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Abstract. The advent of ‘big data technologies’ such as hyperspectral imaging means that Precision 
Agriculture (PA) developers now have access to superabundant and highly  heterogeneous data.  
The authors explore the limitations of the classic science model in this situation and propose a new 
non-linear process that is not based on the premise of controlled data scarcity. The study followed a 
science team tasked with developing highly advanced hyperspectral techniques for a ‘low tech’ 
sector in which non-adoption by farmers is a significant risk. Hyperspectral imaging creates multi-
layered, geo-referenced data early in the science process in superabundance.  This data is created 
at high speed in near real-time and does not require expensive ground sampling.  The data is 
extremely versatile and has the potential for many different measurements from one record. These 
data traits increase the likelihood of producing ‘surplus science’, that is, science that exceeds what 
was judged necessary to solve the problem as defined at project launch. The production of 
superabundant and highly versatile data early in the science process increases the possibility of 
discovering new forms of valuable knowledge (methods and solutions) during the course of an 
investigation. However, realizing the value of these opportunities requires a departure from the 
classic science model. Under data-scarcity conditions, such surplus science would be classified as 
undesirable ‘project creep’. In response we propose an alternative process based on a non-linear, 
iterative approach that utilizes heterogeneous actors to refine value from hyperspectral data. The 
paper documents how a ‘big-data’ setting generates surplus science and unexpected value 
possibilities. We outline the challenges that science teams face if they are to realize these 
possibilities. These challenges include the linearity of project design and set up, which limits the 
ability to identify unexpected opportunities and re-organize in response. Moreover, the science team 
may not have either sufficient time or appropriate expertise to exploit an opportunity. In light of these 
findings, it is proposed that for innovation in the PA sector to make the necessary rapid advances 
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both technically and in terms of adoption, changes are needed in the way research projects are 
funded and structured. In addition, we suggest changes to the make-up of science teams and the 
inclusion of a variety of end-user perspectives during the research and development process. 
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Introduction 
Precision Agriculture (PA) is a rapidly evolving field of agricultural science (Mulla, 2013) and the 
influence of big data technologies is growing (Sonka & IFAMR, 2014). One such technology, 
hyperspectral sensing and imaging (HSI), proffers to radically change the role and value of data-
collection for Precision Agriculture scientists.  The difficulty of working with HSI data is that it not only 
fulfils the four V’s of big data, i.e. Volume (great volume), Variety (various modalities), Velocity (rapid 
generation) and Value (huge value but very low density) (Chen, 2014), each georeferenced data 
point has many layers of data that is extremely versatile, i.e. it has the potential for many different 
measurements from each record.  

In order to better understand the scientific process that PA researchers and developers adopt when 
using such data, the lead author of this study is embedded as a participant observer within the New 
Zealand Centre for Precision Agriculture’s (NZCPA) research and development team, who are 
working at the cutting edge of Precision Agriculture research in action. 

Pioneering to Precision 
The centre is a specialist PA research group who are working on a major project; a Primary Growth 
Partnership called “Pioneering to Precision” funded by a co-operative fertilizer company called 
Ravensdown and the New Zealand Government organization, the Ministry for Primary Industries. 
The NZCPA researchers are tasked with developing highly advanced hyperspectral techniques using 
airborne hyperspectral imaging to predict nutrient concentrations in plant tissue from the air to guide 
and inform fertilizer decision making (Grafton & Yule, 2015; MPI, 2014).   

The project aims to replace expensive, laborious and time-consuming conventional data-collection 
methods used for in-field plant nutrient analysis with the non-invasive, rapid collection of high 
volume, versatile data at a very high spectral and spatial resolution (Ravensdown, 2014; Yule, 2015). 
Experience from other industries suggests however, that refining value from big data technologies 
will be a key challenge for the agricultural sector (Huberty, 2015; Sunding, 2001; Sonka & IFAMR, 
2014).   

The project involved flying the hyperspectral imaging sensor AisaFENIX (Specim) over eight test 
farms over different seasons, with over 7,000 tissue and soil samples being sent to a laboratory for 
calibration. Data was then explored to see if relationships between the hyperspectral data and wet 
chemistry calibration samples could be found for the major pasture nutrients. Models were 
subsequently created from these relationships (Pullanagari, 2016). 

The hyperspectral sensing and imaging creates multi-layered, geo-referenced data early in the 
science process in superabundance (Pullanagari, 2011; Yule, 2015).  This data is created at high 
speed and does not require expensive and time-consuming ground sampling, although the NZCPA 
uses ground-truthing to calibrate its algorithms (Yule, 2015). 

Early in the study we observed that the new technology was presenting the NZCPA science team 
with difficulties and opportunities created by what we call a new data economy. This paper articulates 
initial ideas and concepts generated from observations of the research and development team in 
action. In this paper we explore the idea that data characteristics influence the likelihood of producing 
what we call ‘surplus science’, that is, science that exceeds what was judged necessary to solve the 
problem as defined at project launch. We detail the effect of the arrival of superabundant and highly 
versatile data early in the science process on the possibility of discovering new forms of valuable 
knowledge (methods and solutions) during the course of an investigation.  
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The disruption of science 
A key challenge with data-rich PA data technologies such as HSI is that the value model does not 
emerge fully-formed from data itself; they are simply inputs to a production process that depends on 
human insight (Huberty, 2015; McAfee, 2012). The Pioneering to Precision project was structured in 
a linear form, the Classical Model of Science (De Jong, 2010), a method that is designed to generate 
knowledge from limited and expensive data. The model has been widely promoted in agricultural 
science and produces knowledge from limited data by extrapolating a small number of results, which 
is then generalized for real-world application (Alrøe & Kristensen, 2002; Oliver, Bishop, & Marchant, 
2013).  Traditionally, the collection of agricultural research data has been a relatively slow and 
expensive process; data typically arrives after the experiment is judiciously planned to produce 
statistically significant results for a pre-determined problem. The linear, classical approach to science 
uses the bare minimum of samples (limited by budgets) to achieve a derived output within the scope 
of the problem statement; we call this approach to data collection data scarcity, see figure 1. 

 

 

 
 

Figure 1: The Classical Science Process 

   

PA strives to capture and respond to real-world variability and an important observation of the study 
was that the HSI technology generated a massive amount of highly variable and versatile data that 
the NZCPA science team had to explore iteratively (Sonka & IFAMR, 2014). While PA scientists are 
accustomed to working with variable data, they need to understand what that variability actually 
means in order to create the algorithms that refine the data into valuable information. We suggest 
that the difficulties encountered by the NZCPA scientists were exacerbated by the linear design of 
the Pioneering to Precision project. The project was structured and resourced as a classical science 
problem where scientists needed to find a way to achieve a pre-determined outcome, that is, to 
measure nitrogen, phosphorus, potassium and sulfur concentrations in tissue samples from the air 
and relate that to soil fertility in order that fertilizer application can be optimized 

The NZCPA scientists embarked on an iterative data exploration process, which was particularly 
challenging because although there are statistical methods available in the research environment, 
they needed to be further developed into a more commercially operable outcome. Further they were 
not necessarily always sure what they were looking for in the data, as the AisaFENIX sensor had not 
been used for this purpose before, see Figure 2. This approach is a far cry from the linear classical 
science traditionally promoted for agricultural science and led us to focus on the role of data in the 
science-making process and to consider what a radical shift in the data economy could mean for 
Precision Agricultural researchers.  
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Figure 2: Disrupting the science process. 

 

The new data economy 
Some emerging Precision Agriculture technologies are radically different to their counterparts; 
importantly, these technologies produce data that is very different to the data that agricultural 
scientists are accustomed to; the data is enormous, complex and arrives early in the science 
process. We call this dramatic change in data characteristics, a new ‘data economy’. 

Hyperspectral imaging for example, provides information at a very high spatial resolution, which can 
explain localized distributions of nutrients at farm or regional scale (Von Bueren & Yule, 2013; Yule et 
al., 2015).  The data produced is relatively inexpensive and in a form that is or can be worked into an 
image. While this is a benefit in terms of technology transfer, observations of PA scientists working 
with the enormous, multi-layered data indicates that the new data economy has consequences for 
both the science process and the potential additional value that can be extracted from data. 
Understanding and addressing the complex implications of the new data economy is a key challenge 
for the PA scientists hoping to optimize value from these technologies.  

An example of the new data economy is the nutrient testing of pastures. Soil testing for major nutrient 
concentrations has been a slow, relatively expensive exercise with a small number of samples taken 
and results are extrapolated over a larger area; data is relatively scarce and appears late in the 
science process, with a lot of the scientific effort being located in the planning stages. Sampling and 
analyzing soil samples is relatively expensive, so sample numbers are usually kept low. For example, 
a typical analysis of soil fertility for a large hill country farm would include taking three transects of 27 
soil samples each. The analysis would be carried out on the aggregated samples from each of the 
three transects. The reason 27 core samples are used is that soil nutrient data from this type of 
source is tremendously noisy. However, any more than three transects over a 3,000ha hill country 
farm would be considered a generous number of samples given the cost, time and effort required to 
collect them.  The airborne hyperspectral imaging sensor AisaFENIX has a pixel size of 
approximately 1 metre at 600m sampling altitude. The system can capture 30 million measurements 
in less than two hours, see Figure 3 (SPECIM, 2016). Importantly, not only are there substantially 
more geo-referenced sample points per hectare, this data is also multi-layered; so each data location 
yields hundreds of layers over the VIS, NIR and SWIR enabling biochemical analysis for any target 
(ASDInc, 2016). We call this ‘data superabundance’. 
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Figure 3: The new data economy for pasture nutrient testing. 

 

While this area of research is in its infancy, we suspect that some data-rich PA tools may be more 
likely to generate surplus science than others. The identification of technologies that are conducive to 
surplus science production may help researchers adapt their science process, and project resourcing 
and structure to optimize the extraction of value from data. 

Translating data into value 
While the study shed light on the some of the risks and challenges of the new data economy, some 
of the huge opportunities offered by the nascent data-rich PA technologies were also revealed. 
Observations from the study highlighted that in the structure of the discovery process may differ with 
the new PA technologies. While the NZCPA scientists initially tried to follow the classical, linear 
structure of investigation laid out in the project plan, they were soon forced to use a cyclical, iterative 
approach, akin to that used in the field of data science in order to translate the superabundant data 
into valuable knowledge (Pfister & Blitzstein, 2013). It was discovered that the original data set may 
be re-used to answer new research questions encountered along the way. In terms of PA data, the 
spectral and spatial resolution of data, along with the volume, complexity and velocity are likely to 
determine the potential value of data for use in other applications.  

Surplus Science 
A key observation from the study was that new ideas for re-purposing the HSI data began to emerge 
with unusual frequency from the NZCPA team. It was identified that a single HSI data collection 
event not only provides the data used to predict levels of nutrients related to growth, but the data 
carries information that can be re-used to solve more than the pre-determined problem. While the 
team had some experience of data-mining, re-analyzing data from a live project to propose and 
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answer new research questions was unchartered territory for the NZCPA team. We called the 
science generated using these data analyses, ‘surplus science’.  

One of the new research questions that arose was whether other minerals such as copper could be 
modelled from the data. Historically, this opportunity may be perceived negatively as project creep 
and scope control would have been used to limit the science resource needed because sampling 
was time-consuming and expensive (Huberty, 2015). However, in the Pioneering to Precision project 
where data could be re-used, farmers were asked if the line of enquiry was worth pursuing early in 
the product-development life cycle (Katila, 2003). Responses indicated that the copper map was 
valuable as farmers were supplementing stock without fully understanding the copper status of their 
property; importantly, the information was useful from an animal health perspective. A member of the 
NZCPA team contacted a Massey University colleague in the field of animal health who provided 
valuable insight and confirmed that the potential to map copper concentrations in plant tissue was 
indeed of significant value. The veterinarian also proposed a third research question which meant the 
data was re-used yet again; this time to investigate if an antagonistic relationship between copper 
and molybdenum could be identified in the data, which was obtained and validated using the 
calibration samples from the original study. In the end, the original data was used to answer three 
important and valuable research questions, see figure 4. The bricolage-like approach (Yule and 
Wood, 2014) demonstrated that the repurposing of data could be routinely treated as a source of 
value, not as a risk to be avoided or minimized. 

In addition, the surplus science is unlikely to have been discovered were it not for the collaboration 
with not only potential end-users but also scientists from other fields. If traditional experimental 
methods had been employed then in order to measure copper a further experiment would have had 
to been proposed, developed and funded separately.  

  
Figure 4: The iterative, cyclical science process used to generate additional value from a hyperspectral imaging project (surplus 

science) 



Proceedings of the 13th International Conference on Precision Agriculture 
July 31 – August 3, 2016, St. Louis, Missouri, USA Page 8 

Scientific Division of Labor 
In addition to modifying the scientific process, observations of the NZCPA scientists also highlighted 
the shift in the scientific division of labor needed to translate the data into value. The traditional 
epistemology sees the final outcome and end of scientific activity at the early stages of the science 
process (Popper, 1962). A key observation of the NZCPA team was that they adapted the scientific 
division of labor to meet the challenge of working in the new data economy by employing more data 
programming, computer science and statistical analytical skills in the team than initially planned. 

 

In addition to changes in the internal division of scientific labor, the NZCPA scientists networked 
beyond the end-user frame by socializing the science with a heterogeneous group from other fields 
to identify new opportunities and refine unexpected value from the versatile data sets. This conflicts 
with the linear manner in which the initial project was set up and raised questions regarding the 
ownership of intellectual property generated by the re-use of the original data set.  This approach 
also conflicts with the approach that many Universities and research organisations take to fund and 
structure their PA research and development teams, i.e. somewhat isolated, homogeneous teams. 
Based on the observations of the study, we suggest that continuing to work in specialist PA teams 
may result in a widening gap between information and knowledge and there is a risk of missing out 
on value generated from surplus science. 

 

Conclusion 
A new wave of technologies producing a new data economy has the potential to disrupt research and 
development in Precision Agriculture. The new data economy means that Precision Agriculture 
Scientists are tasked with finding new ways of striking value from inexpensive, superabundant, 
versatile data that arrives early in the scientific process. The study of the NZCPA team indicates the 
new data economy may have complex and far-reaching implications for PA research and the 
science-making teams behind it.  Understanding the data characteristics of new PA technologies will 
help PA researchers to adjust their science-making process and resourcing to accommodate the new 
data economy and to optimize the value generated from the technologies. Importantly, it is unlikely 
that all new PA technologies will have the same data characteristics; we need to understand how 
representative HSI is of emerging PA technologies and to taxonomize nascent technologies in terms 
of the new data economy. 
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