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Yield gap analysis assesses the difference between actual crop yield and simulated potential yield
to derive insights into factors limiting crop production. The National Paddocks Survey project
(NPS) used Precision Agriculture (PA) protocols to determine actual yields for 250 paddocks
across Australia, monitored over four years. Where adequate data were available, yield maps
were generated from GPS-linked data logged by yield monitors installed on harvesters. A semiautomated workflow was developed to process the large quantity of data involved.

The National Paddock Survey
The NPS project sought to identify major constraints to broadacre crop production in different regions and on different soil types across Australia. Detailed agronomic
monitoring of 250 paddocks was undertaken by farm consultants over a four year period (2015 – 2018). Yield maps were a key step in the analysis aimed at generating insights
into the drivers of yield gaps. Although many farmers have yield monitors, due to analytical challenges, only about 50% generate yield maps (Bramley & Ouzman, 2018). To
obtain yield maps for the project, we developed a workflow to process raw yield monitor data using standard protocols.

Workflow
Implementation
The aim was to implement a fully-automated
Python workflow to convert raw GPS-linked yield
point data into interpolated maps. The Python
code used open source geospatial libraries (e.g.
GDAL/OGR, fiona, shapely).
The workflow (Figure 1) implemented a wellestablished PA protocol (Bramley & Williams
2001). The key inputs are a raw yield monitor data
file, a boundary file of the paddock, and an overall
harvested tonnage. However, in many cases these
were challenging for the consultants to obtain.
To overcome some of these challenges, the
workflow included a module to identify and
handle different yield monitor data file types;
automatic generation of paddock boundaries; and
error tracking to monitor the processing status
and record errors.

Outcomes
Over 600 yield maps were generated with input
files averaging 75,000 GPS-linked data points
(some over 1,000,000 points). Despite our aim to
fully-automate the processing, data availability,
Figure 1: An overview of the project workflow. An externally hosted website and database (top) facilitated the capture of paddock data from the consultants. The Python workflow
quality and diversity issues meant that interaction
(purple boxes) downloaded and processed the supplied data, and uploaded map layouts for review and rating by the consultants.
with the consultants was often essential (Figure
1). The error tracking capability enabled timely and focussed interactions. The semiautomated process produced yield maps quickly and robustly, but a manual review and
rating by the consultants was essential for ensuring map quality. At the end of the
The Python workflow made an essential contribution to generating valuable
project, 89% of the final maps were rated as ‘OK’ or ‘Excellent’. Yield maps provided
information about crop productivity, with implications for broadacre crop
valuable information to the project, and to the farmers and consultants involved in the
production nationally.
project.
Our initial aim was to fully automate the process, but the diverse forms and
Impact through an eRCP
quality of data received meant that a semi-automated process achieved better
outcomes. A manual quality control check of each map was essential.
Through an e-Research Collaboration Project (eRCP) with CSIRO IM&T, parts of the
workflow code developed have been further developed and released as an open source
Code developed for the project has a legacy in the open source pyprecag Python
library for PA data analysis, pyprecag (Ratcliff et al. 2019).
library, making it easier for others to implement automated PA data processing.

Conclusions
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