 



202 | P a g e 
 

  YieldData1st[[i]] <- subset(YieldData1st[[i]], !is.na(YieldData1st[[i]]$yield)) 
} # Only iterate once 
 
#--Local Filter Algorithm--Spekken 2013 (p.s. parallel processing will be used to reduce time usage) 
 
YieldData2nd <- YieldData1st 
 
CV <- function(mean, sd) {(sd / mean) * 100} 
distThreshold <- 5 # Distance threshold 
CVThreshold <- 20 # CV threshold 
 
LocalCV <- list() 
Num.CV <- list() 
 
# Parallel processing 
cores=detectCores() #setup parallel backend to use many processors 
clust_cores <- makeCluster(cores[1]-1) #not to overload your computer 
registerDoParallel(clust_cores) #To see if the connections are active, use showConnections() 
 
YieldData3rd = foreach(i = seq(YieldData2nd), .combine=list, .multicombine=TRUE) %dopar% { 
  LocalCV[[i]] = sapply(X = 1:length(YieldData2nd[[i]]), 
                        FUN = function(pt) { 
                          d = spDistsN1(YieldData2nd[[i]], YieldData2nd[[i]][pt,]) 
                          ret = CV(mean = mean(YieldData2nd[[i]][d < distThreshold, ]$yield), 
                                   sd = sd(YieldData2nd[[i]][d < distThreshold, ]$yield)) 
                          return(ret) 
                        }) # calculate CV in the local neighbour 
   
  YieldData2nd[[i]]$CV <- LocalCV[[i]] 
  YieldData2nd[[i]] <- subset(YieldData2nd[[i]], !is.na(YieldData2nd[[i]]$CV)) 
   
  Num.CV[[i]] = sapply(X = 1:length(YieldData2nd[[i]]), 
                       FUN = function(pt) { 
                         d = spDistsN1(YieldData2nd[[i]], YieldData2nd[[i]][pt,]) 
                         ret = length(YieldData2nd[[i]][d<distThreshold & YieldData2nd[[i]]$CV>CVThreshold,]$CV) == 
length(YieldData2nd[[i]][d<distThreshold,]$CV) 
                         # If the total number of CVs over 25% equals to the total number of CVs within a search radius 
                         return(ret) 
                         # then return TRUE or 1 
                       } 
  ) 
   
  YieldData2nd[[i]]$NumCV <- Num.CV[[i]] 
  # Add num CV as attribute data 
  YieldData2nd[[i]] <- subset(YieldData2nd[[i]], YieldData2nd[[i]]$NumCV == FALSE) 
  # subset the filtered data 
} 
 
stopCluster(clust_cores) 
 
 
############################### 
# Interpolation using Kriging # 
############################### 
 
# create a regular grid of 6 m 
grd = spsample(bound_utm, type = "regular", cellsize = 24) 



203 | P a g e 
 

 
# yield mapping 
YieldPts <- YieldData3rd 
 
krige_result <- list() 
YieldMap <- list() 
 
for (i in seq(YieldPts)) { 
  krige_result[[i]] <- autoKrige(yield~1, YieldPts[[i]], grd, maxdist= 50) 
  # interpolate yield points into maps using point kriging with maximum search distance of 20m 
  YieldMap[[i]] <- krige_result[[i]]$krige_output 
  YieldMap[[i]]$yield_norm <- YieldMap[[i]]$var1.pred/mean(YieldMap[[i]]$var1.pred, na.rm =T) 
  # normalise yield: dividing each pixel value by the mean 
  gridded(YieldMap[[i]]) = T 
} 
 
##### soil/elevation attribute mapping 
elevation_map <- autoKrige(Elvtn__~1, elevation_utm, grd, maxdist= 50) 
soilom_map <- autoKrige(Soil_OM___~1, soilEC_utm, grd, maxdist= 50) 
soilec_shallow_map <- autoKrige(EC_Shallow ~1, soilEC_utm, grd, maxdist= 50) 
soilec_deep_map <- autoKrige(EC_Deep_dS~1, soilEC_utm, grd, maxdist= 50) 
 
elevationMap <- elevation_map$krige_output 
soilomMap <- soilom_map$krige_output 
soilec_shallowMap <- soilec_shallow_map$krige_output 
soilec_deepMap <- soilec_deep_map$krige_output 
 
#### join soil/elevation to yield 
 
df = list() 
for (i in seq(YieldData3rd)) { 
   
  YieldMap[[i]]$soilec_shallow = soilec_shallowMap$var1.pred 
  YieldMap[[i]]$soilec_deep = soilec_deepMap$var1.pred 
  YieldMap[[i]]$elevation = elevationMap$var1.pred 
  YieldMap[[i]]$soilom = soilomMap$var1.pred 
 
   
  df[[i]] =  data.frame(year = gsub(".shp","",list.files(wd, pattern = "\ \ .shp$"))[i], 
                         
                        YieldMap[[i]]@coords, 
                        yield = YieldMap[[i]]$var1.pred, 
                        soilec_shallow = YieldMap[[i]]$soilec_shallow, 
                        soilec_deep = YieldMap[[i]]$soilec_deep, 
                        elevation = YieldMap[[i]]$elevation, 
                        soilom = YieldMap[[i]]$soilom 
 
                        ) 
   
  assign(as.character(gsub(".shp","", list.files(wd, pattern = "\ \ .shp$")[i])), df[[i]]) 
  } 
 
#### join weather 
# seperate dates for yield datasets 
 
season2014_planting_date = '2013-10-08' 
season2014_harvest_date = '2014-05-12' 
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season2014 = weather_df[(which(weather_df$Day.Local_Date.== season2014_planting_date)-
7):which(weather_df$Day.Local_Date.== season2014_harvest_date),] 
season2014 = 
  season2014 %>% 
  group_by(week = cut(Day.Local_Date., "7 days")) %>% 
  summarise(rain=sum(Rain.mm., na.rm = T), rad=sum(Rad.MJ.m2., na.rm = T), GDD= sum(GDD, na.rm = T)) 
for (i in seq(NROW(season2014))) {season2014$day[i] = as.integer(difftime(season2014$week[i], 
season2014$week[1]))-7} 
 
season2015_planting_date = '2014-10-10' 
season2015_harvest_date = '2015-05-18' 
season2015 = weather_df[(which(weather_df$Day.Local_Date.== season2015_planting_date)-
7):which(weather_df$Day.Local_Date.== season2015_harvest_date),] 
season2015 = 
  season2015 %>% 
  group_by(week = cut(Day.Local_Date., "7 days")) %>% 
  summarise(rain=sum(Rain.mm., na.rm = T), rad=sum(Rad.MJ.m2., na.rm = T), GDD= sum(GDD, na.rm = T)) 
for (i in seq(NROW(season2015))) {season2015$day[i] = as.integer(difftime(season2015$week[i], 
season2015$week[1]))-7} 
 
season2017_planting_date = '2016-10-17' 
season2017_harvest_date = '2017-05-23' 
season2017 = weather_df[(which(weather_df$Day.Local_Date.== season2017_planting_date)-
7):which(weather_df$Day.Local_Date.== season2017_harvest_date),] 
season2017 = 
  season2017 %>% 
  group_by(week = cut(Day.Local_Date., "7 days")) %>% 
  summarise(rain=sum(Rain.mm., na.rm = T), rad=sum(Rad.MJ.m2., na.rm = T), GDD= sum(GDD, na.rm = T)) 
for (i in seq(NROW(season2017))) {season2017$day[i] = as.integer(difftime(season2017$week[i], 
season2017$week[1]))-7} 
 
season2018_planting_date = '2017-10-18' 
season2018_harvest_date = '2018-05-14' 
season2018 = weather_df[(which(weather_df$Day.Local_Date.== season2018_planting_date)-
7):which(weather_df$Day.Local_Date.== season2018_harvest_date),] 
season2018 = season2018 %>% 
  group_by(week = cut(Day.Local_Date., "7 days")) %>% 
  summarise(rain=sum(Rain.mm., na.rm = T), rad=sum(Rad.MJ.m2., na.rm = T), GDD= sum(GDD, na.rm = T)) 
for (i in seq(NROW(season2018))) {season2018$day[i] = as.integer(difftime(season2018$week[i], 
season2018$week[1]))-7} 
 
 
# "Rain" 
ncrs2014df_join = cbind(ncrsgrain2014, setNames(as.list(season2014$rain), paste0("Rain", season2014$day))) 
ncrs2015df_join = cbind(ncrsgrain2015, setNames(as.list(season2015$rain), paste0("Rain", season2015$day))) 
ncrs2017df_join = cbind(ncrsgrain2017, setNames(as.list(season2017$rain), paste0("Rain", season2017$day))) 
ncrs2018df_join = cbind(ncrsgrain2018, setNames(as.list(season2018$rain), paste0("Rain", season2018$day))) 
 
# "radiation" 
ncrs2014df_join = cbind(ncrs2014df_join, setNames(as.list(season2014$rad), paste0("rad", season2014$day))) 
ncrs2015df_join = cbind(ncrs2015df_join, setNames(as.list(season2015$rad), paste0("rad", season2015$day))) 
ncrs2017df_join = cbind(ncrs2017df_join, setNames(as.list(season2017$rad), paste0("rad", season2017$day))) 
ncrs2018df_join = cbind(ncrs2018df_join, setNames(as.list(season2018$rad), paste0("rad", season2018$day))) 
 
# "GDD" 
ncrs2014df_join = cbind(ncrs2014df_join, setNames(as.list(season2014$GDD), paste0("GDD", season2014$day))) 
ncrs2015df_join = cbind(ncrs2015df_join, setNames(as.list(season2015$GDD), paste0("GDD", season2015$day))) 
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ncrs2017df_join = cbind(ncrs2017df_join, setNames(as.list(season2017$GDD), paste0("GDD", season2017$day))) 
ncrs2018df_join = cbind(ncrs2018df_join, setNames(as.list(season2018$GDD), paste0("GDD", season2018$day))) 
 
NCRS = bind_rows(ncrs2014df_join, ncrs2015df_join, ncrs2017df_join, ncrs2018df_join) 
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Appendix 8 R script for model evaluation 
 
#### load packages 
library(readr) 
library(sp) 
library(raster) 
library(knitr) 
library(rgdal) 
library(rgeos) 
library(foreach) 
library(doParallel) 
library(tidyverse) 
library(caret) 
 
 
#### set directory 
wd <- "~/Documents/test.data/join_data" 
setwd(wd) 
 
#### Data mining 
NCRS_weekly <- read.csv("~/Documents/test.data/join_data/pooled.csv") 
NCRS = na.omit(NCRS_weekly[, -which(colnames(NCRS_weekly) %in% c('X'))]) 
NCRS = na.omit(NCRS[, which(colnames(NCRS) %in% 
c("year","x1","x2","yield","soilec_shallow","soilec_deep","elevation","soilom", 
                                                  "Rain.7","Rain0","Rain7","Rain14","Rain21","Rain28","Rain35", 
                                                  "rad.7","rad0","rad7","rad14","rad21","rad28","rad35", 
                                                  "GDD.7","GDD0","GDD7","GDD14","GDD21","GDD28","GDD35"))]) 
 
# Parallel processing 
cores=detectCores() 
clust_cores <- makeCluster(cores[1]-1) 
registerDoParallel(clust_cores) 
 
# multicolinearity 
 corMatrix = cor(NCRS[,-c(1:4)], method = 'pearson') 
 highlyCor = findCorrelation(corMatrix,cutoff = 0.8) 
 cor_rm = cbind(NCRS[,-c(1:4)][,-highlyCor], yield=NCRS[,4]) 
 
 fit_control <- trainControl(method = "repeatedcv", number = 10, repeats = 1) 
  
set.seed(29) 
idx_train <- sample(1:nrow(cor_rm), size = nrow(cor_rm)*0.75) 
 
training <- cor_rm[ idx_train, ] 
testing  <- cor_rm[ -idx_train, ] 
 
fit_lm =  train(yield ~., data = training, method  = 'lm', trControl = fit_control) 
summary(fit_lm) 
 
 
pred <- predict(fit_lm, testing) 
error = postResample(pred = pred, obs = testing$yield) 
 
 
############################# 
###### neural network ####### 
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############################# 
 
set.seed(29) 
 
start_time <- Sys.time() # measure running time 
fit_nn <- train( 
   
  x = training[,-NCOL(training)], 
  y = training$yield/25, 
   
  method = "nnet", trControl = fit_control,   
  tuneGrid = expand.grid(size = 1:5, decay = c(0.1, 0.2, 0.3)), 
  linout = TRUE, maxit = 500) 
 
end_time <- Sys.time() # measure running time 
time_nn = end_time - start_time # 2.374481 hours 
 
fit_nn 
plot(fit_nn) 
 
pred_nn <- predict(fit_nn, testing) 
error_nn = postResample(pred = pred_nn*25, obs = testing$yield) 
 
 
##################### 
###### rpart2 ####### 
##################### 
 
cor_rm2 = cbind(NCRS[,-c(1:4)], yield=NCRS[,4]) 
 
training2 <- cor_rm2[ idx_train, ] 
testing2  <- cor_rm2[ -idx_train, ] 
 
fit_ctr <- train( 
   
  x = training2[,-NCOL(training2)], 
  y = training2$yield, 
   
  method = "rpart2", 
  trControl = fit_control, 
  tuneGrid = expand.grid(maxdepth=1:20) 
) 
 
fit_ctr 
plot(fit_ctr) 
 
pred_ctr <- predict(fit_ctr, testing2) 
error_ctr = postResample(pred = pred_ctr, obs = testing2$yield) 
 
##################### 
####### Cubist ###### 
##################### 
 
set.seed(29) 
 
start_time <- Sys.time() # measure running time 
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fit_cubist <- train( 
   
  x = training2[,-NCOL(training2)], 
  y = training2$yield, 
   
  method = "cubist", 
  tuneGrid = expand.grid(committees = c(1, 5, 10, 20), neighbors = c(0, 5, 9)), 
  trControl = fit_control 
) 
 
end_time <- Sys.time() # measure running time 
time_cu = end_time - start_time # 3.948066 mins 
 
fit_cubist 
plot(fit_cubist) 
varImp(fit_cubist) 
 
pred_cubist <- predict(fit_cubist, testing2) 
error_cubist = postResample(pred = pred_cubist, obs = testing2$yield) 
 
 
############################ 
####### Random forest ###### 
############################ 
 
set.seed(29) 
 
start_time <- Sys.time() # measure running time 
 
fit_rf <- train( 
   
  x = training2[,-NCOL(training2)], 
  y = training2$yield, 
   
  method = "rf", 
  trControl = fit_control, 
  importance = TRUE 
) 
 
end_time <- Sys.time() # measure running time 
time_rf = end_time - start_time # 
 
fit_rf 
plot(fit_rf) 
varImp(fit_rf) 
 
pred_rf <- predict(fit_rf, testing2) 
error_rf = postResample(pred = pred_rf, obs = testing2$yield) 
 
 
###### Hold out one site/year analysis (hooya) for Random Forest 
 
hooya_rf = cbind(year = NCRS[,1], cor_rm2) 
 
hooya_training5 = list() 
hooya_testing5 = list() 
hooya_fit_rf = list() 



209 | P a g e 
 

hooya_pred_rf = list() 
hooya_error_rf = list() 
 
names_sites = c("ncrsgrain2014", "ncrsgrain2015", "ncrsgrain2017", "ncrsgrain2018", 
                "bell2014_F2", "bell2015_F2" ,  "bell2016_F2",  "bell2017_F2" ,"bell2018_F2", 
                "bell2014" ,  "bell2015",  "bell2016", "bell2017", "bell2018",       
                "kaipograin2005", "kaipograin2007", "kaipograin2009", "kaipograin2010", "kaipograin2013", 
"kaipograin2015", "kaipograin2017_non_trial" ,        
                "stanley2008", "stanley2009", "stanley2010") 
 
start_time <- Sys.time() # measure running time 
for (i in seq(nlevels(hooya_rf[,1]))) { 
   
  hooya_testing5[[i]]  = subset(hooya_rf, year == names_sites[i]) 
  hooya_training5[[i]] = subset(hooya_rf, year != names_sites[i]) 
   
  set.seed(29) 
   
  hooya_fit_rf[[i]] <- train( 
     
    x = hooya_training5[[i]][, -c(1,ncol(hooya_training5[[i]]))], 
    y = hooya_training5[[i]]$yield, 
     
    method = "rf", 
    trControl = fit_control 
  ) 
   
  hooya_pred_rf[[i]] <- predict(hooya_fit_rf[[i]], hooya_testing5[[i]]) 
  hooya_error_rf[[i]] = postResample(pred = hooya_pred_rf[[i]], obs = hooya_testing5[[i]]$yield) 
} 
 
end_time <- Sys.time() # measure running time 
time_rf2 = end_time - start_time # 9.698936 mins 
 
 
 
###################### 
####### xgboost ###### 
###################### 
 
set.seed(29) 
 
start_time <- Sys.time() # measure running time 
 
fit_xg <- train( 
   
  x = training2[,-NCOL(training2)], 
  y = training2$yield, 
   
  method = "xgbTree", 
  trControl = fit_control 
) 
 
end_time <- Sys.time() # measure running time 
time_xg = end_time - start_time # 
 
fit_xg 
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plot(fit_xg) 
 
 
pred_xg <- predict(fit_xg, testing2) 
error_xg = postResample(pred = pred_xg, obs = testing2$yield) 
 
 
###### Hold out one year analysis (hooya) for xgboost 
 
hooya_xg = cbind(year = NCRS[,1], cor_rm2) 
 
hooya_training6 = list() 
hooya_testing6 = list() 
hooya_fit_xg = list() 
hooya_pred_xg = list() 
hooya_error_xg = list() 
 
start_time <- Sys.time() # measure running time 
for (i in seq(nlevels(hooya_xg[,1]))) { 
   
  hooya_testing6[[i]]  = subset(hooya_xg, year == names_sites[i]) 
  hooya_training6[[i]] = subset(hooya_xg, year != names_sites[i]) 
   
  set.seed(29) 
   
  hooya_fit_xg[[i]] <- train( 
     
    x = hooya_training6[[i]][, -c(1,ncol(hooya_training6[[i]]))], 
    y = hooya_training6[[i]]$yield, 
     
    method = "xgbTree", 
    trControl = fit_control 
  ) 
   
  hooya_pred_xg[[i]] <- predict(hooya_fit_xg[[i]], hooya_testing6[[i]]) 
  hooya_error_xg[[i]] = postResample(pred = hooya_pred_xg[[i]], obs = hooya_testing6[[i]]$yield) 
} 
 
end_time <- Sys.time() # measure running time 
time_xg2 = end_time - start_time # 6.155648 hours 
 
 
stopCluster(clust_cores) # close connection 
 
 
 


