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The research presented in this report was possible because of the existence of
extensive datasets containing the results of many years of fine-resolution fieldwork.
The modelling processes would have been mere conjecture without data on
groundwater, streamflow, crop yield and soil type, while neural machine translation
can only function when previously existing texts are available, painstakingly translated
by multilingual experts in technical language. Artificial intelligence enhances human

intelligence, it does not replace it.

- Dr Michael Silberbauer (5 December 2023)
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Executive Summary

Motivation

South Africa (SA) is facing mounting water scarcity, infrastructure, and pollution challenges. Southern Africa has
been identified as one of the most vulnerable regions in the world to anthropogenic climate change and faces
increased temperatures, droughts, and more intensive rainfall and floods. In the current Fourth Industrial
Revolution (4IR) era of rapidly evolving technology, the need for not only a data repository but also a cloud-based
platform that can enable big data processing and analytics, artificial intelligence (Al) applications, and data
visualisation was recognised by the Water Research Commission (WRC). The Water Research Observatory

(WRO) has now been developed to harness 4IR tools in support of water research and management in SA.
WRO Platform

The following document reports on the design of the WRO platform, including data storage architecture, metadata
requirements and the data access management system. An open-source data portal, Comprehensive Knowledge
Archive Network (CKAN), was selected for the user interface (data uploading and discovery), and the Google Cloud
Platform (GCP) for data asset storage and various applications of the data. The system is interoperable with

numerous other commercial cloud platforms such as Microsoft Azure, Amazon Web Services, and IBM Cloud.
Metadata

Metadata is information about data, and is essential for making data FAIR - Findable, Accessible, Interoperable
and Reusable. In designing the metadata capture form, careful attention was paid to SANS (South African National
Standard) 1878 and ISO (International Organization for Standardization) 19115/19139 and 19115-1/2 standards.
The metadata required for a user to upload data assets are: (1) Dataset title, (2) Author details, (3) Contact person
details, (4) Dataset description (max 500 words), (5) Organisation, (6) Private/Public, (7) Recommended citation,
(8) Organization/Publisher, (9) Publication date, (10), Project number, (11) License (under which data is to be
released, e.g. CC 4.0), (12) Keywords, (13) Geographic co-ordinates (14) Data reference dates, (15) Alternate
identifier, and (16) Vertical extent data. The WRO user manual in the form of a WRC technology transfer document

can be consulted for more information on the metadata required and how to use the platform.

Additional selections are made by the user when uploading data to enable a unique structured storage system in
the GCP bucket named WRC-WRO. According to this storage architecture the user first selects the ‘Topic category’
under which the dataset falls (e.g. Agriculture, Biodiversity, Groundwater, Food Security, Wetlands, etc.), whether
the data are structured, semi-structured or unstructured, the extent to which the data have been processed (Raw,
Still being processed, Refined, Access), and the temporal nature of the data (Time series, Static, Both). This will
enable future users to also search for data within the GCP storage bucket by navigating to the folder of interest

and being able to preview the data.



Digitisation of historical information

New and improved software are enabling the efficient digitisation of historical research, such as old pdf research
files that were written on typewriters decades ago. Making these documents machine readable allows the more
granular search for relevant information thereby increasing researcher efficiency. It can also allow the application
of artificial intelligence tools at previously unimaginable levels such as was seen with the launch of Chat-GPT the
lifespan of this project. Several machine learning (ML) tools were tested to convert WRC final report pdfs to
machine readable text, but most proved to be very expensive and often inaccurate. In the end Google Docs was
used to convert a test batch of 200 final report pdfs to doc format, which are machine readable. It has been
demonstrated that searching these machine-readable documents can find useful information faster by not only
identifying relevant documents but also the places within the documents that contain the information being sought.
It is recommended that all WRC documents be converted so they can be searched in this way, and that a ‘WRC

research-GPT' model be built to better harness the value of previous research and improve research efficiency.
Access management

For access management, data that is uploaded to the WRO can be made available to the public or can be private
to (1) an individual, (2) an organisation, or (3) to a group comprising selected individuals and/or organisations. An
individual, organisation or group may want to keep data private, for example, if there are still documents such as
scientific articles that need to be published before release of the data, or if an embargo has been placed on the
dataset’s release. Funders can then be assured that the data has been uploaded to a suitable and sustainable
repository and has a unique URL (Uniform Resource Locator). In all cases, it will be especially important to comply
with the Protection of Personal Information Act (Act 4 of 2013) (often called the POPI Act or POPIA). If a data asset
does contain potentially sensitive information, an option is to just upload the metadata for the dataset onto the
WRO, and then interested parties can email the contact person to request the data and sharing arrangements

made between the two entities.

Any new users who register need to first be added to an organisation. Due to the wide array of potential data
contributors, the WRO will use organisations to assist with managing the platform by holding their employees
accountable for responsible use of the WRO. To this end, each organisation actively using the platform will need

to appoint an administrator.
WRC research project archiving protocol

Recommendations have now been made regarding a protocol for current and future WRC research projects to
archive important data assets and other information collected in the WRO for subsequent use by others. The
platform is not intended to be for only WRC project research, however, and other water data and information that
is relevant may also be uploaded onto the platform. It is noted that research projects and other activities conducted

or funded by, for example, the Department of Water and Sanitation (DWS), the Department of Agriculture, Land
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Reform and Rural Development, the Department of Science and Innovation, and many other institutions also

produce data assets that are suitable for uploading onto the WRO.
Estimating groundwater levels using remote sensing and machine learning

The innovative use of remotely sensed data to address gaps in in sifu groundwater measurements was
investigated. Monthly estimates of groundwater storage anomalies (GWSA) at a resolution of 0.25°, assimilating
Gravity Recovery and Climate Experiment (GRACE) measurements through the Global Land Data Assimilation
System Version 2.2 (GLDAS-2.2) were studied. The hypothesis was that two open-source, higher-resolution
datasets, namely Climate Hazards Group InfraRed Precipitation with Station (CHIRPS) for precipitation and
Moderate Resolution Imaging Spectroradiometer (MODIS) for evapotranspiration (ET), could effectively be used
downscale GLDAS-2.2 GWSA to 0.05°. To test this hypothesis, a random forest (RF) model was trained and tested
across the Steenkoppies Catchment in SA. Additional experiments incorporating optimizing temporal lags
estimated using machine learning (ML) demonstrated enhanced model performance. The intergranular and
fractured aquifer achieved the highest correlation coefficient (r) and the lowest Root Mean Square Error (RMSE)
and Mean Absolute Error (MAE) values at 0.62, 43 mm, and 33 mm, respectively. This downscaled GWSA product
holds significant potential for informing IWRM, especially in situations where groundwater data is limited. These
high-resolution GWS estimates, comparable to borehole observations, are also valuable for estimating aquifer

recharge and the impacts of climate change on groundwater.
Predicting streamflow using machine learning

Understanding how much water is flowing in our rivers is essential for managing water resources effectively. There
is a growing concern globally because the number of active measurement stations is decreasing, with an estimated
two-thirds no longer operating or in decline. Deep learning (a type of ML) techniques, like Gated Recurrent Unit
(GRU) and Long Short-Term Memory (LSTM) networks, show promise in estimating streamflow but their use in
SA has not been well explored. This study tested the use of GRU and LSTM networks to predict river flow in two
specific areas of the Steelpoort River in SA. The models used combinations of rainfall, temperature, and past river
flow rates to make predictions. Using data from commercial weather stations produced dependable predictions,
while using freely available gridded weather data resulted in only moderately accurate predictions. This approach
shows excellent potential for both long-term data gap filling in streamflow records and for short term daily time-
step forecasts, which could be beneficial for flood risk management and planning purposes. Look back windows

of 10 to 30 days were found to be suitable for achieving accurate predictions with both GRU and LSTM models.
Application of machine learning in precision agriculture

The application of ML in predicting maize yield in a precision agriculture-managed commercial field was assessed.
Different ML models were evaluated using Data Intensive Farm Management (DIFM) datasets. Additionally, the
research aimed to investigate the potential of ML models to identify limiting factors and determine optimal input

rates in a spatially variable field. Conducted in Henneman, Free State, the study utilized data from an 80 ha
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commercial field for the 2019/2020 and 2020/2021 seasons. Four ML models — multiple linear regression (MLR),
multilayer perceptron, decision tree (DT), and random forest (RF) — were trained and tested using crop
management, soil, and remotely sensed data. Results showed a complex relationship between maize yield and
various environmental attributes for the two seasons. The RF model consistently outperformed other models in
sub-field yield predictions. Urea application was identified as the most critical variable across all scenarios, with its
importance varying based on seasonal rainfall. Other influential factors included soil phosphorus, plant population,
soil pH, clay content, sodium (in 2020) and plant population (in 2021). The research highlighted the importance of
considering temporal and spatial variations in environmental factors for accurate ML models in agricultural
systems. The study underscored the potential of RF models for accurate yield predictions in SA and emphasized
the need to adapt and train ML with diverse weather, soil, and the environment variables to further increase

accuracy.
Translation of farming guidelines from English to isiZulu, isiXhosa, and Sepedi

The WRC, ARC and various national and provincial government departments possess various farming guideline
documentation in English, with limited translations into native languages like isiZulu, isiXhosa, and Sepedi. These
languages are often spoken by smallholder farmers in specific regions. While these guidelines could significantly
benefit farmers, language barriers hinder comprehension, particularly impacting smallholders who may struggle
with English. Given climate change and evolving farming techniques, access to this information is crucial for
effective farm management and increased yields. To address this, a study used a bilingual corpus (a collection of
parallel texts or linguistic data in two languages) and Transformer models to achieve machine translation through
natural language processing. Positive preliminary results were achieved, though Sepedi presented challenges due
to loanwords from English affecting translation quality. Future work should involve obtaining more translated texts
for agriculture, refining the translation models, and evaluating translation quality using suitable metrics. The transfer
learning technique demonstrated potential for translating with limited data, offering promise for further applications

in this domain.
Digital soil maps for South Africa

While there is an ever-increasing amount of earth surface measurement data being made freely available for water
resources research and management, reliable high-quality soil maps remain a challenge in big data applications.
In addition to the Agricultural Research Council's Land Type soil maps, several digital soil maps (DSMs) have been
made available for SA but are of unknown accuracy. Five DSMs [SWAT-SA, Innovative Solutions for Decision
Agriculture (iISDA), Africa SoilGrids 250m (AfSG250), Harmonised World Soil Database version 1.2 (HWSD), and
SoilGrids-for-DSSAT-10 km (SG-DSSAT)] were tested using measured data from across SA within the context of
obtaining reliable soil parameters to run crop and hydrological models. The study found that globally or
continentally created DSMs often lose effectiveness in the diverse SA escarpment. This underscores the need to
assess site-specific map accuracy before use, and highlights the importance of developing or refining locally

tailored DSMs for SA. Despite associated errors, DSMs have proven valuable in enhancing soil surveys with
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incomplete data, particularly in data-scarce regions like SA. Using a combination of DSMs is currently
recommended: clay data from AfSG250, silt data from SWAT-SA, SOC from SG-DSSAT, bulk density for 0-0.3m
from SWAT-SA and AfSG250 estimates for 0.3-1.0m, and pH information from iSDA.

User Manual

A separate Water Research Observatory User Manual accompanies this report, and the latest version can be

downloaded at https://www.waterresearchobservatory.org/.
WRO management needs

Recommendations have been made for the future management of the WRO. Human capital resources will be
needed to manage the administrative tasks such as adding newly registered users to organisations, managing
groups, monitoring costs and overseeing the regular software updates. Ensuring compliance with SA legislation
will also be important. The maintenance of the platform will either need to be provided in-house or outsourced to
an information technology service provider. It is noted that the DWS is currently undergoing a digitalisation

transition.
Capacity building

One honours student, one masters student, and three PhD students were directly involved and financially
supported in this project. An ARC intern was also trained as well as multiple workshop attendees. In total three
scientific publications have been submitted, five presentations given at national conferences, three presentations
at international conferences, and one poster at national and another poster at an international conference. Two
popular press articles and one interview for an international media outlet were also done. Four invited presentations

were given on the WRO.
Outlook for the WRO

The long-term success of the WRO will be intricately linked to the quality of the data assets and models added,
and this will require meticulously captured metadata and a well-designed curation system. A suitable method for

the scientific community to rate the quality of the data should also be explored.

The prospect of having all previous water research material in machine readable formats, combined with data such
as that from traditional research, citizen science, internet of things and social media posts could revolutionise the
information available to improve water resource management. The WRO will complement other national and global

initiatives of this nature.

In the next phase of the project, it is suggested that meetings be held regularly with other institutions with similar

platforms or intentions to create similar platforms to explore ways to ensure interoperability as well as cost savings.



Steady investment will be needed to keep advancing the WRO with technological developments in the 4IR and

beyond.
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1. Introduction

Michael van der Laan, Cindy Viviers, Simphiwe Maseko, Christiaan Schutte, Aimee Thomson, Pitso Khoboko,
Michael Silberbauer, Jay le Roux, Leushantha Mudaly, Harold Weepener, Gerrit Hoogenboom, Srinivasan
Raghavan, Richard Kunz, David Clark

South Africa (SA) is facing major water challenges in the form of increasing water scarcity and a declining quality
of the resource. Data for water resources management is being collected at unprecedented levels, but our ability
to store and analyse the data and to gain actionable information is lagging far behind. Big data refers to large data
volumes from heterogenous sources that are growing exponentially over time, and often cannot be analysed using
conventional techniques. The potential of combining different types of data to gain deeper insights could be
extremely useful in Integrated Water Resource Management (IWRM) and Water-Energy-Food-Ecosystems

(WEFE) Nexus decision making.

Recognising the need to not only archive the data collected and digital assets produced during Water Research
Commission (WRC)-funded research projects, but also to allow the more widespread storage and application of
water-related data in SA, a project was commissioned to build a big data platform called the Water Research
Observatory (WRO). In this final report together with the WRO User Manual, the authors report on the design of

the platform, including the data storage architecture, metadata standards and data access management system.

There have been two guiding principles in the development of the WRO. The first was ‘data democratisation’, which
refers to the accessibility of digital information to the average end-user. It entails empowering non-specialists to
independently gather and analyse data without the need for external assistance. The second guiding principle was
‘inter-operability’, which refers to the ability of computerised systems to connect and communicate with one another

readily.

1.1. Report outline

Following this first introductory section, in Section 2, an overview of the WRO is provided, including the digital
platforms used to build it, metadata requirements, data storage and taxonomy information, and a proposed protocol
for archiving data from completed WRC projects. Important aspects to ensure WRO continuity are lastly discussed.
In Section 3, Viviers and co-authors explored how remotely sensed groundwater storage estimates can be
downscaled to a high resolution using open-source rainfall and ET data in Google Earth Engine. In Section 4,
Schutte and co-authors investigated whether Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU)
networks could be developed in South Africa, a country which is currently experiencing a decline in streamflow
measurements, to generate reliable streamflow estimations for predictive and data gap filling purposes. The
second aim investigated whether freely available gridded weather data could be used as input to the models to

produce reasonably accurate streamflow estimates. Section 5 discusses how Maseko and co-authors investigated



the use of big data analytics in precision agriculture by evaluating machine learning approaches for subfield yield
predictions using DIFM datasets. In Section 6, Thomson and co-authors investigated the accuracy of several
digital soil maps (DSMs) in a South African context by comparing DSM-estimated and measured values for clay,
silt, soil organic carbon (SOC), pH, and bulk density. In Section 7, Khoboko and co-authors experimented on
creating a neural machine translation model (NMT) that can translated agricultural information from English to
native South African languages. In efforts of translating bring new agricultural research to South African small-

scale farmers in their home languages.

1.2. Background

Heterogeneous potentially useful data include, physically measured hydrological data such as rainfall, streamflow,
and groundwater levels and quality, imagery and derived outputs from satellite and unmanned aerial vehicle (UAV)
based sensors, information from agricultural and industrial sectors, municipal records, as well as emerging sources
like internet of things (IoT) and social media data. Additionally, large amounts of data are also being generated by

predictive models, including those focused on climate change analysis and prediction.

If access to adequate computer storage and processing capabilities are available, big data can be analysed using
artificial intelligence (Al), for example, to reveal trends and associations and inform decision-making. Application
of big data in environmental and agricultural management is lagging far behind business intelligence (Sun and
Scanlon, 2019). The application of data-intensive farming has been estimated to increase global profits from crops
by tens of billions of US dollars each year (Kamilaris et al., 2017). Machine Learning (ML) is a component of Al,
where algorithms learn unapparent relationships from large training datasets (Huntingford et al., 2019). A ML model
can be descriptive (gaining knowledge from collected data and describing what had happened) or predictive
(making predictions for the future) depending on the research problem (Van Klompenburg et al., 2020). As an
example, ML-based groundwater models provide an alternative to physics-based numerical process models and

use strongly correlated physical parameters as input variables (Gaffoor et al., 2020; Kanda et al., 2018).

Supervised ML uses labelled datasets (input-output pairs) to train models using an appropriate learning algorithm
(such as neural networks) that typically works through some optimization routine to minimise a loss or errors
function (DeepAl, 2021). The ‘loss’ or ‘error’ refers to the average squared difference between the estimated values
and the actual value. Land cover classification is a simple example. On the other hand, unsupervised ML learns
patterns from untagged data with the objective of identifying underlying structures or distribution in the data without
prior labels or groups. ML algorithms primarily use structured, labelled data to make predictions; generally, the
unstructured data used requires some pre-processing to organise it into a structured format. DL on the other hand

eliminates some of the data pre-processing required for ML (IBM, 2020).

Deep Learning (DL), also known as deep neural learning or deep neural network;, is a type of ML in Al (DeepAl,
2021). DL is different from classical ML with consideration to the type of data it processes and the methods in

which it learns (IBM, 2020). DL is an Al technique that has been shown to better exploit spatial and temporal



structures in earth data, compared to traditional ML methods (Reichstein, 2019). DL is essentially a neural network
with three or more layers. As appose to organizing data to run through predefined equations, deep learning sets
up basic parameters about the data and trains the computer to learn on its own by recognizing patterns using many

layers of processing (IBM, 2020).

That said, there lies challenges in managing and analysing diverse datasets which require advanced technological
proficiency. Additionally, extracting valuable scientific insights for decision-making from these datasets involve
expertise from specialists in relevant scientific or environmental domains. Hence either computer scientists must
increasingly integrate environmental skills or environmental scientists must upskill in advanced computational
abilities. Because of this, mainstream cloud companies like Google, Amazon, Microsoft, IBM and more have
focused on enabling non-data experts to find and utilise data through the Fourth Industrial Revolution (4IR)
proliferation by developing interfaces to visualise and process heterogeneous data. All around the world including
SA, a wide range of software and databases have been used to store, process and access data. Selection of
databases was driven by factors such as cost, existing institutional licences, user needs, and in-house information
technology (IT) skills, capacity and familiarity. As a result, important water-related data is hosted on a range of
systems, including Microsoft Access and SQL Server, Oracle, MySQL, PostgreSQL, SAP HANA, MongoDB, IBM
Db2, and Firebird.

The current challenge is to migrate these databases to one or more centralised cloud platform when it makes
sense, and to integrate these different sources of data and information for the more efficient, holistic and

sustainable management of South Africa’s water resource.



2. Overview of the Water Research Observatory and management
recommendations

Michael van der Laan, Cindy Viviers, Simphiwe Maseko, Christiaan Schutte, Aimee Thomson, Pitso Khoboko,
Michael Silberbauer, Jay le Roux, Leushantha Mudaly, Harold Weepener, Gerrit Hoogenboom, Srinivasan
Raghavan, Richard Kunz, David Clark

2.1. The building blocks of the WRO

During the first phase of the project, meetings were held with various important stakeholders in the SA water
industry to gauge what platforms were being used at that time and collect recommendations and lessons learnt

from other groups.

The project team reviewed many high-quality big data cloud platforms available, including Amazon Web Services,
Microsoft Azure, Oracle, IBM, Hydroshare, ERDAS APOLLO and ArcGIS Online. The pricing for these cloud
systems is complex and depends on factors such as volume of data and region stored in, frequency of access,
and processing power required during analytics. Based on this review and online discussion with key stakeholders,
the team selected the Google Cloud Platform (GCP) as the main cloud platform for the WRO. Data will still be
accessible for import and application in other platforms for user-specific needs, and the system can be migrated

to another platform in the future if required.

The following criteria were of key importance to the selection of the GCP: The GCP is highly compatible with
Google Earth Engine (GEE) which is increasingly applied for environment analysis applications. Transient satellite
imagery and other important baseline datasets are accessible through GEE. In addition to making provision for the
use of popular programming languages such as Java and Python, the GCP also accommodates ‘no-code’ tools.
The GCP provides an ‘end-to-end’ platform for data science and ML for multiple skill levels through cloud or virtual
processing, allowing stakeholders with limited computer hardware resources to run big data analytics. The GCP
accommodates various open-source ML frameworks, continually contributed to by data scientists and computer
engineers worldwide. The GCP is perceived as highly secure and low risk, while being highly interoperable with
other cloud platforms. The GCP utilises a ‘pay as you go system’ based on the resource quantity used, although
special offers are available for ‘environmental’ cases, for example, the free storage of baseline datasets. Google

Cloud Platform and GEE training and illustration material are available in abundance, including YouTube videos.
CKAN

The Comprehensive Knowledge Archive Network (CKAN) is an open-source data management system that is
widely used by governments, organizations, and communities around the world to manage and share datasets

(https:/idocs.ckan.orglen/2.9/, 27 November 2023). CKAN provides a web-based interface for managing data, as


https://docs.ckan.org/en/2.9/

well as APIs that allow users to interact with the system programmatically. CKAN is designed to power data hubs
and portals, and facilitates the worldwide publication, sharing, and use of data. CKAN's codebase is maintained
by the Open Knowledge Foundation (https://en.wikipedia.org/wiki/CKAN, accessed 27 November 2023). Since it
is free yet well supported, its selection is expected to lead to long term savings in hosting the WRO. There is
extensive documentation and support available on the internet regarding the platform, and programmers can learn

the operating system relatively quickly.

Users can discover data and information using search terms, and the platform uses fuzzy logic to identify and rank
the data and information It is also possible to indicate the geographic region of interest on a map and all the data
available for the point or polygon will appear in the results. Additionally, it is also possible to preview data and

create simple data visualization dashboards within CKAN.
Metadata
The WRO data repository is located at https://data.waterresearchobservatory.org.

Metadata is captured according to ISO 19115/19139 and SANS 1878 standards and datasets can be kept private
to an individual, organisation or group of individuals from different organisations, or a group of different

organisations. For more information on metadata, please see the WRO User Manual.
Google Cloud Platform

The GCP presents a high-performance infrastructure for cloud computing, data analytics and ML, and offers
elevated levels of security and reliability. Code can be written in multiple languages, including Java, C++, Python,
Go and Ruby. Diverse types of storage systems are available, depending on factors such as the volume of data
stored, access frequency, and speed of access. These factors also largely determine the cost of using the platform

to store data.

A major advantage to the SA scientific community offered by cloud computing is that operators can use virtual
machines (VMs) that run on other servers, meaning that even people with a standard computer and internet
connection are able to perform big data analytics. The GCP is highly interoperable with other cloud computing and
storage platforms, and data sharing with a wide range of stakeholders, including those using other software

platforms, is envisaged.

The first storage ‘bucket’ has been created within the WRO GCP. It is a basic container to store data and control
access. Unlike directories and folders, a user cannot create other buckets within the main bucket. As the project
evolves and more data gets stored, the management structure and access, and editing permissions, of different
buckets within the WRO ‘Data Lake’ will be carefully described.


https://en.wikipedia.org/wiki/CKAN

Data storage and taxonomy

The entire WRO data repository is called a ‘data lake’. Data can be uploaded in structured, semi-structured and

unstructured formats.

Structured data is clearly labelled and in a standardised format, for example, a daily weather data table containing
the variables date, rainfall, and maximum and minimum temperature in separate columns. Semi-structured data
does not fully conform to the tabular format of structured data, but may contain tags or markers identifying
properties to arrange it into an organisational framework. Unstructured data cannot be stored in relational
databases and is often stored in its raw format, such as photographs of rivers or social media posts. In the GCP,
a project labelled ‘wrc-wro’ represents the lake. Users may request to join the WRO GCP project, and upload their
data according to recommendations where it will become citable and discoverable. Users may also choose to have
their own ‘data warehouse’ within the WRO, or can establish their own external cloud platform that can interoperate
with the WRO.

The organisation of data and information is made more understandable using a hierarchical structure of folders,
and sub-folders can be nested up to 10 levels deep. Different ‘roles’ (owner, editor, viewer, administrator, curator)
and levels of accessibility can be granted to different users. The proposed approach for water data organisation
makes use of themes as proposed in Table 1. More themes can be added as needed, and existing themes can be
divided into sub-themes, for example, agriculture can be further divided into aquaculture, crops and livestock and

so on. Data that cuts across themes can be stored in the most suitable folder, as judged by the provider.

Table 1: Proposed themes or topic categories under which relevant data and information will be stored in the Water Research

Observatory
Agriculture Floods Streamflow
Biodiversity Food security Transboundary water
Citizen Science Groundwater Water quality
Dam level Hydrological data & modelling Water scarcity
Drought Legislation Water user associations
Economics Marine water Weather & climate data
Ecosystems Mine water Wetlands
Estuaries Social

Within each theme (Table 1) there will be structured, semi-structured and unstructured data sub-folders; within
each of these folders will be ‘raw’, ‘refined’, ‘processing’ and ‘access’ zones. Finally, within each of these zones
will be static and time series data sub-folders. Static data comprises datasets that do not change frequently (if
ever) over time, for example, SA geology maps. Time series data comprises data that changes frequently. For
example, streamflow and water quality measurements for a particular Department of Water and Sanitation (DWS)

station in SA, to which recent data is continually added or where values of a certain constituent concentration may
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1.

be backcalibrated. The WRO will have a ‘transient loading’ folder for data being uploaded and still being checked
by the user. Best practices will be recommended to partners uploading data to ensure the sustainability of the

platform.

2.2. Proposed data archiving protocol for future WRC projects

To ensure efficient data archiving for future WRC projects within the WRO, a well-defined data archiving protocol
should be established. This protocol will outline the procedures and guidelines for storing, organizing, and
accessing data, models, and information on the WRO. The recommendations for data archiving for existing and

future WRC projects are as follows:

Future project proposal should already include a brief description of how data will be archived and made available
for future researchers (considered prior to archiving, an item for validating and verifying the accuracy,
completeness, and integrity of the data to ensure its reliability for future researchers).

The project contract should bind the hosting institution and project leader to uploading the data before the final
contract amount (20% of total budget) is paid out.

Depending on the nature of the project, all research output should be archived. Research output encompasses the
broad range of materials produced during the research process, including raw data, processed data, experimental
results, analytical models, software code, algorithms, and documentation. A concern here is digitally large outputs
due to the cost of storage (link to point on cold storage below).

Encourage the use of open and standard data formats to maximize interoperability and ease of data integration.
Provide guidelines (WRO User upload document?) and resources for researchers to convert their data into
appropriate formats and ensure proper documentation of data formats used.

Depending on the nature of the research outputs, the files can be stored in a single zipped folder, or as a single
dataset. The first option may be more straightforward, but the second option will be preferential for important
standalone outputs/datasets that should be made FAIR (Findable, Accessible, Interoperable and Reusable).

If the research team would like to propose that any outputs are not stored in the cloud, this should be approved by
the Reference Group.

The research outputs should be archived under the organisation that was the host institution and signatory of the
contract of the WRC project.

Metadata must be recorded as meticulously as possible to ensure the data is FAIR.

Even after the WRC research project has come to an end contractually, researchers should continue to upload
any outputs that have been generated or refined.

Uploaders of research outputs should familiarise themselves with the Protection of Personal Information Act 4 of
2013 (POPI Act) (https://www.gov.za/documents/protection-personal-information-act) and ensure they are not
breaking the law. Some way to handle personal information is to anonymise or aggregate the data.

For datasets containing sensitive or personal information, the option exists to only upload the metadata. People

interested in the data can then approach the contact person for private access to the data.


https://www.gov.za/documents/protection-personal-information-act

12.

Itis possible for an individual or organisation to store their data in the own cloud for which they cover the fees and
then to link relevant data to the WRO.

Each organisation that stores data on the WRO platform will need to appoint an Administrator. This person / These
persons are responsible for approving other members within the organisation as either an Editor or Member.
Editors can edit metadata and upload and download files, while members can only view metadata and download

files. The Administrator must therefore be someone well-trusted by the organisation.

The following aspects should be considered by a wider range of stakeholders regarding the future development
and refinements of the WRO:

A set document format to be used going forward can greatly simplify text scraping. By adhering to a consistent
format, the structure and organization of the document becomes more predictable, promoting the efficiency and
accuracy of text scraping.

A data management policy specifically outlining how data should be organised, documented, and stored throughout
its life cycle including date formats, decimal delimitators, graphic formats, column headings (merging cells should
be avoided and units included with heading) and more.

Whether or not a Digital Object Identifier (DOI) (https://www.doi.org/) should be assigned to each dataset. It may
not be prohibitively expensive, but he main ‘cost’ of using DOIs is not the money, but the administration as the
platform needs to take responsibility for ensuring the integrity of its DOI database and will need to assign a human
resource to that, and they have to work meticulously (Ms Tamsyn Sherwill, personal communication 21 October
2022). Itis noted that the WRO currently assigns a unique URL to each metadata record and dataset, for example,
https://data.waterresearchobservatory.org/metadata-form/a-south-african-national-input-database-to-run-the-
swat-model-in-a-gis-soil-map/resource/10ca242d-f54d-4b09-8ce7-f9d5bb0f127h.

If assigning a DOl is desired, it is noted that CKAN, the open-source data portal that hosts the WRO, does have a
plugin to assist with this matter.

Developing a system to decide what research outputs can be placed in ‘cold storage’, thereby saving monetary
costs in cloud storage. Currently the storage of digital objects in the cloud is also associated with an environmental
impact, primarily through the requirement for electricity and resources needed to build the servers. Consider a data
retention policy that outlines the minimum duration for data retention after project completion. This policy should
consider legal and ethical obligations, as well as the potential value of long-term data preservation for future (links
to point 3 above).

Currently the CKAN platform for uploading and downloading research outputs is only protected using a username
and password. A two-factor authentication system may want to be introduced in the future.

While access to data can be strictly controlled in the CKAN environment, it is more difficult to control when someone
is given access to the GCP storage bucket. A separate bucket for private data may be needed if there were many
users who would like to work in the GCP platform itself.

A committee should be established to oversee the WRO. Such a committee’s responsibilities would include:


https://www.doi.org/
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Overseeing the security of the platform and conducting regular security audits;

Negotiating cloud storage costs with service providers and deciding on contracts to commit to;

Ensuring compliance and governance, including adherence to relevant data protection regulations, institutional
policies, and ethical guidelines. This includes data retention periods and consent management;

Renewal of any contracts with service providers;

Directing the vision and strategy of the WRO, especially with regards to adapting technological advances;
Implementing periodic checks of data redundancy, replication, and integrity;

Regularly review and update supporting documentation and protocols to ensure effectiveness and alignment with
evolving practices. This includes guides that explain the data archiving protocol, including procedures for data

submission, retrieval, and data documentation.

2.3. The Hydrological Model for South Africa (HAMSA)

The HydrologicAl Model for South Africa (HAMSA) has now been developed as part of the WRO project
(https://hamsa.hawgs.tamu.edu/#/). It is based on the Hydrologic and Water Quality System (HAWQS) developed
by Texas A&M who are also providing technical support to HAMSA. Its core modelling engine is the internationally
used Soil and Water Assessment Tool (SWAT) (Arnold et al., 2012, Neitsch et al., 2002). SWAT is a watershed
scale and physically based model, operating on a daily time step and was developed to predict the impact of land
management practices on water, sediment, and agricultural yields in large, complex watersheds over long periods
of time (see Figure 1 for an example of a simulated water balance). HAWQS substantially enhances the usability
of SWAT and allows users to upload, share and run simulations in the cloud, eliminating the need for extensive
processing capabilities and hardware. Various scenarios can be set up and tested using a user-friendly interface,
and the output can be visually compared between two scenarios (Figure 2). HAMSA could potentially be used to
simulate the effects of management practices considering various crops, soils, natural vegetation types, land uses,
and other scenarios for hydrology, as well as for water quality parameters such as sediment, pathogens, nutrients,

biological oxygen demand, dissolved oxygen, pesticides, and water temperature.
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Figure 1: Schematic of an annual water balance for a hydrological response unit (HRU) simulated in the Hydrological Model

for South Africa (HAMSA)
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Figure 2: Interface for the Lower Vaal basin (top) and example of how different scenarios can be compared (bottom)

Regarding the future, IBM is working with Texas A&M in the application of an online HAWQS, as well as Deltares
with their farmer/citizen science water monitoring app. IBM also has an ongoing collaboration with the ARC in
developing a drought early warning system. An agreement has now been established to work with Texas A&M
who already have an IBM Sustainability Accelerator project to combine the hydrological monitoring, water quality
monitoring, and weather forecasting data streams into a centralised digital ecosystem decision support system for
SA. The system is aimed at (a) water resource managers (Department of Water and Sanitation, Catchment
Managements Agencies, municipalities), (b) farmers using weather and water forecasts to guide their operations,
and (c) groups who would like to monitor the quality of their water supply and possibly develop early warning
systems. IBM are providing support until the end of 2024 in the form of cloud infrastructure and IT support to

develop the system.
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2.4. The Decision Support System for Agrotechnology Transfer (DSSAT)

The decision support system for agro-technology transfer (DSSAT) is a Windows-based computer program that
comprises crop simulation models for over 42 crops. The model was established by database management
programmers for soil, weather, crop management and experimental data, by utilities and application programs
(Hoogenboom et al., 2010). The DSSAT model is a multipurpose model that has been applied for the evaluation
of crop development, such as crop phenology, biomass, and yield production (Abedinpour and Sarangi 2018). This
model simulates crop growth and development, including yield, by utilizing a specific dataset that includes
information on crop management, minimum weather data, and soil profile parameters using a set of independent
programs which streamlines the simulation of cropping systems. The DSSAT model has been applied to investigate
improved irrigation water and nitrogen fertiliser management under SA conditions (van der Laan et al., 2011), as
well as numerous other studies on various crops (Jones et al., 2015, Ajilogba and Walker, 2020). It has also been
used extensively in Agricultural Model Intercomparison and Improvement Project (AGMIP) studies to predict the
impact of climate change on crop production, often being best or one of the best performing models during both

step 1 blind and step 2 full calibration (Rosenzweig et al., 2018)

Model application results showed that the model can be accurately calibrated and applied under local conditions if
suitable input and calibration data are available. A major challenge for application in SA has been related to
challenges in obtaining the required input data and preparing it in the correct format to parameterise and run the
model. Researchers have often made use of different data sources and approaches, adding uncertainties to results
and making comparisons difficult. The evaluation of Digital Soil Maps (DSMs) available for SA (see Chapter 6
Digital soil maps for South Africa) has now identified the best sources of data for different parameters when
measured data is not available, for example, in crop suitability studies. A sensitivity analysis by Thomson has also
been conducted to demonstrate the effect of inaccurate parameters on model outputs. DSSAT has also been used
in this project to test the predictive capabilities of the model for maize (Zea mays L.) in a Data Intensive Farm
Management (DIFM) commercial precision agriculture trial (see Chapter 5 Big data analytics in precision
agriculture). In a comparison with a ML approach to predict yield and optimise spatially variable inputs, a clear

advantage of the model is being able to predict yields using forecasted weather data.

2.5. WRO continuity

Systems change over time, so we can expect the WRO to evolve with technological advances and user
requirements. For example, the WRC’s Waterlit Collection was a hard copy-digital catalogue research collection
that lasted for 25 years (1974-1999) (Tempelhoff, 2015), before being superseded by technology that was scarcely
imaginable in 1974. Therefore, some stability in the hosting arrangements is important. This WRO is now an
important part of the WRC corporate strategy, and all WRC Thrusts will support the platform over the next five

years. Much depends on succession planning around key IT positions.
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Important decisions now need to be made on whether to migrate databases to one or more cloud-based systems

or leave the systems in the current format. The rapid advance of technology and potential benefits of migrating to

the cloud, include:

IT resource (e.g. storage, processing power) scalability and being able to pay only for what is needed
leading to cost efficiency,

Advanced and automated maintenance, backup and recovery options,

High levels of interoperability, flexibility and agility,

Can enable higher levels of access and collaboration,

Access to more advanced security measures provided by the service provider,

Enhanced data analytics and machine learning capabilities,

Wider availability of programming skills beyond in-house,

Cloud hosting provides additional resilience to force majeure, for example, climate, conflict and disease,
Environmental sustainability when service providers take measures to physical host servers in ways that

reduce the environmental footprint.

Disadvantages, concerns, and risks in migrating to the cloud include:

Some lack of knowledge and control on where exactly the data is stored,

Data security and privacy concerns relating to data breaches, cyber-attacks,

Compliance issues, for example, data sovereignty laws that inform where the data is stored geographically
in the case of service providers that operate at a global scale,

Contracting is a complex task involving IT, intellectual property, legal and other service involvement.
Contraction termination data and migration options are likely the most difficult parts to negotiate.

Cost management, including unpredictable costs and the need for careful monitoring and management that
is required,

Data transfer costs, including data downloading that exceeds a threshold or for data stored in different, such
as standard access versus ‘cold storage’ that is cheaper to store but may be more expensive to access,
Service provider lock-in when it is difficult to migrate to another platform. This can also lead to reduced
negotiation power,

Steep learning curve for especially older IT specialists who are familiar with legacy systems, and additional
training costs may be incurred,

Less control over cloud infrastructure for specialised applications.

The lists above are not exhaustive, and more challenges and opportunities can be expected as technology

continues to evolve. Itis important for organizations to carefully plan and execute database migrations to the cloud,

considering factors such as data security, compliance, and the specific needs of their applications.
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3. Enhancing the resolution of GRACE-assimilated groundwater storage
anomalies across two aquifer types in the Steenkoppies Catchment

Cindy Viviers, Michael van der Laan, Zaheed Gaffoor and Matthys Dippenaar

3.1. Introduction

A combination of mitigation and adaptation measures are essential to overcome the increasing pressure on global
water resources amidst changing climate conditions (Sen, 2015; Sadath et al., 2023). Decision making for effective
and sustainable groundwater resource management necessitates continuous, accurate and timely information of
aquifer conditions (De Bruin et al., 2023). Groundwater level measurements are the primary information for
evaluating hydrogeologic stresses acting on aquifers (Kenda et al., 2018). In places like South Africa (SA), the
distribution of hydrogeological monitoring stations is, however, inadequate or has decreased over the years, and
where monitoring stations with publicly accessible data are active, the data storage infrastructure and formats are
not standardised, obstructing data retrieval, sharing and integration into resource management (Gaffoor et al.,
2020). The scarcity of reliable data at adequate spatial and temporal resolutions has prompted research into the
viability of remotely sensed data as a potential alternative when high quality in situ data is unavailable (Milewski et
al., 2019; Joseph et al., 2020).

The Gravity Recovery And Climate Experiment (GRACE) mission presented the first opportunity to directly
measure water storage changes from space (https://grace.jpl.nasa.gov/applications /groundwater/ 2015). The
distance between the twin satellites are measured meticulously, and fluctuations are attributed to the variations in
the Earth’s gravitational field, specifically reflecting mass redistribution in the hydrosphere (Swenson and Wahr,
2002). When the influence of mass transports from the ocean, atmosphere and Earth’s interior are excluded, the
temporal gravity field variations over land are primarily ascribed to Terrestrial Water Storage (TWS) change (Feng
et al., 2013; Yan et al., 2022). Terrestrial water storage consists of all water on the land surface and subsurface
combined (Yeh et al., 2006). To isolate a single component from the TWS, such as groundwater storage (GWS),

the other estimated or measured components are subtracted from the total TWS (Feng et al., 2013).

Multiple studies have relied on the 0.25° Global Land Data Assimilation System (GLDAS) products to isolate the
groundwater component from TWS (Alghafli et al., 2023; Strassberg et al., 2007; Feng et al., 2013; Liesch and
Ohmer, 2016; Gaffoor et al., 2022; Ramjeawon et al., 2022). In early 2020, the GLDAS Version 2.2 (GLDAS-2.2)
data products, assimilating GRACE data from the Centre for Space Research (CSR) into the Catchment Land
Surface Model (CLSM) within the NASA Land Information System (LIS), were released. The method involves
incorporating GRACE TWS observations into the model driven by meteorological data using a Kalman smoother

approach to update and enhance the accuracy of forecasted model states (Li et al., 2019; Rui et al., 2022). Li et
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al. (2019) assessed how effectively GRACE Data Assimilation (GRACE-DA) enhances groundwater simulation
across different regions worldwide. Of the African regions analysed in greater depth, Uganda serves as a proximate
case study as the authors do not address SA specifically. For Uganda, the authors found that GRACE-DA
effectively reduced the dynamic range of CLSM-simulated GWS and improved interannual variability. This resulted
in notable root mean square error (RMSE) and correlation improvements when compared to in sifu observations,
affirming that GRACE-DA significantly improved the accuracy of the GWS product, particularly in areas with
substantial recharge. Overall, on a global scale, Li et al. (2019) observed that GRACE-DA improved simulation of
GWS in GLDAS based on data from nearly 4 000 boreholes. Nevertheless, to be useful for local scale applications,

coarse products often require downscaling (Gemitzi et al., 2021).

The primary objective of downscaling is to enhance the spatial resolution of a coarse dataset by integrating high-
resolution information obtained from other sources. This can be achieved using either a dynamical or a statistical
approach. Dynamical downscaling relies on assimilating boundary conditions from regional or global models and
combining data from multiple sources to construct a process-based physical model at higher grid resolutions.
Statistical downscaling is the process of analysing and establishing the empirical relationship between the coarse-
resolution, regional variables and the corresponding more detailed, fine-resolution, local variables observed
simultaneously in historical data. High-resolution, monthly time-series GWS estimates comparable to borehole

observations could have significant benefits for groundwater resource assessments and management in SA.

Statistical methods have been applied extensively in previous studies. For example, using the partial least squares
regression statistical method and assimilating 0.5° water storage datasets from the WaterGAP hydrology model
(WGHM) with precipitation, ET and runoff from other models, Vishwakarma et al. (2021) refined the GRACE TWS
resolution from 3° to a 0.5°. The study demonstrated that the WGHM accurately redistributed water mass spatially
while preserving mass conservation principles and signal amplitude. Yin et al. (2018) presented the correlative
statistical downscaling relation method to downscale GRACE GWS anomalies (GWSA) from 110 to 2 km using
only high-resolution Moderate Resolution Imaging Spectroradiometer (MODIS) ET data. The authors suggest the
downscaling method may be applied for local water resource planning in areas where there is a strong relationship
between GRACE TWS and ET. Given the importance of precipitation in TWS changes, Gemitzi et al. (2021) applied
a spatial statistical downscaling method to downscale GRACE TWS from 1.0° to 0.1° relying solely on the
Integrated Multi-satellite Retrievals for Global Precipitation Measurement precipitation dataset. The study, which
considered temporal lags between precipitation and TWSA, found that the downscaled data closely matched

independently modelled TWSA from 2005 to 2015, exhibiting strong performance across all evaluation metrics.

Several studies have applied machine learning (ML) algorithms to downscale GRACE data. Rahaman et al. (2019)
and Ali et al. (2021) developed random forest (RF) models with multiple hydrological input variables [precipitation,
evapotranspiration (ET), temperature, soil moisture storage, topography, surface runoff, plant canopy water
storage and others] to downscale GRACE GWSA from 1° to 0.25°. Sabzehee et al. (2023) applied a RF model to

forecast GRACE-derived GWSA and enhance the spatial resolution from 0.25° to 0.1° resolution, using
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precipitation, ET, land surface temperature (LST) and normalized difference vegetation index (NDVI) as predictors.
The respective studies concluded that the RF models effectively increased the resolution of GRACE data and
generated estimates that accurately capture groundwater level storage anomalies. None of these studies, however,

investigated how incorporating temporal lags in the training process could minimise residuals.

Gaffoor et al. (2022) included local groundwater data, hydroclimatic parameters, and land-surface characteristics
to train Gradient Boosting Decision Tree (GBDT) models. These models predicted groundwater level changes at
a 10 km resolution for the karstic aquifers of the Ramotswa/Northwest/Gauteng Dolomites region, which encloses
the Steenkoppies Dolomitic Compartment (SDC) used as a case study in this investigation. To assess the impact
of hydroclimatic variables over different timeframes, the authors incorporated arbitrary 30, 60 and 90-day
increments as well as 30-60, 60-90, and 30-90 days intervals. Although the study did not specify the optimal
temporal lag, it highlighted the importance of a 30-day gap for LST and GRACE-derived GWSA for model

predictions.

The study used the SDC, SA, as the study area to investigate the hypothesis that GLDAS-2.2 (GRACE-DA) GWSA
can be downscaled to a 0.05° resolution using only the freely available Climate Hazards Group InfraRed
Precipitation with Station (CHIRPS) rainfall and MODIS ET products. The study also proposed that incorporating
the computed temporal lags between the input variables to the GWSA would improve the model performance by
minimising residuals. Furthermore, this study explored the potential association between the accuracy of the
downscaled product and groundwater level behaviour with karst and intergranular and/or fractured aquifers,
respectively. Effective statistical downscaling of GRACE-DA GWS can offer an innovative solution for

understanding aquifer conditions when spatial or temporal data distribution is insufficient.

3.2. Materials and Methods

Study area

The SDC is situated approximately 75 km south-west from the SA capital city, Pretoria, primarily within the
boundaries of quaternary catchment A21F (Figure 3). Intensive irrigated agriculture has more than doubled across
the SDC in the last 20 years (Vahrmeijer et al., 2013). The dominant crops cultivated throughout the year under
pivot or sprinkler irrigation across the SDC are beetroot (Beta vulgaris), carrots (Daucus carota), lettuce (Lactuca
sativa), cabbage and broccoli (Brassica oleracea), as well as maize (Zea mays) in the summer and wheat (Triticum
aestivum) in the winter (Le Roux et al., 2016). With an estimated surface area of 213 km?, the SDC is a highly
valuable groundwater resource for SA, in terms of economic significance as well as employment (Holland and
Wiegmans, 2009; Wiegmans et al., 2013). Since the spring flow decreased to 5.49 Mm?a-' in 2008, significantly
lower than the long-term average flow of 14.38 Mma-* (Meyer, 2014), there has been an ongoing debate on
whether decrease in GWS in the SDC is due to excessive groundwater abstraction or reduced precipitation
(Holland and Wiegmans, 2009)
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Based on the monthly data from the local automatic weather station (AWS) [Deodar (30619), -26.1427°S;
27.5743°E] (Figure 3), with data from 2004 to 2021, the average temperatures range from a minimum of 15.9°C
up to @ maximum of 27°C in the summer, and the average winter temperatures range from a minimum of 2.2°C
up to a maximum of 18.5°C. Roughly 80% of the mean annual precipitation (MAP) of 677 mm is received between

November and March.
Geology and hydrogeology

The regional geology is primarily made up of the Transvaal Sequence, which includes a major karst aquifer formed
within the dolomite rich Malmani Subgroup, along with the sequential intergranular and/or fractured aquifer formed
in the eight Pretoria Group formations, namely the Rooihoogte Formation to the Magaliesberg Formation. The
Pretoria Group formations comprise of alternating layers of mudrock and quarzitic sandstone units (Keyser, 1986;
Eriksson et al., 2009; Moore et al., 2001). The region has been significantly deformed by post-Transvaal diabase

and large-scale tectonic events.

The absence of surface water across the SDC suggests extensive recharge, where the surface water that would
typically flow across the landscape is intercepted and infiltrates the dolomite aquifer characterised by numerous
sinkholes (Wiegmans et al., 2013). Depending on specific geological conditions, the dividing dykes can form
isolated hydrological compartments with a flat groundwater level table and relatively uniform groundwater
conditions, with less significant abstraction and flow impact between compartments in comparison to within a
compartment. Dolomite compartment boundaries are typically associated with spring lines and seepages as the

groundwater is forced to the surface (Holland and Wiegmans, 2009; Bredenkamp et al., 1986; Kuhn, 1986).
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Figure 3: Location and surface geology of the Steenkoppies quaternary catchment and dolomite compartment, as well as the
distribution of the downscaling validation in situ data in relation to the 0.25° Global Land Data Assimilation System (GLDAS)-

2.2 Groundwater Storage (GWS) and the 0.05° downscale target resolution.
Data and pre-processing
GLDAS-2.2 groundwater storage data

Vishwakarma et al. (2018) determined that a minimum catchment size of 63 000 km? is observable using filtered
GRACE fields and more advanced techniques are necessary to detect mass variations at finer resolutions. The
CSR mascon solution relies solely on GRACE data, independent from TWS and external models. The solutions
are computed using a custom hexagonal grid (approximately 120 km or 1° at the equator), which offers improved

spatial resolution over traditional spherical harmonics (Chen et al., 2017; Save et al., 2016).

Dynamic downscaling assimilates coarse-resolution data to develop a model applicable to finer resolution data
(Rahaman et al., 2019). The GLDAS-2.2 is specifically engineered to integrate various observational data products
to enhance its land surface models. Data Assimilation has been applied to combine remotely sensed GRACE TWS
data with the fine 2.5 km grid CLSM in Land Information System (LIS) Version 7 estimates driven by meteorological
inputs, land cover, soil, topography, and other model-specific parameters to estimate fluctuations in water content

at a 0.25° spatial resolution.
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The GLDAS-2.2 product provides disaggregated and continuous water storage estimates, which include GWS
computed as TWS minus the root zone soil moisture to a depth of 1 m, the snow water equivalent, and any canopy
interception (Rui et al., 2022). Unlike the GRACE TWS data, the GLDAS-2.2 TWS are not provided as anomalies.
To make the GRACE TWSA measurements comparable to GLDAS-2.2 TWS, the 2003-2015 simulated TWS open-
loop run (averaged to each 0.5° GRACE grid) temporal mean was added to the GRACE TWSA prior to assimilating
GRACE data (Li et al., 2019). Hence to convert the GLDAS-2.2 data back to anomalies comparable to GRACE
measurements, the  2003-2015 temporal mean must be subtracted. The GLDAS-2.2
(NASA_GLDAS_V022_CLSM_G025_DA1D) data extending from March 2003 to December 2021 was accessed
and processed through Google Earth Engine (GEE).

Climate Hazards Group InfraRed Precipitation with Station (CHIRPS) precipitation data

The satellite-gauge gridded precipitation product, CHIRPS, extending from 50°S to 50°N (and all longitudes) and
dating from 1981 to near-present, is obtained from an algorithm combining precipitation datasets from different
sources into a single product (Funk et al., 2015). Released at a daily temporal resolution, the monthly precipitation
was calculated using the 0.05° CHIRPS precipitation (UCSB-CHG_CHIRPS_DAILY) product. Because the
GRACE data are provided as anomalies, specifically deviations relative to a 2004-2009 baseline temporal average,
and the 2003-2015 GLDAS-2.2 temporal mean was subtracted to make the GLDAS-2.2 measurements
comparable to GRACE, the monthly CHIRPS estimates were standardised to anomalies by computing the 2004-

2009 mean and then subtracting that mean.

Moderate Resolution Imaging Spectroradiometer (MODIS) evapotranspiration

The MODIS ET data product is estimated using a modified (Mu et al., 2011) Penman-Monteith equation (Monteith,
1965) that improves the accuracy and spatial resolution of ET estimates by integrating daily meteorological
reanalysis data, as well as eight-day MODIS remotely sensed data products that capture the effect of land cover
and vegetation dynamics on ET. The MOD16 ET is the sum of canopy transpiration, soil evaporation and
interception evaporation (Mu et al., 2007 and Mu et al., 2011). Accessed and processed through GEE, the 0.005°
spatial resolution and temporal resolution ET data were sourced from the open-source MOD16A2 v6
(MODIS_006_MOD16A2) data product (Running et al., 2021). Prior to quantifying the monthly mean ET from the
eight-day composite, the data quality was filtered for a ‘clear’ cloud state and a quality control confidence state of
‘best result possible with no saturation’. To standardise the ET data to anomalies comparable to the GLDAS-2.2
GWSA, the 2004-2009 temporal mean was calculated and then subtracted.

Input variable selection and correlation analysis

High precipitation coupled with lower ET generally results in increased water availability for infiltration and
percolation into the groundwater (Cao et al., 2013; Moiwo et al., 2011). In this study, precipitation was selected
because aquifer recharge is primarily from precipitation, and the relationship with groundwater level fluctuations

and discharge from the Maloney’s Eye spring is well documented (Wiegmans et al., 2013; Vahrmeijer et al., 2013).
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Evapotranspiration was selected because itis considered a key process within the hydrological cycle which reflects
varying factors such as weather conditions, landscape and topography, vegetation and land use cover, and soil
properties (Mu et al., 2007).

The impact of precipitation and ET is not immediately reflected in GWS and lags due to factors such as the
unsaturated zone thickness, and the transmissivity and storage characteristics of the underlying lithology (Kotchoni
et al., 2019). To evaluate whether precipitation and ET can be applied as independent variables for downscaling,
the temporal correlation coefficient (r) was quantified per 0.05° pixel using cross-correlation. The r was calculated
by shifting the precipitation and the ET values with a range of time lags spanning from one to twelve months prior
to calculating the r against the reference GWS at every lag. The lag time periods that produced the highest

aggregated mean r across the study area was selected and integrated into the downscaling model.

Random Forest Model and downscaling model design

Studies have shown that RF models outperform support vector regression (SVR), artificial neural network (ANN)
and multivariate linear regression (MLR) ML models in downscaling GRACE data to a higher spatial resolution
(Chen et al., 2019, Ali et al., 2021 and Sabzehee et al., 2023). A decision tree is trained by branching out into
increasingly homogeneous subsets from the root node until reaching leaves that are nodes without further sub-
division. The root node begins with all the training data, repeatedly splitting the data according to the independent,
predictor variables. At every node, the algorithm calculates the prediction improvement for each variable’s split
point, choosing the split which results in the highest improvement. To evaluate the ‘improvement’ made per
threshold (node condition), the model calculates the sum of the squared residuals between the node and its child
nodes after the split (Hoare, 2023). The RF supervised learning algorithm is a non-linear statistical learning method
which deals with multiple decision trees combinations and is used to overcome the bias and overfitting problem
associated with single decision trees (Shelestov et al., 2017). The RF approach uses the Bootstrap Aggregation
ensemble technique to create many individual, uncorrelated trees all trained on different parts (random subset) of
the same training set (bagging). The average prediction for the ensemble of trees, is the output (step known as
aggregation). The effectiveness of the RF algorithm lies in its principle of leveraging the ‘collective wisdom of a

committee of predictions’, which is more accurate than any individual tree (Yiu, 2019; Srivastava et al., 2023).

In this study, monthly GLDAS GWSA data extending over 18 years from 2003 to 2021 were downscaled from a

spatial resolution of 0.25° to a higher spatial resolution of 0.05° using a RF approach, as illustrated in Figure 4.

The respective independent variables were first aggregated to 0.25° in line with the target GLDAS GWSA variable
using pixel averaging. Two respective RF models were trained and tested using these data in ‘Model 1, which had
no temporal lag implemented for the input variables (precipitation and ET), versus ‘Model 2' for which the input
variables were adjusted with the optimised temporal lags as described in Section 2.4. The respective models were
trained on 0.25° data spanning from January 2003 to December 2016 (thirteen years or 72% of the available time-

series). To evaluate the model’s prediction performance, the respective trained RF models were applied to predict
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0.25° GWSA for the separate testing dataset extending from January 2017 to December 2021 (five years or 28%).
To optimise the respective models during hyperparameterisation, two parameters were adjusted, namely the
number of forest trees in increments of 10 (10 to 150) and the bag fraction in increments of 0.1 (0.1 to 0.9). The
parameters were set to what combination resulted in the lowest RMSE when comparing the new 0.25° predicted

GWSA against the 0.25° original GWSA before any residual correction, thus minimizing residuals.

After predicting the 0.25° resolution GWSA, pixel-wise residuals were computed by subtracting the new predicted
GWSA from the original GWSA, essentially the low-resolution model error. Subsequent to model training and
residual calculation, the best performing RF model was applied to predict high-resolution GWSA estimates using
the 0.05° high-resolution input variables. Following the established approach (Chen et al., 2019; Ali et al., 2021
and Sabzehee et al., 2023) for downscaling using the RF algorithm, residual correction was applied to the new
high-resolution GWSA estimates. This included resampling (nearest neighbour) the coarse residuals before adding
the residuals to the predicted 0.05° GWSA, resulting in monthly GWSA estimates at a finer resolution. For each
respective zone, the 0.05° downscaled GWSAs were then evaluated against the in situ groundwater level storage

anomalies.
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Figure 4: Flowchart of the downscaling model design in this study (CHIRPS - Climate Hazards Group InfraRed Precipitation
with Station, MODIS - Moderate Resolution Imaging Spectroradiometer, GLDAS-2.2 Global Land Data Assimilation System
(GLDAS) Version 2.2, GWSA - Groundwater Storage Anomaly).

To conduct a quantitative evaluation of the time-series datasets, the metrics used include the r (Equation 3.1),
RMSE (Equation 3.2) and mean absolute error (MAE) (Equation 3.3). The r was calculated by determining the
covariance and dividing the covariance by the product of the variables’ standard deviations. The rcan vary between
-1 and 1, where 1 signifies a model that perfectly captures the synchronised rise and fall of the two variables. The

RMSE and MAE metrics gauge how close the model predictions are to the actual values. A value near 0 indicates




Where X; and Y; indicate the input variable and the predicted variable, respectively, and X and Y indicate the

respective means of the dataset with ‘n’ representing the sample count.

In situ groundwater level monitoring data

Groundwater level monitoring data suitable for comparison with remotely sensed GWSA estimates should be
sensitive to atmospheric conditions, accurately reflect seasonal fluctuations, and the record should span across at
least five years to ensure strong statistical analyses (Rodell et al., 2007, Li et al., 2019). Groundwater level
monitoring data across the study area were sourced from the Hydstra Data Management platform
(https://lwww.dws.gov.za/Groundwater/data.aspx, received March 2022), which includes data from the DWS

Groundwater Monitoring Network.

During data pre-processing, the records received were limited to within the specified study time frame of 2002 to
2021, resulting in approximately 1 750 observations distributed over thirteen boreholes. Two boreholes were
excluded for having ten or less observations over the 2004 to 2009 timeframe. Outliers were identified using the
interquartile range method (IQR) and visualisation, after which outliers were either retained or removed. The result

was 1 480 observations distributed over 11 boreholes (Figure 3).

To quantitatively compare in situ measurements to downscaled GWSA, the temporal 2004-2009 groundwater level
mean (GW Lyp04—2009 mean), f€COrded as depth to groundwater level (in metres) from the topographic surface
per monitoring borehole, was first calculated before being subtracted from the respective measurements (GWL;)
to create a time-series anomaly of above (positive) or below (negative) mean depth to groundwater level (Equation
3.4). The respective groundwater level anomaly measurements (GW L 4,omai1y ) Were then converted from m to
mm (unit comparable to GLDAS GWSA) and multiplied by the aquifer specific yield (S,,) to change the time-series

groundwater level anomalies to storage anomalies (GWS gnomary) (Equation 3.5).
GWLAnomaly = GWL; — GWL3004-2009 mean (3.4)
GWSanomaty = (GWLanomary X 1000) X S, (3.5)

Utilising a 0.05° resolution grid, the observation boreholes were distributed over four distinct verification zones as
visualised in Figure 3. Proceeding from north to south, Zone 1 corresponds with the intergranular and fractured
Pretoria Group Aquifer and Zone 2 with two boreholes situated near Maloney's Eye. Zone 3 and Zone 4, which

encompassed a cluster of seven boreholes and a solitary borehole, respectively, were positioned over the SDC.

In contrast to the r metric, both RMSE and MAE are considerably dependent on the S,, value. To ensure a

representative and accurate comparison between the downscaled GWSA estimates and the in situ observation

derived GWSA, the authors methodically adjusted the S,, values at intervals of 0.01, spanning from 0.01 to 0.1.
The optimal S, value which resulted in the lowest RMSE and MAE across the SDC and the intergranular and/or

fractured aquifer, respectively, was selected.
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3.3. Results and discussions

Temporal correlation analyses

The variation of the aggregated mean monthly precipitation (CHIRPS), MODIS ET and GWSA across quaternary
catchment A21F from 2017 to 2021 is displayed in Figure 5a. The highest r was achieved when accounting for a
three-month precipitation lag (0.61) and a two-month ET lag (0.65) until the response in GWSA was reflected.
Using a harmonic analysis, the average seasonal variability of precipitation, ET and GWSA were characterised
(Figure 5b), and concluded that the monthly precipitation peak in January, as is anticipated for a summer rainfall
region, aligned with ET peaking in January and February. The seasonal GWSA trends indicated aquifer recovery
and an increase in GWS starting from the lowest point in October reaching a maximum peak in April. However,
subsequent to this peak, the aquifer storage decreased as outflow surpassed inflow when crop irrigation intensified

during the dry autumn and winter months (May to August).
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Figure 5: Temporal variation of monthly Climate Hazards Group InfraRed Precipitation With Station Data (CHIRPS)
precipitation, Moderate Resolution Imaging Spectroradiometer (MODIS) evapotranspiration (ET) and Global Land Data
Assimilation System (GLDAS-2.2) Groundwater Storage Anomaly (GWSA), using the spatial aggregated average across
quaternary catchment A21F: (a) Time-series monthly changes (b) and fitted harmonic model to characterise seasonal

variability.

The spatial distribution of the GWSA and lagged precipitation r ranged from 0.56 to 0.62, as illustrated in Figure
6a, whereas the r between GWSA and lagged ET varied between 0.58 and 0.7 (Figure 6b). Statistical analysis
confirmed the significance of these correlations at the 1% level, with pixel-wise p-values well below 0.01. This

suggests that the observed correlation is highly unlikely to have occurred by chance.

An insignificant r between the GWSA and precipitation would indicate that GWS does not respond and recover
following precipitation events, and that the aquifer is being unsustainably exploited, or that land use, such as

irrigation, is resulting in GWS recovery in the absence of a precipitation event. A stronger rin some parts can be
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ascribed to the spatial heterogeneity of factors that affect groundwater recharge (Rukundo and Dogan, 2019). The
ris somewhat stronger across the SDC distinguished by numerous sinkholes and a flat undulating plain, and

weaker towards the western section of the study area characterised by steeper slopes.
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Figure 6: Spatial distribution of the temporal correlation between the Global Land Data Assimilation System (GLDAS-2.2)
Groundwater Storage Anomaly (GWSA) to the a) three months lagged Climate Hazards Group InfraRed Precipitation With
Station Data (CHIRPS) precipitation estimates and b) two months lagged Moderate Resolution Imaging Spectroradiometer

(MODIS) evapotranspiration (ET) estimates at a monthly temporal and 0.05° spatial resolution.
Random Forest model performance analysis

Machine learning model performance metrics (Table 2) were computed by comparing the 0.25° predicted GWSA
to the original GLDAS GWSA for the separate testing dataset before any residual correction, as illustrated in Figure
7. The initial comparison, before any residual adjustments, demonstrates the inherent predictive capabilities of
each model based on parameters and the training data (Jain et al., 2023). The model performance metrics
demonstrate that Model 2 outperformed Model 1 as is evident from the higher r, combined with the lower RMSE
and MAE values. Figure 7 demonstrates that Model 2 has lower residuals and fewer outliers compared to Model
1.

Residual correction applied to the predictions addresses low-resolution model inaccuracies and corrects for the
inaccuracies in the high-resolution product. Residual correction ensures that the downscaled GWSA estimates

align with the original data, adhering to the conservation of mass principle while mitigating any prediction biases.
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Table 2: Model performance metrics calculated for Models 1 and 2 before residual correction.

Model 1 Model 2
r 0.35 0.6
RMSE (mm) 48 43
MAE (mm) 40 36
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Figure 7: Performance assessment of the respective machine learning (ML) models for predicting 0.25° Groundwater Storage
Anomaly (GWSA) using Model 1 input variables without temporal lags, and Model 2 with input variables adjusted with the

respective temporal lags.
Mass conservation and validation of downscaled GWSA data

Downscaling aims to redistribute groundwater mass using additional, high-resolution information while upholding
the principle of mass conservation. Vishwakarma et al. (2021) validated the efficiency of downscaled outputs by
assessing mass conservation at catchment scale. To confirm mass conservation at catchment scale and the ability
of the downscaled product to provide mass change estimates at higher spatial resolution, the authors compared
the monthly total of the coarse-resolution GLDAS-2.2 GWSA across the catchment with the monthly total of
downscaled GWSA estimates (Figure 8). The assessment yielded values of 0.99 for r, 205 mm for RMSE, and 161
mm for MAE.
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Figure 8: Monthly sum of the groundwater storage anomalies across catchment A21F for the downscaled product and the

original coarse-resolution Global Land Data Assimilation System Version 2.2 (GLDAS-2.2) product.

GRACE data characteristically have a low-resolution with strong spatial correlation between neighbouring GRACE
grids (Seyoum et al., 2019). The long-term standard deviation (2003-2021) GWSA before (Figure 9a) and after
(Figure 9b) downscaling was compared to assess the similarity and whether the downscaled data preserves the
spatial distribution of the original data. The similarity of the spatial distribution between the coarse and finer
resolution datasets are apparent in Figure 9. The greater range of downscaled GWSA values indicate that the
high-resolution output effectively integrated the input variables precipitation and ET. It is therefore hypothesised
that the downscaled product captured spatial differences and details, such as temperature, slope, and land cover

combined into the ET variable as well, to provide a more comprehensive reflection of groundwater dynamics.
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(a) and after (b) downscaling.
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The hydraulic head map illustrated in Figure 10 was generated using the most recent groundwater level data
available for boreholes across the study area, dating from 1908 to 2021. Analysis of the depth to groundwater level
data since 2000 indicate significantly deeper groundwater levels in the karst aquifer (averaging around 64 m)
compared to the northern intergranular and/or fractured aquifers, where the average depth is approximately 9 m.
Figure 10 also include the S,, values which resulted in the lowest RMSE and MAE, specifically 0.02 across the
intergranular and/or fractured aquifer and 0.04 for the SDC boreholes. These S, values correspond to the average
S, of 0.01 for the intergranular and/or fractured aquifer and the average of 0.035 for the dolomitic aquifer, which

were used by Wiegmans et al. (2013) to calibrate their numerical model for the study area.
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Figure 10: Map of aquifer specific yield overlaid on a groundwater hydraulic head map.

The validation results presented in Table 3, were achieved by comparing the downscaled GWSA to the in situ
derived GWSA (Figure 11). Apart from having the highest r, Zone 1 exhibited the lowest RMSE and MAE, in
contrast to Zone 2 and Zone 3, which displayed higher RMSE and MAE values. The r for Zone 4 was comparable
to that of Zone 2, and Zone 4 exhibited the lowest RMSE and MAE across the SDC. This is ascribed to the larger
GWSA amplitudes, or seasonality, depicted in the in situ groundwater level data for Zone 1, but less so for Zones
2, 3 and 4. This phenomenon can be attributed to the groundwater levels in karst aquifers and near springs
remaining more stable due to the highly permeable nature of the aquifer, and the flow through the dolomitic

subsurface into the less conductive shales and quartzites.

29



Itis important to recognize that S,, varies horizontally and vertically within the same unconfined aquifer, and hence
relying on a single value to characterise the entire aquifer simplifies a complex system (Chen et al., 2010). A higher
S, value of around 0.1 would be required for the in situ derived GWSA to reach the downscaled GWSA highs
(shallower groundwater level), but this did not result in the lowest RMSE and MAE values and overestimated the
GWSA lows (deeper groundwater levels). While high S, values may be feasible in karst aquifers, they are likely
not characteristic of the entire karst system but rather specific zones within the aquifer (Yu et al., 2022; Rose et
al., 2018).

Table 3: Comparison metrics between the in situ groundwater level storage and the downscaled Groundwater Storage

Anomaly (GWSA) for the respective zones.

Zone 1 Zone 2 Zone 3 Zone 4
r 0.62 0.46 0.30 0.44
RMSE (mm) 41 51 51 45
MAE (mm) 32 42 39 36
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Figure 11: Comparison between groundwater level storage and the downscaled Groundwater Storage Anomaly (GWSA) for

Zone 1 (a), Zone 2 (b) and Zone 3 (c) (Zone 4 is not illustrated as it is visually not highly distinguishable from Zone 3).

Gaffoor et al. (2022) achieved a MAE of approximately 170 mm in predicting current groundwater level changes

for the SDC by incorporating thirteen variables and pre-determined temporal lags into GBDT models. Using only

two input variables adjusted with the optimal lag to GWSA resulted in an average MAE of 37 mm across the SDC

in this study. While the r strength differed across the respective zones, the downscaled data suggests that the

groundwater levels do not only increase in depth but recover following precipitation events. This indicates that the

aquifers are currently being managed sustainably, rather than being overexploited.
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If the downscaling was done across an aquifer experiencing substantial land cover changes, such as expanded
irrigated cultivation, or enduring consecutive years of below average precipitation, these dynamics could be
highlighted and detected in the downscaled GWS product, even if not initially apparent in the low-resolution original

data.

When evaluating the downscaled GWSA, it is important to acknowledge key uncertainties. These uncertainties
include the limiting distribution of observed measurements and the challenges of directly validating high-resolution
ET data against observed data. Additionally, local GWSA decreases unrelated to low precipitation and high ET,

such as abstraction for domestic or industrial purposes, may not be fully accounted for by the downscaled product.

3.4. Conclusions

The study presented a simple framework for downscaling GWSA from 0.25° to 0.05° in the GEE cloud computing
platform using the RF ML algorithm, and only precipitation and ET as input variables. The comparison between
the monthly total, coarse-resolution GLDAS-2.2 GWSA and the monthly total downscaled GWSA estimates across
the catchment, concluded that the downscaled product captures groundwater redistribution across the catchment
well. This is because the model incorporates details about precipitation and ET, revealing local variations in

recharge and discharge processes while adhering to the mass conservation principle.

The use of high spatial resolution, monthly time-series GWSA estimates can be applied to develop an efficient
validation network, and to enhance the determination of high-resolution hydrogeological parameters such as
groundwater recharge. Since the accuracy assessment and application of the downscaled GWSA necessitates
careful consideration of how groundwater levels respond in different aquifers, future work could include an even
more refined downscaling outcome by applying an adaptive approach where a separate RF model is trained for
each aquifer type, and where viable in situ observations are included as an input variable. The use of varying Sy
values should also be considered. Nevertheless, this study demonstrated the practical application of using open-
source remote sensing products combined with ML to produce localised groundwater information to enhance

groundwater management, particularly in regions with limited data availability.
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4. Predicting streamflow in South Africa using deep learning

Christiaan Schutte, Michael van der Laan, Barend van der Merwe

4.1. Introduction

Developing countries around the world are facing significant water challenges, including limited water resources in
low rainfall areas, water pollution, and inadequate infrastructure, all of which are exacerbated by population growth,
urbanization and climate change (Oyebande, 2001). Hydrological information is crucial for ensuring the sustainable
management of water resources, and understanding the complex dynamics of water availability, flow patterns, and
groundwater recharge under a changing climate (Beven, 2011). Accurate and reliable hydrological data form the
foundation for informed decision-making, enabling stakeholders to gain insights into water system dynamics,
identify trends, and make informed choices on water allocation, infrastructure development and conservation.
Streamflow data, a critical component of hydrological information, is vital for monitoring ecosystem health,

determining sustainable water abstraction, and assessing flood and drought potential (Beven, 2011).

Various governmental and private sector institutions operate streamflow gauging stations to enable informed water
resource assessment and planning (Rogers et al., 2019). The number of active gauging stations is, however,
declining in many catchments around the world (Rogers et al., 2019). In South Africa for instance, the decrease is
due to factors such as lack of funding and maintenance, wear and tear, vandalism and theft (DWS, 2021).
Moreover, the availability of weather station data has also been declining in South Africa since around 1970
(Engelbrecht et al., 2009). This is a major concern as these data are critical inputs to process-based and deep
learning (DL) hydrological models, with rainfall being the most important input to water resource studies (Pitman
and Bailey, 2021). The decreased availability of streamflow and weather data hampers the ability to make informed
decisions on water resource management and planning, and this presents a long-term threat to water security
(Odendaal, 2021).

Where the availability of freshwater is highly variable and where resources required to sustain long-term monitoring
programmes are constrained, hydrological models are of particular importance (Hughes, 2004). Process-based
models used for streamflow prediction face limitations due to the lack of comprehensive information about system
properties, including topography, soil characteristics and vegetation cover. These properties are highly
heterogeneous and can change over time, while detailed knowledge of subsurface hydrological processes, where
much of hydrology takes place, remains scarce (Kratzert et al., 2019a). In addition to data for model
parameterization, data for initialization and calibration is also often limited. In contrast, a data-driven approach
such as deep learning (DL), which is based on Artificial Neural Networks (ANNSs), offers an alternative approach
by predicting streamflow without explicitly defining the underlying physical processes. Additionally, the ability of

ANNSs to learn complex, non-linear relationships directly from data is particularly important in hydrology, as many
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hydrological processes exhibit intricate and non-linear behaviours that process-based models struggle to represent
(Kratzert et al., 2019a).

Long Short-Term Memory (LSTM) (Hochreiter and Schmidhuber, 1997) and Gated Recurrent Unit (GRU) (Cho et
al., 2014) networks are DL architectures that were specifically designed to analyse sequential data. Streamflow
data can be considered sequential and recent benchmarking studies have illustrated that these LSTM networks
can rival and even outperform process-based and conceptual hydrological models in streamflow prediction
(Kratzert et al., 2019c, Lees et al., 2021). Subsequently, GRU networks, as well as hybrid approaches combining
LSTM with GRU networks (Muhammad et al., 2019) or combining Convolutional Neural Networks (CNN) with either
LSTM or GRU networks (Ghimire et al., 2021, Anderson and Radi¢, 2022), were also found to be useful for

streamflow prediction.

Despite their advances, Deep Learning (DL) techniques face challenges such as lack of interpretability (often
termed 'black box'), ensuring physical consistency in predictions, and managing multi-dimensional data sets
(Reichstein, 2019). The concept of theory-guided data science emerges in this context, aiming to merge well-
established scientific theories with data-driven findings (Karpatne et al., 2017). Hybrid approaches, blending
physical models' predictability with DL's adaptability, has been advocated in recent discussions (Reinstein, 2019).
In line with this trend, there is a growing interest in physics- and hydrologically-informed machine/deep learning
(Nearing et al., 2021).

Another major challenge when implementing pure DL or physics- and hydrologically-informed approaches, is the
availability of sufficient, good quality training data, especially in developing countries where data collection and
storage can be limited (Gaffoor et al., 2022). For example, high-resolution, spatially-distributed weather datasets
may not be readily or freely available (du Plessis and Kibii, 2021), which presents a challenge for streamflow
prediction. It should also be considered that a significant portion of existing ML/DL and physics- or hydrologically-
informed research in hydrology has depended on high-quality, spatially-distributed datasets such as Catchment
Attributes for Large-Sample Studies (CAMELS) (Addor et al., 2017). Such datasets are predominantly based in
developed countries and thus not always representative of conditions in less-resourced settings. The performance
of LSTM networks has also been shown to be less accurate in drier catchments (Kratzert et al., 2019c, Lees et al.,
2021, Anderson and Radi¢, 94 2022), a characteristic of much of southern Africa. Such challenges must be
considered when evaluating the feasibility of using DL models for streamflow prediction in the hydrological context

of semi-arid, data-scarce and developing countries.

The main research question was whether LSTM and GRU networks could be developed in South Africa, a country
which is currently experiencing a decline in streamflow measurements, to generate reliable streamflow estimations
for predictive and data gap filling purposes? The increased availability of open-source gridded weather data
provides a potential opportunity to address the issue of insufficient weather station data (Reichstein et al., 2019).

The second research question was, therefore, whether freely available gridded weather data could be used as
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input to the models to produce reasonably accurate streamflow estimates? Two catchments near Lydenburg, South

Africa, were used as a case study to answer the research questions.

4.2. Materials and Methods

Study area

Situated in the north-east of South Africa, the study area consisted of two catchments in the headwaters of the
Steelpoort River located in the Olifants River basin (Figure 12). Catchment A is approximately 100 km2 and consist
of quaternary catchment B42D as defined by the Department of Water and Sanitation (DWS). Catchment B is
larger (300 km2) and consists of quaternary catchments B42A and B42B. The average elevation ranges between
1 336-2 263 metres above mean sea level (mamsl). Based on the Képpen-Geiger climate classification system,
the study area is classified as Cwb, indicating a warm temperate climate with cool and dry winters, and warm and
wet summers. In winter, average daily temperatures range from 6-22°C, and from 22-32°C in summer (Herold and
Bailey, 2016). The study area is in one of the country’s higher rainfall areas, with most of the rainfall occurring
between October and April. The average annual rainfall is approximately 800 mm yr-', but highly variable, and the
average annual evaporation for an S-Pan is approximately 1 500 mm yr' (Herold and Bailey, 2016). The land
cover of Catchment A mainly consists of grasslands, woodlands, and thicket areas. In addition to those land cover

types, Catchment B also includes the town of Lydenburg, agricultural activities, and some minor pine plantations.

Data

Daily weather data, consisting of rainfall (mm), minimum and maximum temperature (C), and streamflow data
(m? s') were used as input variables. The data included both in-situ measured data and gridded products. Daily
weather data were obtained from three sources: 1) a weather station operated by the Agricultural Research Council
(referred to as ARC in this study), 2) the Climate Hazards Group InfraRed Precipitation with Station (CHIRPS) data
(Funk et al., 2015) (https://www.chc.ucsb.edu/data/chirps), and 3) the National Aeronautics and Space
Administration Prediction of Worldwide Energy Resources (NASAP) project (https://power.larc.nasa.gov/). The
ARC weather station had a record spanning from 1979 to 2002. CHIRPS and NASAP data were downloaded for
the same period. To download data from CHIRPS, a geojson file for each catchment was uploaded to the CHIRPS
portal (https://climateserv.servirglobal.net/). The NASAP data were downloaded from the Water Research
Observatory website (https://www.waterresearchobservatory.org/), where the data is available as a grid of points
for South Africa. The grid point closet to each catchment was identified, and in this case, it was the same grid point
for  both  catchments.  Streamflow data  were  obtained from the DWS  website
(https:/iwww.dws.gov.za/Hydrology/Verified/hymain.aspx) for stations B4H007 and B4H001 for Catchment A and

Catchment B, respectively.
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Figure 12: Locality map of the catchments, streamflow stations, the Agricultural Research Council (ARC) weather station and
the National Aeronautics and Space Administration Prediction of Worldwide Energy Resources (NASAP) grid point. Catchment

shapefiles were uploaded to the CHIRPS website to download catchment averaged rainfall.

The streamflow data were combined with each of the weather data sources (ARC, CHIRPS and NASAP) to create
three datasets for each catchment. Each dataset was divided into a training set that was used to derive the optimal
network weights, and a testing set, that was used to assess the prediction accuracy. In hydrological modelling, the
first 70-80% of the data is often used to calibrate the model and the last 20-30% to validate the model. In this
context, calibration and validation is analogous to training and testing a DL model. The training period spanned
from 1 October 1979 to 30 September 1997, making it 18 years. The testing period was from 1 October 1997 to
22 February 2002 (date when ARC weather station was discontinued), which is 4 years, 4 months, and 22 days.

The entire dataset covers 22.4 years.

Model development

High-level overviews of the workings of the GRU and LSTM have been provided elsewhere (Hochreiter and
Schmidhuber, 1997, Cho et al., 2014). LSTM networks use a memory cell, which is a long-term memory of the
network and is controlled by three gates: the input gate, the output gate, and the forget gate (Figure 13). These
gates control the flow of information into and out of the memory cell, allowing the network to selectively retain or
disregard information (Hochreiter and Schmidhuber, 1997). GRUs do not have a separate cell state, only a hidden
state (Figure 13) (Cho et al., 2014). While LSTMs utilize three gates to manage the flow of information, GRUs only
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use two gates. The update gate, that determines the extent to which the previous hidden state is updated, and the

reset gate that determines the extent to which the previous hidden state is reset.
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Figure 13: A comparison of the internal architecture of a standard Long Short-Term Memory (LSTM) cell (left) and a Gated
Recurrent Unit (GRU) cell (right). The LSTM cell is characterized by its input, output, and forget gates as well as its cell state.

The GRU cell uses a more streamlined architecture with update and reset gates but without a separate cell state.

Hyperparameters were selected based on a combination of experimentation and previous literature (Kratzert et al.,
2018, Kratzert et al., 2019b, Fan et al., 2020, Nifa et al., 2023). An LBW of 30 days was selected, which has been
proven effective in a semi-arid catchment Nifa et al. (2023) that has a climate more similar to the catchments in
this study compared to those in snow-dominated or tropical basins (see Appendix | for additional information on
the choice of LBW). The model architecture consisted of five hidden layers with twenty-five GRU or LSTM cells
per layer, and a dense layer for the final streamflow prediction (Figure 14). Each of the 25 GRU or LSTM cells in
the first hidden layer, processes four input features: rainfall, streamflow, maximum temperature, and minimum
temperature. From the second hidden layer onward, each GRU or LSTM cell receives a 25-dimensional input,
being the hidden state output from each cell in the previous layer. The dense layer then receives the outputs from
all 25 GRU or LSTM cells in the fifth hidden layer to produce the final streamflow prediction. No activation function

was used for the dense layer, which was linear.

A challenge in DL models is the generation of physically inconsistent predictions (Reichstein et al., 2019). In many
instances during the dry seasons, when streamflow was close to 0 m3s-1, the models would start simulating slightly
negative streamflow values, and then return to normal in the wet seasons (Appendix 1). To prevent the models
from predicting these negative streamflow values, two modifications to the GRU and LSTM network architectures
were required. First, the hyperbolic tanh activation function Goodfellow et al. (2016) of each of the 25 GRU or
LSTM cells, contained in the fifth hidden layer of the network, was changed to the rectified linear unit (ReLU)
activation function (Krizhevsky et al., 2017) (refer to Figure 14 for the position of the tanh within a standard GRU
or LSTM cell). Secondly, a non-negative constraint (Abadi et al., 2016) was used in the dense layer. Neither the
RelLU activation function or non-negative constraint on its own prevented negative streamflow predictions, and

both modifications were necessary and complemented each other effectively. The ReLU activation function in the
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fifth layer could control the internal representations and mitigate the occurrence of negative values within the model
layers, while the non-negative constraint in the dense layer served as an additional measure to enforce non-

negativity in the final predictions.
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Figure 14: Schematic representation of the deep learning architecture with four input nodes, five hidden layers, each

comprising 25 Gated Recurrent Unit (GRU) or 25 Long Short-Term Memory (LSTM) cells, where each of these cells utilizes a
look-back window of 30 days. A dense layer follows the hidden layers, leading to the final prediction.

Before training, the MinMaxScaler function of the Scikit Learn Library (Pedregosa et al., 2011), was used to scale
the training set and the testing set to a range between 0 and 1. The models were trained for fifty-five epochs
(number of iterations) with a batch size of 256 (number of samples extracted from the training set at a time) (Kratzert
et al., 2019b). To prevent overfitting, a dropout rate of 0.1 was used for regularization. The Mean Squared Error
(MSE) (Bishop and Nasrabadi, 2006) was used as the loss function and the Adam optimizer (Kingma and Ba,
2014) was used for gradient descent. The weather variables of the testing set were used as input to the trained
GRU and LSTM models to predict a time series consisting of 1 605 days of streamflow values. An essential aspect
to note is that the models used the preceding 30 days of weather and streamflow values to predict the next day of
streamflow (Figure 15). As only the measured weather variables (not the measured streamflow) contained in the
testing set were used, the models had to incorporate the predicted streamflow values into the LBW to predict the
entire time series. To do this, the model used the preceding 30 days of measured weather and predicted streamflow

values to predict streamflow on the next day. The model then moved one time step forward and incorporated the
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predicted streamflow value and the measured weather values of that day into the LBW. This process continued for

the entire testing set and was achieved with a for loop (Shirzadi, 2023).
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Figure 15: Based on the preceding 30 days of past weather and streamflow values in the look-back window (LBW), the network
predicts a streamflow value for the next day. The model then moves one time step forward, ingesting the predicted streamflow

value, along with observed weather values for that day, into the LBW to make the next prediction.

Ensemble predictions refer to the practice of combining the predictions of multiple individual models to obtain a
more accurate and robust prediction (Goodfellow et al., 2016). For each catchment and architecture, 20 individual
models were trained and a streamflow timeseries was predicted with each model. The ensemble predictions were
created by computing the average across a set of 20 models. This approach allowed accounting for the variability

in model performance due to random initialization and different training runs.

As the streamflow predictions were in a range between 0 and 1, they were scaled back to the original range with
the inverse function of the Scikit Learn Library, in order to compare with measured streamflow contained in the
original unscaled testing set. The Nash-Sutcliffe Efficiency (NSE) (Nash and Sutcliffe, 1970) and Kling-Gupta
Efficiency (KGE) (Kling et al., 2012) were used for the evaluation of model performance, and was carried out in
two stages. The first part of model evaluation involved assessing variation in prediction accuracy for each set of
20 GRU or LSTM models, while in the second stage, the evaluation focused on a comparative analysis between

the best-performing models of each set of 20 models and the corresponding ensemble predictions within each set.

The NSE and KGE both range from negative infinity to one, with one indicating perfect model fit and values closer
to 0 indicating poorer model performance. In hydrology an acceptable NSE/KGE value often depends on the nature

of the specific application, however, an NSE/KGE value of 0.5 or higher is generally considered an acceptable
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model, while a value of 0.8 or higher is considered a very good model (Moriasi et al., 2007). The Hydrostats

package (Roberts et al., 2018) was used to compute the NSE/KGE values.

Experiment: Testing different sources and combinations of weather input data

Three different sources of weather data, and two different combinations of weather input variables, were tested as
input for the GRU and LSTM models to explore the effect on model performance (Table 4). The first combination
(Combination 1) consisted only of rainfall and streamflow as input variables, with observed streamflow used during
training and model predicted streamflow during testing. Only rainfall was obtained for CHIRPS that was only
included under Combination 1, while ARC and NASAP were used in both combinations. The second combination
(Combination 2) included minimum and maximum temperature in addition to rainfall and streamflow. For each
catchment and each combination, 20 GRU and 20 LSTM networks were trained, and ensemble predictions

calculated for each set of 20 models.

In conventional ML paradigms, manual feature engineering is often a prerequisite to effectively model complex
systems (Zheng and Casari, 2018). This frequently involves the calculation of lagged variables, especially in
hydrological applications. However, one of the unique strengths of DL models lies in their capacity to automatically
learn and identify relevant features from the data (Goodfellow et al., 2016). Leveraging these capabilities, the
present study opted not to incorporate lagged variables for runoff prediction. Instead, we employed deep recurrent
neural networks, which are inherently designed to capture essential temporal relationships and have been

demonstrated to be effective in streamflow prediction (Kratzert et al., 2019c).

The Combination 1 predictions for each catchment, architecture and weather data source, were compared to the
corresponding Combination 2, to determine if adding minimum and maximum temperature improved prediction
accuracy. Next, the three weather data sources for each catchment and architecture were compared to each other,
to determine which weather data source performed the best overall. The Shapiro-Wilk test (Shapiro and Wilk,
1965) confirmed that the NSE values violated assumptions of normality, therefore, the need for non-parametric
tests. The non-parametric Mann-Whitney U test (Mann and Whitney, 1947) was used to test for significant

differences between each of the three weather data sources and combinations.
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Table 4: Combinations of weather sources and input variables for the Climate Hazards Group InfraRed Precipitation with
Station (CHIRPS), National Aeronautics and Space Administration Prediction of Worldwide Energy Resources (NASAP) and
weather station (ARC) data.

Dataset Combination 1 Combination 2
CHIRPS Rainfall
Streamflow
NASAP Rainfall Rainfall
Streamflow Streamflow

Maximum temperature
Minimum temperature
ARC Rainfall Rainfall
Streamflow Streamflow
Maximum temperature

Minimum temperature

4.3. Results and Discussion

Experiment: Testing input variables and weather data sources

The NSE values varied from -9.4 (very poor) to 0.74 (very good), while the KGE values varied from -4.4 (very poor)
to 0.77 (very good) (Figure 16). This range in the NSE and KGE values indicated a wide variability in model
performance. The models also showed different performance spreads in cumulative frequency distribution (CDF)
curves, specifically, the ARC models (both GRU and LSTM) tended to cluster around higher NSE and KGE values
(their CDF curves shifted towards the right), implying better performance. A steeper slope, as observed for ARC
data-driven models, implied that a significant portion of those models had closely clustered performance values.
In contrast, the CHIRPS and NASAP models displayed a flatter curve, indicating a wider spread in performances.
While the CDF plots for both catchments exhibited some differences, a consistent observation was the relative
superiority of ARC data-driven models. Both in terms of NSE and KGE values, ARC models consistently
outperformed those based on CHIRPS or NASAP data. There were notable differences between the CDF plots of
Catchment A and Catchment B. While ARC remained superior in both cases, the degree of superiority and the
relative performance of CHIRPS and NASAP models differed.
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Figure 16: Cumulative frequency distribution (CDF) for Nash-Sutcliffe Efficiency (NSE) (top) and Kling-Gupta Efficiency (KGE)
values (bottom) for Gated Recurrent Unit (GRU) and Long Short-Term Memory (LSTM) models for the Climate Hazards Group
InfraRed Precipitation with Station (CHIRPS), National Aeronautics and Space Administration Prediction of Worldwide Energy
Resources (NASAP) and Agricultural Research Council weather station data (ARC). Values smaller than -1 are not shown,

with -10.9 being the lowest.

The CHIRPS and NASAP data-driven models were capable of moderately accurate predictions in a few instances
with maximum NSE and KGE values greater than 0.5. The ARC weather station data driven models achieved
considerably higher NSE and KGE values of 0.74 and 0.77, respectively, and the predictions were considered
satisfactory. The Mann-Whitney U test revealed significant differences in both NSE and KGE values between the
ARC models and both the CHIRPS and NASAP models for Combination 1 and for Combination 2 in both
catchments (Table 5). The test also revealed significant differences in both NSE and KGE values between CHIRPS
and NASAP for the LSTMs for Catchment A, and for both the GRUs and LSTMs for Catchment B (Table 5). There
were no significant differences in NSE or KGE values between the CHIRPS and NASAP GRU of Catchment A.
While significant differences exist between CHIRPS and NASAP in some scenarios, it's challenging to decisively
point out which data source leads to better performance consistently across all configurations and catchments.

This suggests that while they may differ, neither CHIRPS nor NASAP consistently outperforms the other.

The test revealed significant differences in NSE values between combinations 1 and 2 for the NASAP GRUs and
LSTMs of Catchment A, while no differences in NSE were observed for the GRUs or LSTMs of Catchment B (Table

6). The test revealed significant differences in KGE values between Combinations 1 and 2 for both the NASAP
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GRUs and LSTMs of Catchment A, while no differences in KGE values were observed for the GRUs and LSTMs
of Catchment B (Table 6). The test also revealed significant differences in NSE values between Combination 1
and 2 for the ARC GRUs and LSTMs for Catchment A, as well as for the LSTM models of Catchment B (Table 6).
No differences in NSE values were observed between combinations 1 and 2 for the GRUs of Catchment B. No
significant difference in KGE values were observed between combinations 1 and 2 for the ARC data driven models.
While the addition of temperature in Combination 2 led to increased prediction accuracy in certain scenarios,
particularly in Catchment A, it did not consistently enhance performance across all model configurations and

catchments.

No statistical significance tests were conducted for NSE (Table 7) and KGE (Table 8) values between the best-
performing models and the corresponding ensemble predictions, due to the fact that only one ensemble was
produced for each combination. The performance of the ensemble predictions varied across different data sources
and combinations. The ensemble predictions for the CHIRPS data driven models did not exceed NSE or KGE
values of 0.5, however, the best CHIRPS GRU model for Combination 1 achieved an NSE value of 0.54 for
Catchment A. While the best CHIRPS GRU models for Combination 1 achieved KGE values of 0.58 and 0.57 for

Catchment A and B, respectively.

Table 5: P-values for differences in Nash-Sutcliffe Efficiency (NSE) and Kling-Gupta Efficiency (KGE) values between the
Climate Hazards Group InfraRed Precipitation with Station (CHIRPS), National Aeronautics and Space Administration
Prediction of Worldwide Energy Resources (NASAP) and Agricultural Research Council weather station data (ARC) for Gated
Recurrent Unit (GRU) and Long Short-Term Memory (LSTM).

RNN ARCvsCHIRPS [ ARCvsNASAP |  CHIRPS vs NASAP ARC vs NASAP
Combination 1 Combination 2
Catchment A
NSE
GRU 11102 2.3x10% 0.2 1.1x10%"
" LSTM | 9.8x10°% 2.5%10+ 6.7x10%" 6.8x10¢
KGE
GRU 7.7x10% 1.7x10% 0.38 16x10%"
" LSTM | 3.3x10°% 1.3x104 5.6x10+ 1.1x10%"
Catchment B
NSE
GRU 34x10+ 5.9x10°5" 47x10 4.0x10°"
" LSTM | 14x10- 9.1x10°™* 2.9x10°5" 6.8x10-8"
KGE
GRU 1.0x10-% 41x10-5 19102 1.8%10-5
" LSTM | 2.4x10°6" 9.1x10-¢" 7.7x10°% 1.7x107

* Significantly different at values of p < 0.05.
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Table 6: P-values for differences in Nash-Sutcliffe Efficiency (NSE) and Kling-Gupta Efficiency (KGE) values between
Combination 1 and 2 for National Aeronautics and Space Administration Prediction of Worldwide Energy Resources (NASAP)
and Agricultural Research Council weather station data (ARC) for Gated Recurrent Unit (GRU) and Long Short-Term Memory
(LSTM).

Catchment A Catchment B
GRU LSTM GRU | LSTM
NSE
ARC
4.2x10-# | 2.0x10% | 0.12 | 3.3x10-%
NASAP
2.6%10-2 | 7.2x102 | 0.61 | 058
KGE
ARC
0.06 | 0.11 | 0.82 | 0.06
NASAP
1.7x102 | 0.09 | 0.62 | 0.19

* Significantly different at values of p < 0.05.

For Combination 1, the best NASAP GRU models achieved NSE values of 0.44 in Catchment A and B. For the
NASAP LSTM models, the NSE values were 0.48 and 0.46 for Catchment A and B, respectively. The ensemble
predictions achieved NSE values of 0.19 and 0.27 for GRU and LSTM models in Catchment A, while for Catchment
B, they were both 0.40. When observing the KGE values, the best NASAP GRU models achieved values of 0.51
in Catchment A and 0.45 in Catchment B. The LSTM models had KGE values of 0.50 and 0.46 for Catchment A
and B, respectively. The ensemble predictions for KGE values were noticeably lower, at -0.15 and 0.22 for the
GRU and LSTM models in Catchment A, and values of 0.20 and 0.30 for Catchment B, respectively.

The best NASAP models for Combination 2 achieved higher NSE (Table 7) and KGE (Table 8) values than
Combination 1. The best NASAP models for Catchment A achieved NSE values of 0.55 and 0.35 for the GRU and
LSTM models, respectively. The corresponding NSE values for the ensemble predictions were 0.39 and -0.09,
respectively. The best NASAP models for Catchment A had maximum KGE values of 0.61 and 0.39 for the GRU
and LSTM models, respectively. The corresponding KGE values for the ensemble predictions were 0.45 and 0.06,
respectively. The best NASAP GRU and LSTM models of Catchment B achieved maximum NSE values of 0.54
and 0.40, respectively, and 0.38 and 0.26 for the corresponding ensemble predictions. The best GRU and LSTM
models for Catchment B achieved maximum KGE values of 0.59 and 0.44, respectively, and 0.45 and 0.36 for the

corresponding ensemble predictions.

For Combination 1, the best ARC models for Catchment A had maximum NSE values of 0.64 and 0.63 for the
LSTM and GRU models, respectively. The corresponding NSE values for the ensemble predictions were 0.52 and
0.51, respectively. The best ARC models for Catchment A had maximum KGE values of 0.72 and 0.74 for the GRU
and LSTM models, respectively. The corresponding KGE values for the ensemble predictions were 0.25 and 0.35,
respectively. The best ARC GRU and LSTM models of Catchment B achieved maximum NSE values of 0.71 and
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0.69, respectively, and 0.66 and 0.65 for the corresponding ensemble predictions. The best GRU and LSTM
models for Catchment B achieved maximum KGE values of 0.81 and 0.76, respectively, and 0.62 and 0.68 for the

corresponding ensemble predictions.

The best ARC models of Combination 2 for Catchment A achieved maximum NSE values of 0.74 and 0.72 for the
GRU and LSTM models, respectively, and NSE values of 0.73 and 0.72, respectively, for the corresponding
ensemble predictions. The increase in ensemble prediction NSE values for Catchment B were smaller than for
Catchment A. The best ARC models of Combination 2 for Catchment B achieved NSE values of 0.72 and 0.71 for
the LSTM and GRU models respectively, and NSE values of 0.72 for both ensemble predictions. The best ARC
models of Combination 2 for Catchment A achieved KGE values of 0.77 and 0.76 for the GRU and LSTM models,
respectively, and KGE values of 0.86 and 0.79 for the corresponding ensemble predictions. The increase in
ensemble prediction KGE values for Catchment B were smaller than for Catchment A, with the best ARC models
of Combination 2 for Catchment B achieved KGE values of 0.73 and 0.77 for the GRU and LSTM models,

respectively, and KGE values of 0.79 and 0.83 for the corresponding ensemble predictions.

Table 7: Nash-Sutcliffe Efficiency values for the best Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) and
ensemble predictions for the Climate Hazards Group InfraRed Precipitation with Station (CHIRPS), National Aeronautics and
Space Administration Prediction of Worldwide Energy Resources (NASAP) and Agricultural Research Council (ARC) weather
station data.

Catchment A Catchment B
Dataset RNN
Best model Ensemble Best model Ensemble

Combination 1
CHIRPS GRU 0.54 0.38 0.44 0.43
LST™M 0.48 0.42 0.46 0.41
NASAP GRU 0.44 0.19 0.44 0.40
LSTM 0.24 0.27 0.40 0.31
ARC GRU 0.63 0.51 0.71 0.66
LSTM 0.64 0.52 0.69 0.65

Combination 2
NASAP GRU 0.55 0.39 0.54 0.38
LSTM 0.35 -0.09 0.40 0.26
ARC GRU 0.74 0.73 0.71 0.72
LSTM 0.72 0.72 0.72 0.72
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Table 8: Kling-Gupta Efficiency values for the best Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) and
ensemble predictions for the Climate Hazards Group InfraRed Precipitation with Station (CHIRPS), National Aeronautics and
Space Administration Prediction of Worldwide Energy Resources (NASAP) and Agricultural Research Council (ARC) weather
station data.

Catchment A Catchment B
Dataset RNN
Best model Ensemble Best model Ensemble

Combination 1
CHIRPS GRU 0.58 0.22 0.57 0.38
LSTM 0.50 0.47 0.46 0.49
NASAP GRU 0.51 -0.15 0.47 0.20
LSTM 0.14 0.21 0.35 0.31
ARC GRU 0.72 0.25 0.81 0.62
LSTM 0.74 0.35 0.76 0.68

Combination 2
NASAP GRU 0.61 0.45 0.59 0.45
LSTM 0.39 0.06 0.44 0.36
ARC GRU 0.77 0.86 0.73 0.79
LSTM 0.76 0.79 0.77 0.83

For all Combination 1 models, the NSE (Table 7) and KGE (Table 8) values of the ensemble predictions were
lower than the NSE and KGE values of any single best model in all cases. For Combination 2 (only NASAP and
ARC data driven models), this was still the case for the NASAP models, however, for the ARC models, the NSE
values of the ensemble predictions were equal to the best models, and the KGE values of the ensemble predictions,

were better than the best models in all cases.

Hydrographs for two years from the testing set for Catchment A are provided as an illustration (Figure 17). The
model predictions generally showed a good fit with the observed streamflow, although they struggled to predict the
very high levels of extreme peak flow events during 2000. Devastating floods in Mozambique, Zimbabwe, and
South Africa (including the study area) during February to March 2000 brought about by Tropical Cyclone Eline in
late February and a tropical depression early in March (Reason and Keibel, 2004). The extreme conditions of the
cyclone provided a valuable opportunity to assess the ability of the models to extrapolate to unobserved conditions

(such extreme flood events were not present in the training set), a crucial aspect in the context of climate change.
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Figure 17: Best model of the Climate Hazards Group InfraRed Precipitation with Station (CHIRPS), National Aeronautics and
Space Administration Prediction of Worldwide Energy Resources (NASAP) and Agricultural Research Council (ARC) weather
station data plotted against observed streamflow for two years of the testing set.

The method used in this study to predict streamflow involved two key aspects that distinguish it from previously
published approaches. Firstly, the incorporation of simulated streamflow values into the look-back window (LBW)
for predicting the streamflow of the testing set, was a novel approach that has not, to the best knowledge of the
authors, been explored in the context of streamflow prediction. Secondly, the required modifications to the GRU
and LSTM architectures, specifically the change in activation function of the cells in the final hidden layer of the
network and the non-negative constraint used in the dense layer, played a critical role in making this method
effective. The unique combination of these aspects has contributed to the advancement of DL techniques in

hydrological modelling.

One notable observation is that researchers using DL in hydrology often lack details in their reporting
methodologies (Sit et al., 2020), making it difficult to determine the exact methods used. While the use of calculated
lagged streamflow variables has been observed in numerous articles, the specific approach adopted in this study,
to incorporate predicted streamflow into the LBW, appears to be distinct. Similar approaches may, however, have
been used for hourly data (Sit et al., 2021). Contrary to the approach used in this study, the Sit et al. (2021) model
also utilized streamflow data from gauging stations situated in the upstream river network, which might be a

limitation when such information is not available.

The approach of constraining the architectures is in line with the principles of theory-guided data science,
specifically the concept of theory-guided design of model architecture (Karpatne et al., 2017). The targeted
modifications to the architectures ensured physically consistent predictions, and were aimed at ensuring that the
models adhered to certain physical principles, albeit in a simplified form, and proved effective in mitigating

physically unrealistic predictions (negative streamflow values), allowing for the prediction of long term streamflow
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time series. However, the ‘black box’ nature of DL models remains a challenge for the hydrological community
(Anderson and Radi¢, 2022). The fact that it is not completely understood exactly how the two modifications

prevented negative streamflow predictions, it is recommended for future work.

Wang and Karimi (2022) recently utilized the CAMELS dataset to analyze the effects of catchment mean rainfall
and spatially distributed rainfall data on LSTM networks, and found that including spatial distribution information of
rainfall could improve performance. However, as in this case, high-quality, spatially-distributed catchment weather
datasets are not always available in less developed countries. The method developed here addresses the limitation
by incorporating past streamflow data into the LBW of the model. This served as an implicit but effective proxy for
hydrological processes that go unaccounted for and a lack of more spatially representative weather data.
Specifically, the inclusion of historical streamflow captured some of the aggregated impacts of spatial and temporal

variations within the catchment area, albeit indirectly.

The best models trained using weather station data could be used to generate reliable streamflow estimates with
both GRU and LSTM networks. The best models trained using data from CHIRPS and NASAP were only
moderately accurate. However, given the decline in weather station data availability, it is still encouraging that
moderately accurate predictions were achieved using free data sources that are available for most of the surface
of the earth. Future work could also explore combining CHIRPS and NASAP as input data to take advantage of
the strengths of each data product while minimizing limitations (Kratzert et al., 2021). For example, CHIRPS may
provide better accuracy for precipitation data, while NASAP could provide additional variables, such as

temperature.

The results showed that rainfall together with streamflow were sufficient to obtain accurate streamflow predictions.
Including minimum and maximum temperatures into the models did not consistently increase the accuracy,
contrasting with (Fan et al., 2020). The reason for this might be attributed to the fact that streamflow predictions
are primarily driven by rainfall and its subsequent runoff, with temperature playing a secondary role in influencing

the evapotranspiration rates and soil moisture dynamics.

The ARC ensemble predictions for Combination 2 outperformed the best single models in terms of KGE for both
catchments. For the NASAP dataset, which relied on remote sensing products, the ensemble did improve in some
instances, but not as much as the ARC-based ensemble, and decreased in others. This discrepancy is considered
to be related to the quality of the input data, specifically, the noise inherent in remote sensing products like NASAP,
which lead to more varied model outcomes and, consequently, lower average accuracy in the ensemble. It is also
essential to consider the nature of the catchments. Catchment characteristics, such as topography, soil type, and
land use, can play a significant role in how different models perform (Beven, 2011). It seems that Catchment A has
some specific features that make the ARC model ensemble, especially when temperature data is incorporated,

perform exceptionally well, while the models with the NASAP dataset struggled.

Rainfall and temperature only were used in this study to test the applicability of this method for data-scarce regions,

but further research with higher numbers of input variables is recommended. Future work could also investigate:
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1) the integration of other relevant data, such as evapotranspiration and NDVI (Normalized Difference Vegetation
Index), and 2) feature design (such as lagged variables), to further enhance the predictive capabilities of the

hydrological models.

Although accurate streamflow predictions were achieved, there is room for improvement in capturing extreme peak
flows, particularly in the context of climate change with an expected increase in extreme flood events (Allan, 2021).
Future work could explore if combining this method with process-based models in a hybrid approach (Senent-
Aparicio et al., 2019), or through informing the DL networks with physical principles (Reichstein et al., 2019), could
increase accuracy in extreme peak flow prediction. The fact these models were able to exploit patterns in historic
streamflow and weather data only to predict streamflow accurately, while not requiring information of geophysical
properties of the catchments, is both an advantage and a limitation. This is because these models cannot be used
to account for or assess the impact of land cover changes. Future work should explore the addition of land cover /
land use change data, especially in more impacted catchments, where these changes can have significant impacts
on streamflow (Beven, 2011). Finally, the data of many catchments could be combined together in an attempt to

develop a model to predict streamflow in ungauged basins (Kratzert et al., 2019b).

4.4. Conclusions

In this study, the research questions were: 1) if LSTM and GRU networks could be successfully developed in semi-
arid South African catchments to generate reliable streamflow estimations, and 2) whether freely available gridded

weather data could be used to produce reasonably accurate streamflow estimates.

A challenge was obtaining spatially distributed weather data for the catchments. To compensate, 30 days’ worth
of past streamflow was used alongside rainfall and temperature to train the models to predict the next day’s
streamflow. Predicted streamflow was incorporated into the model input data during model testing to simulate long
term time series. This resulted in negative streamflow predictions, mainly during the dry seasons. The GRU and
LSTM were constraint in two ways to eliminate these predictions. This allowed for the successful training of GRU
and LSTM networks using historic streamflow and weather data that could be used to generate satisfactory

streamflow estimates based on two statistical criteria.

While the approach does not fully integrate hydrological or physical theories in the way that recent advances in
physics- or hydrologically informed ML/DL have, it does employ domain-specific adjustments to improve the
physical plausibility of model outputs, thereby offering a robust solution especially well-suited for regions where

spatially comprehensive meteorological data are not readily available.

Both GRU and LSTM networks could be used as a fast and efficient technique to generate streamflow information.
These techniques showed great potential and could be used, for example, to generate missing streamflow data
for streamflow stations that were monitored in the past but are no longer monitored, or to fill gaps in records — a
crucial need for long-term climate and hydrological studies. There is also potential to further develop and apply

these models for short-term (daily time step) streamflow forecasts, which could have important implications for
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flood risk management and water resource planning. Testing this method in more catchments under varying
characteristics, where sufficient historic streamflow and weather data is available, is recommended to further

validate this method.

Given that LSTM and GRU networks are inherently designed for sequential data, the method, though initially
developed for streamflow prediction, holds promise for a broad range of time-series applications within hydrological
modelling. These could include forecasting variables such as evapotranspiration (ET), soil moisture, and

groundwater levels.

In conclusion, this study contributes to the growing body of literature affirming the capabilities of DL in hydrological
modelling. It also provides valuable insights into the specific challenges and solutions associated with applying
these models to streamflow prediction.
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9. Big data analytics in precision agriculture

Simphiwe Maseko, Michael van der Laan, Eyob Tesfamariam, Marion Delport, Helga Otterman

5.1. Introduction

The recent emergence of big data and its analytics to revolutionize the agricultural industry has been an area of
great interest globally. The development and deployment of big data analytics in agriculture involves the interaction
between people, institutional and regulatory settings, and the technologies involved. Increased productivity and
improved operational efficiency can be achieved with accurate data analysis in farming systems (Elijah et al.,
2018). Having access and analytic capabilities on increasing numbers of farming datasets enables a more effective
approach to prescriptive and predictive analysis. It is now possible to combine large datasets and analyses
including climate and weather forecasts, crop simulation models, GIS mapping technology, consumer consumption

data, pest management (Tantalaki et al., 2019).

The success of big data analytics application in agriculture largely depends on the implementation of this
technology being able to respond to stakeholder dynamics and needs within the agricultural sector. For big data
application to be effectively applied, stakeholders must be willing to share and integrate data, and new technologies
need to be understood, adopted, and accepted by especially farmers and decision makers. Furthermore, protocols
must be in place to protect farmers rights to privacy, data ownership and control (Sonka, 2016, Wolfert et al., 2017,
Jakku et al., 2019). A careful consideration of social and technical implications needs to be in place since big data
application can transform roles and power relationships between various stakeholders in the agricultural sector
(Ryan, 2020).

The past decade has seen the emergence of agricultural technology provider (ATP) business component in big
agricultural companies. These ATPs can install a range of data retrieving devices on the farm, farmer's machinery,
and surrounding areas to monitor and obtain persistent datasets. This, however, might come with novel but
immature technologies, that would need time to get validated, and farmers to efficiently handle and use them for
precise and reliable data (Jakku et al., 2019). This means farmers might be made to work with newly introduced
imperfect systems, requiring time to be able to get better with them and obtain accurate datasets. Numerous
technologies for related problems may be offered to farmers by different technology providers, with different levels

of complexities and recommendations, thus leaving farmers unsure of a better solution from these different ATPs.

The advent of advanced technologies, such as variable rate planters and applicators, has made site-specific data
acquisition more cost-effective and has opened up avenues for the development of new decision support systems
that can handle more intricate and data-heavy tasks than the conventional systems currently in use (Nyéki et al.,
2017). The last two decades have seen the rapid expansion of on-farm research, especially in developing

countries, owing to the increased adoption and use of PA technologies (Kyveryga, 2019). On-farm precision
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experimentation is another type of on-farm experimentation (OFE) that enables the collection of large amounts of
crop and soil data in a relatively short period of time and can be of special interest to large-scale farmers aiming
to improve site-specific crop input management (Bullock et al., 2019). A multidisciplinary research project initiative
called the Data Intensive Farm Management (DIFM) (Bullock et al., 2019), enables researchers to develop data-
intensive, site specific input management advice and collaborate with farmers to provide guidance on how to make
OFE systems pay back in their operations. This data collection may result to increased cost-effectiveness, but if

adequately analysed, can have a huge potential to refine the current knowledge of agricultural systems.

Case study: Evaluating Machine Learning Models For Sub-Field Maize Yield Predictions In Precision

Agriculture

To fully utilize big data analytics in the field of agriculture, it is necessary to advance scientific methodologies. Thus,
the application of artificial intelligence (Al), particularly machine learning (ML) techniques, is highly relevant. As the
amount of large, geo-referenced on-farm data becomes increasingly available, there is a need for analytical Al
frameworks that can provide crop management recommendations and yield predictions. With the help of large
datasets, it is now possible to conduct inductive research methodologies and investigate the complex interactions
between crop management practices, environmental factors, and crop yield. This approach offers a practical and
effective way to conduct large-scale agronomic research (Silva et al., 2020). By leveraging Al-powered data
analysis, forecasting, and prediction techniques outlined by (Basso et al., 2016) farmers can make informed

decisions that increase productivity and ensure the success of their crops.

Over the last decade, ML approaches have become increasingly prevalent in agriculture because of their ability to
effectively address complex agricultural problems and nonlinear relationships leading to more accurate results
(Pantazi et al., 2016, Tantalaki et al., 2019). One area that has seen particular growth is the use of ML to forecast
crop yields, although the research community still debates on the most effective techniques for various data types
and situations (Ransom et al., 2019, Van Klompenburg et al., 2020). Precision agriculture data, combined with ML
techniques has proven to be particularly helpful in estimating crop biomass and yield (Nasi et al., 2018, Li et al.,
2020), thanks to the ability of ML to handle large datasets with numerous variables, such as those created using
PA equipment with data collection capabilities (Li et al., 2022). The advancement of Al applications has led to a
broad range of applications for ML in agriculture, benefiting data gathering and selection to improve agricultural

practices (Nawar et al., 2017).

The success of agricultural production heavily relies on farmers implementing advanced techniques, at every level
of crop production, to increase yield per unit area. To aid in this endeavour, farmers can be assisted by an accurate
model for crop yield prediction, which enables them to make informed decisions on when to produce certain crops.
By predicting the yield of a specific site, farmers can also adjust the application of farm inputs, such as fertilizers,
based on the anticipated crop and soil needs. This study employed ML algorithms to forecast maize yield in a PA
farmed field. The objectives of this research are twofold: (i) to assess the predictive ability of the ML model using

DIFM datasets and determine the best-performing ML model and (ii) to investigate the potential of ML models to
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identify optimal input rates and limiting factors in a spatially variable field. We hypothesized that the performance
of ML models in subfield predictions would be enhanced through the utilization of spatially representative DIFM

datasets for training and testing.

5.2. Materials and Methods

Experimental site

The study was conducted in Henneman in the Free State province of South Africa (27°51'16"S, 27°01'15°E, 1 412
m.a.s.l.). This region is characterized by commercial medium-to large-scale farming of crops and livestock. It has
a cold semi-arid climate, with hot and wet summer days and cooler, dry winters, an average temperature of
approximately 18°C, and an annual average rainfall of approximately 600 mm yr-!. Seasonal rainfall usually starts

in October and ends in April, with more than 80% of rainfall occurring from December to March.

Trial design and management

This study was based on datasets collected in a DIFM maize field trial conducted in the 2019/2020 and 2020/2021
growing seasons. The DIFM trials are designed to generate data for localized crop response to site specific input
factors (Bullock et al., 2019). The experiment had two management input factors, seeding rate (S) and nitrogen
fertilizer application rate (Urea). The treatments were set up in a completely randomized factorial design, with nine
seeding rate factors (10 000, 15 000, 18 000, 21 500, 27 000, 32 000, 38 000, 44 000 and 50 000 seeds ha') for
each of the two seasons. There were eight levels of Urea fertilizer rates (90, 120, 150, 170, 200, 225, 250, and
270 kg ha-" urea in 2019/2020, and 105, 120, 150, 170, 200, 225, 250, and 270 and 300 kg ha-' urea in 2020/2021)
assigned randomly throughout the field in each of the two seasons. The procedure used for fertilizer application
was an initial uniform 200 kg/ha 15.10.6 (31) NPK mixture applied throughout the field at planting. The N variation
treatments were then implemented by applying the different urea rates banded 15 cm offset to the row and 10 cm
deep. The standard practice of the farmer was to apply 18 000 seeds ha' and 224 kg ha' of urea. The plots were
designed to be 15 m wide and 73 m long. The plot width is typically determined by the width of the planter used,
such that every plot hosted one pass of the planter and one pass of the fertilizer applicator, the 7 3 m length is
determined by the distance it takes for the planter to change input application rates as determined by the trial
design. All treatments were implemented in the field using variable-rate-enabled seed planters and fertilizer
applicators. A medium season cultivar from seed company Dekalb (DKC 78-77 BR) was used consistently
throughout the field over the two seasons. A rate of 18 000 seeds ha' was assigned to a buffer zone around the

perimeter of the trial, but observations from the buffer zone were not included in the subsequent analysis.
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Figure 18: The maize (Zea mays L.) field study was conducted in Henneman in the Free State province of South Africa. An

example of different seeding rate treatments is shown.
Data collection and processing

The final dataset used consisted of maize grain yield (20% moisture content) as a dependent variable and 24
georeferenced management, soil, and remotely sensed data as independent variables (see Table 9 for all list).
The data were processed to represent multiple small plots across the field, with each plot having a unique yield

value linked to the management, soil and remotely sensed data.

Yield data

Yield data were collected using a calibrated yield-monitoring system mounted on the combined harvester, which
recorded the yield data every two seconds during the harvesting process. The data cleaning procedures of DIFM
trial data which were followed in this study were discussed in detail by Bullock et al. (2019). The farmer utilized a
strategic harvesting technique in which during every other pass, the combined harvester traversed through the
center of the plot. As a result, yield data were gathered solely from the middle 50% of each plot. Raw ‘as applied’
and harvest data were retrieved directly from the variable rate applicators and yield monitors. The raw data were
cleaned to remove observations with extreme yield or as applied rates (‘outliers’). Additionally, data points were
excluded from the headlands due to varying sun exposure, fluctuations in machinery driving speed, and the
possibility of application overlaps, which made the data less reliable. The DIFM strategy also involved the
placement of about 10 m ‘transitional buffer zones’ at the end of each plot where the planter could be changing
from one application rate to another. The distance between points, swath width, and headings recorded in the raw
yield data was used to make yield polygons, and subplots were made by combining yield polygons with similar N

rates into groups (yield polygons combined made a subplot of about 12 m in length). The average value of all yield
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points within each subplot was calculated and used in the analysis as a single observational unit. After undergoing
data cleaning, 5 748 and 3 409 observational units were analyzed for the respective seasons. The first season
yielded more data points than the second due to more heterogeneous yields throughout the field in the 2020/2021

season, and some plots had yields that were too low for meaningful analysis.
Soil data

Data on soil distribution were collected by a commercial fertilizer company (OMNIA) for soil analysis, which was
conducted on-site before the start of each planting season. The variables measured at each location for both the
topsoail (0-0.3 m) and subsoil (0.3-0.6 m) included physical properties such as clay percentage and soil depth as
well as chemical properties such as soil pH, potassium (K), Bray P, calcium (Ca), magnesium (Mg), and sodium
(Na). The soil was sampled in 62 locations across the field on a 100 m grid, and five samples were taken in each
sampling point about 3 m apart. This investigation utilized 24 variables for yield predictions, of which 14 were

primarily focused on the physical and chemical properties of both the topsoil and subsoil.
Remotely sensed data

The normalized difference vegetation index (NDVI), which gives an indication of canopy development and health,
is a highly effective tool for assessing crop yield potential. To incorporate real-time data into our model training and
testing, NDVI data were used to track crop growth at various stages of the growing season. NDVI values were
calculated using Sentinel 2A images with a 10 m resolution in QGIS, creating raster files from which the NDVI was
calculated for each pixel. These images were captured between 1 November 2019 and 30 April 2020 as well as
20 November 2020 and 30 April 2021, and downloaded through the Copernicus hub (https://scihub.copernicus.eu).
The NDVI was calculated in QGIS by using raster files containing near infrared and red bands from Sentinel 2A
images. The centroids for each plot from the yield data shapefile were used to sample the corresponding NDVI
value. The NDVI data was extracted at seven different intervals, beginning 11 days after emergence (DAE) and
continuing until the crop reached physiological maturity (135 DAE). The images were carefully selected to focus
on the area of interest (the maize field), and only those with less than 5% cloud cover were included in the analysis.
Finally, the raster files were sampled using the centroids from each yield polygon to extract the NDVI time series

for corresponding yield points from emergence to harvest.
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Table 9: The agronomic management, soil and remotely sensed variables used in model development.

Variable name Description Units
Agronomic Plant_pop Plant population seeds ha'!
o kg ha'!
Urea Urea application
Sail pH_top Soil pH in topsoil -
. , mg kg-*
Bray_top Phosphorus in topsoil
_— : mg kg-*
K_top Potassium in topsoil
_ , mg kg-*
Mg_top Magnesium in topsoil
_— . mg kg'*
Na_top Sodium in topsoil
. . mg kg'*
S_top Sulphur in topsoil
%
Clay_top Clay content in topsoil ’
. . mg kg'*
Bray_sub Phosphorus in sub soil
_— . mg kg'*
K_sub Potassium in sub soil
_ . mg kg'*
Mg_sub Magnesium in sub soil
o . mg kg'*
Na_sub Sodium in sub soil
, , mg kg-*
S_sub Sulphur in sub soil
%
Clay_sub Clay content in sub soil ’
Soil_d soil depth m
Remotely sensed 11DAE_ndvi NDVI at 11 DAE
25DAE_ndvi NDVI at 25 DAE
60DAE_ndvi NDVI at 60 DAE
85DAE_ndvi NDVI at 85 DAE unitiess
100DAE_ndvi NDVI at 100 DAE
110DAE_ndvi NDVI at 110 DAE
120DAE_ndvi NDVI at 120 DAE
135DAE_ndvi NDVI at 135 DAE
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Machine learning maize yield predictions

The ML models were built using Python Keras libraries in a Google Collaboratory cloud computing environment.
The ML algorithms were implemented using a multi-step process. The data file included attributes from the soil,
agronomic management practices, and remotely sensed data as independent variables, with maize yield as the
dependent variable. The processed data was utilized for both model training and testing purposes. The data used
for model training and testing were from 2019/2020, 2020/2021, and a merged dataset of the two seasons. The
data points used for model training and testing was 4 025, 2 387 and 6 410 observational units for the 2019/2020,
2020/2021, and merged datasets for both seasons, respectively. An 80/20% ratio data split was used on the data

for model training and testing in each of the four ML models.

To predict maize yield, four ML algorithms (MLR, MLP, DT, and RF) were trained and tested. The MLR models the
relationship between two or more explanatory variables and a dependent variable, assuming a linear relationship.
For predicting crop yields, MLR has been a popular technique (Drummond et al., 2003, Van Klompenburg et al.,
2020). Multiple linear regression uses least-squares optimization to determine the dependent variable that best fits

each independent variable (measured yield). The MLR model was developed according to Equation 5.1.
Vi=Bo+ BiXs + BoXo+ + Xy + & (5.1)

where y; is the grain yield, Bo represents bias, 81 — . are the coefficients of regression, X;—X, are the input

variables, and ¢ is the error associated with the ith observation.

The MLP model was created using Keras, a deep learning application programming interface (API) implemented
in Python. Because the models in Keras are described as a series of layers, a sequential model was initially
created, and then four additional layers were added using the Rectified Linear Unit (ReLu) activation function. An
Adams gradient descent optimizer was chosen with default hyperparameters, as tests have shown that this is a
good optimizer when used with adaptive learning rates (Ruder, 2016). We implemented a mean squared error

(MSE) loss function and a maximum of 500 epochs.

The DT is a type of supervised learning model that can be used for both classification and regression tasks. It is
capable of selecting an outcome from a tree of potential decisions (Maimon and Rokach, 2014, Perez-Alonso et
al., 2017). The tree structure resembles a flowchart and is used to evaluate issues by considering numerous
features and attributes. In this study, the Scikit-learn Python module “DecisionTreeRegressor” class was applied,

with @ maximum depth of 30 trees.

Random Forest is a tree-based ensemble model built on the concept of bagging, which averages final predictions
from different training subsets made by sample training data with replacement in an effort to reduce prediction
variation (Breiman, 2001). Random forest adds a new feature to bagging by randomly selecting a set of features,
building a tree with those features, repeating this process numerous times, and then averaging all the predictions

made by the trees (Shahhosseini et al., 2021). The Gini index was used to identify the key characteristics that

57



significantly influence the yield based on the various independent variables. This selection process of features is

crucial for identifying significant variables that explain yields and could highlight limiting factors in agronomic terms.
Model evaluation

Performance evaluation measures were used to assess the level of accuracy of each prediction model and select
the most suitable algorithm for supervised learning regression exercises. To evaluate our ML models, we used the
root mean square error (RMSE) and mean absolute error percentage (MAPE). The degree of correlation between
the expected and actual values was gauged using the coefficient of determination (R?). These metrics can be used
for both regression and classification tasks (Naser and Alavi, 2020). The closer R?is to 1, the higher the prediction
performance of the model. Small RMSE and MAPE values indicate a small discrepancy between the observed and

predicted yields. It is generally accepted that the model with the smallest estimation error is the best.

5.3. Results and Discussion

Descriptive yield analyses and model training and testing

This study focused on comparing ML techniques to define the relationship between soil, agronomic management,
and remotely sensed data for sub-field scale maize yield predictions and the identification of influential attributes
explaining yields. The descriptive statistics of seeding rates, urea application, and grain yield during the 2019/2020
and 2020/2021 seasons are presented in Table 10. Maize yields varied from 6.8-12.4 t ha' and 2-13.7 t ha! in
the 2019/2020 and 2020/2021 seasons, respectively. The 2019/2020 season had a higher average yield
(9.7 tha'") and lower yield standard deviation (1.2 t ha') than the 2020/2021 season (8.6 t ha-' average yield and
2.1 tha' standard deviation). Although the dataset presented a wide range of yield values, the spatial structure of

variability was still unclear despite the rich dataset.

Table 10: Descriptive statistics of maize yield for the 2019/2020 and 2020/2021 seasons.

index Seeding rate Urea Yields

seeds ha! kg ha't that

Season 2019/202 2020/2021 2019/2020 2020/2021 2019/2020 2020/2021

std 10527 9594 55 62 1.2 2.1
min 5613 13676 94 104 6.8 2
mean 30434 28862 181 204 9.7 8.6
max 49881 49381 276 308 124 13.7
count 5748 3409 5748 3409 5748 3409

Based on the descriptive statistics of the measured yield data, it was clear that there was variation in the sub-plot

yields within a single season and between the two seasons. The yield variation between the two seasons can be
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explained by differences in the total rainfall received from planting to harvesting, which was 674 mm and 439 mm
for the 2019/2020 and 2020/2021 seasons, respectively (Figure 19). Itis noted that there was also a high incidence
of tillering from the planted cultivar in various treatments, especially in a combination of low plant populations and
high fertilizer rate treatments, which could have contributed to final grain yield but not accounted directly by the

seeding rate.
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Figure 19: Rainfall distribution for the two seasons (2019/20 and 2020/21) covering the period from planting to harvesting.

It is important to first learn about the data using statistical tools for successful training of ML algorithms. The
correlation analysis results for all the datasets are presented in Figure 20. The results indicated that the extent of
the relationship between yield and individual yield-influencing attributes varied between seasons. Despite seasonal
variations, a distinct positive correlation between yield and agronomic management and NDVI at all growth stages
in both seasons was observed. Urea application had a stronger relationship with yield compared to the plant
population for each of the two seasons and when seasonal data were combined. Plant population and urea
application also helped explain the yield differences between the two seasons, with urea application having a
higher correlation with yields in the 2020/2021 season than in the 2019/2020 season, while the opposite could be
observed for plant population, with a higher correlation in the 2019/2020 season than in the 2020/2021 season.
This could be a result of the higher rainfall received and better distribution in the 2019/2020 season than in the
2020/2021 season. The NDVI at 110 and 85 DAE had the highest correlation with yield in the 2019/2020 and
202072021 seasons, respectively. The extent to which some soil attributes were related to yield could be negative
(pH_top, and S_sub), positive (Bray_top, Bray_sub, K_top, K_sub and clay_sub), or both (Mg_top, Mg_sub,
clay_top and Na_sub) over the two seasons. There was no clear positive or negative interpretation of these

variables and yields, suggesting that the relationships were nonlinear.
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Correlation with yields in 2019/2020 season
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Correlation with yields for combined 2019/2020 and 2020/2021 seasons
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Figure 20: Correlation analysis for the relationship between agronomic management, soil, remotely sensed, and weather data
and maize yields for the 2019/2020 and 2020/2021 seasons and combined data for the seasons.

After combining the data of the two seasons into one dataset and including monthly rainfall as variables, urea
application still proved to be more important than plant population in explaining yield. The precipitation pattern
during the 2019/2020 season was more favourable than that of the 2020/2021 season, with a higher total rainfall
amount and better-distributed precipitation from planting to harvest. Most months in 2019/2020 recorded higher
monthly rainfall, apart from February. This discrepancy in February rainfall explains the negative correlation
between February rainfall and crop yield. Other notable attributes explaining yields were S and Bray P in the topsoil
and soil pH, which had the highest correlation, whereas S_sub and Na_sub had the lowest correlation with yields
over the two seasons. The negative correlation between soil pH and yield indicates that, for this field, there may
be a compounding effect of other yield-influencing factors that are associated with an increase in soil pH, which
results in certain parts of the field having lower yields at higher soil pH. Through the correlation analysis, it was
evident that there was a complex relationship between maize yield and the different yield attributes during the two
seasons. The varying correlations between yield and yield-influencing attributes across seasons reflect the
complexity of agricultural systems. Varying weather and the interaction between multiple yield-influencing variables
can contribute to varying correlations, such as soil properties, which may have a more positive effect on yield in a

wet season than in a subsequent drier season.

Evaluation of ML algorithms for sub-field maize yield predictions

The R? values between the actual and predicted yields for the four ML models using datasets with and without

NDVI are shown in Figure 21. An analysis of the overall trend revealed that when NDVI data were factored in, the
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ML models, in most instances, demonstrated improved predictive accuracy in both seasons. The incorporation of
NDVI strengthened the linear associations between yield and yield prediction attributes within the dataset, which
was effectively captured by the models in most cases, particularly MLR. In contrast, when comparing model
performance with data without NDVI, the MLR, DT, and RF exhibited either increased or equal prediction accuracy
from the 2019/2020 to 2020/2021 seasons, while MLP showed a decline in prediction accuracy from the same
period when trained and tested without NDVI data. The model predictions using NDVI data revealed that MLR (R2
= (.55 and 0.74) had superior prediction accuracy compared to MLP (R2 = 0.5 and 0.65) across both seasons.
Furthermore, this was true when combined data were used, and NDVI was included. This was likely a result of the
higher correlation between NDVI and yield, as indicated in the descriptive statistics, being able to capture more
linear relationships between NDVI and yields in the MLR model, while the MLP also considered the nonlinear
relationships that lowered the prediction accuracy. Previous studies have suggested that linear regression analysis
is less effective in agronomic studies because yield data are a result of multiple interacting factors (Kitchen et al.,
2003).

aMLR mMLP mDT =RF
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0.6
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Figure 21: Comparison of the performance of machine learning algorithms for season 1(2019/2020) and season 2 (2020/2021)
and combining the data from the two seasons with and without NDVI (MLR: multiple linear regression, MLP: multilayer

perceptron, DT: decision tree, RF: random forest).

The model performance was further evaluated using the MAPE and RMSE, as shown in Table 11. Similar to the
R? analysis, the inclusion of NDVI reduced the error of the ML predictions, as indicated by the low MAPE and
RMSE values with NDVI. The MAPE and RMSE accuracy trends displayed inconsistencies during the 2019/2020
season, with lower values observed for MLP and RF models without NDVI. Although model accuracy varied
depending on the ML model and dataset used, the DT was the least accurate model, with MLP and MLR scoring
reasonable accuracies, and RF was the most accurate model when NDVI was included in the training and testing
data. The MLR was the least accurate, DT and MLP were reasonably accurate, and RF was the most accurate ML
model without NDVI data included in the training and testing datasets. The lower accuracy of the MLR model in

predicting subfield yields without NDVI data emphasizes the difficulty of capturing the intricate and nonlinear
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connections present in the dataset. The inclusion of NDVI data improved the initially poor prediction accuracy of
the MLR model more than that of the other models, indicating that NDVI data can enhance the predictive
performance of the model. The results of this study indicate that although varying ML techniques are applicable
for sub-field maize yield predictions, the accuracy of these models can be influenced by the specific datasets used
and may vary with temporal changes between successive seasons. Incorporating NDVI data into the training and
testing datasets led to improved model predictions and a decrease in prediction errors in all models, although the
extent of these improvements varied among the different models and datasets used. The application of ML models
in two distinct seasons yielded different prediction accuracy results for all models, although there was consistency
in the overall comparison between the models. This could be an indication of the shift in the impact of temporal
and spatial variables on yield between seasons (Kravchenko and Bullock, 2000), and these interactions are more

important in rain-fed cropping systems.

Table 11: Statistical analysis comparison of machine learning regression models on DIFM trial Uitsny maize field for
2019/2020, 2020/201, and combined dataset with and without NDV/I evaluated using the 80/20 training and testing analysis

(MAPE: mean absolute percentage error, RMSE: root mean square error).

Season ML algorithm M&P)E (T'::F)
With NDVI data
MLR 6.7 0.83
2019/2020 MLP 6.5 0.85
DT 74 0.96
RF 54 0.69
MLR 9.8 1.08
2020/2021 MLP 105 122
DT 12.0 135
RF 8.4 0.95
MLR 8.7 1.00
Combined seasons MLP .7 0.93
DT 8.7 1.10
RF 6.6 0.81
Without NDVI data
MLR 8.4 1.01
2019/2020 MLP 6.2 0.79
DT 74 0.97
RF 53 0.66
MLR 144 1.59
202012021 MLP 124 140
DT 13.3 165
RF 10.0 114
MLR 11.6 1.36
Combined seasons MLP 7.9 0.98
DT 8.9 1.21
RF 7.0 0.89
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The important factors for maize yield predictions

The RF model was utilized not only to assess the predictive abilities of the models but also to evaluate the

interaction between seeding and fertilizer rate combinations and various attributes within each plot to ascertain the
most influential attributes for yield prediction (Figure 22). As the RF model emerged as the top performer, this

section delves into the implications of important variables extracted from that model. Although the relative impact

of a solitary variable cannot be measured independently of other variables, a measure for assessing the relative

importance of factors on prediction outcomes was
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Figure 22: Feature importance from the random forest for 2019/2022, 2020/2021, and the combination of the two-season data
with and without NDVI using the 80/20 training and testing analysis (Plant_pop: plant population, Urea: urea application,
ph_top: soil pH in topsoil, bray_top: phosphorus in topsoil, K_top: potassium in topsoil, Mg_top: magnesium in topsoil, Na_top:
sodium in topsoil, S_top: sulphur in topsoil, Clay_top: clay content in topsoil, Bray_sub: phosphorus in sub soil, K_sub:
potassium in sub soil, Mg_sub: magnesium in sub soil, Na_sub: sodium in sub soil, S_sub: Sulphur in sub soil, Clay_sub: Clay

content in sub soil, Soil_d: soil depth).

The variable importance generated from the RF model on data without NDVI indicated that urea application and
plant population, which are variables that the farmer can more easily control, explained 24, 40 and 27% of yield
variation in the first, second, and combined season data. The inclusion of NDVI data in model training resulted in
urea application and plant population explaining 15, 13 and 14% of yield variation, respectively, for the three
datasets used. Despite the changes in variables (with and without NDVI) used for model development, soil pH and
clay content in the topsoil consistently explained 5-6% and 2-3% of the yield. The NDVI variables had a stronger
impact on maize yield predictions than the soil and management variables. This explains the improved model
performance when NDVI data are included, as indicated by the higher prediction accuracies in all ML models used.
Specific NDVI measurements on different days after emergence demonstrated a significant explanatory power.
For example, NDVI at 110 DAE in the 2019/2020 season explained 38% of the yield variation, while NDVI at 85
DAE in both the 2020/2021 season and the combined seasons explained 55% and 45% of the yield variation,
respectively. The addition of NDVI data can only be crucial for improving the yield prediction accuracy of the

models, as this can be an attribute that a farmer cannot control.

The feature importance shows that urea application, plant population, soil pH, and clay content in the topsoil were
agronomic management and soil attributes that led to larger information gains on yield variability, whereas subsoil

chemical properties explained yield variability the least in the low rainfall season or combined season analysis. In
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the wet season, however, urea application, plant population and sub-soil properties (subsoil P, Na, K and clay)
explained yield variability the most. The inclusion of NDVI data is important for increasing model prediction
capabilities and could be crucial for in-season yield prediction exercises. This study showed that the important
features explaining yield variability differed between seasons and were influenced by the inclusion of other

variables in the dataset.

5.4. Conclusions

The results showed that despite differences in accuracy, all four ML techniques could be effectively trained and
tested on DIFM data to develop models that can be used to estimate sub-field maize yields in a highly
heterogeneous field. This could be important for helping farmers and agronomists to estimate the yield profit
margins and determine the cost-benefit of an intervention. The RF model was the best for spatial yield predictions
using DIFM datasets and the inclusion of NDVI data improved model performance drastically. The RF feature
importance statistics provided insights into the variables that most likely limit grain yield and those that can explain
yield variability, which may prove to be useful for on-farm decision-making processes. Integrating more within-
season data sources, such as NDVI, rainfall distribution in relation to plant growth stage, and timing of split fertilizer
application, should be considered in future research because it can potentially improve sub-field yield predictions.
Machine learning models in agricultural systems require the consideration of variations in weather, soil types, and
other environmental factors that can vary in space and time. The DIFM trials can play an important role in advancing
the field of precision agriculture by providing valuable insights into the complex interactions between crops, soils,
weather, and management practices, and by identifying new opportunities for improving crop vyields and
environmental sustainability. The approach used in this study can be refined and adapted for application in different

farming environments.
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6. Digital soil maps for South Africa

Aimee Thomson, Michael van der Laan, Leushantha Mudaly, Garry Paterson

6.1. Introduction

Although major advancements in digital soil mapping (DSM) have led to the increased availability of soil information
(Rossiter, 2016), several studies have shown that internationally developed DSMs, or DSMs at global scales, are
not highly accurate representations of actual soil data (Rossiter et al., 2021, Bodenstein et al., 2022). As soil-
landscape interactions vary at different geographic locations, the methodologies used to create global DSMs may
include soil forming processes that might be unsuitable to apply to areas in South Africa (van Zijl, 2019).
Additionally, high quality, accessible soil data in actionable form has historically been lacking for southern Africa,
and the quality of legacy soil data used to construct the DSMs has a direct effect on DSM accuracy (Paterson et
al., 2015, Van Tol and Van Zijl, 2020, Miller et al., 2021).

Previously, the investigation into the accuracy of the SWAT-SA, Innovative Solutions for Decision Agriculture
(iSDA), Africa SoilGrids 250 m (AfSG250), Harmonised World Soil Database version 1.2 (HWSD), and SoilGrids-
for-DSSAT-10 km (SG-DSSAT) showed that the DSMs had differing ranges of accuracy for a study area (The
ARC-Roodeplaat Experimental Farm), but that AfSG250 was the most representative for the soil parameters under
study. This study aimed to assess the accuracy of the same five DSMs in a South African context by observing the
differences between the measured and DSM-estimated soil parameters across varying regions and soil types. It is
hypothesised that, as seen previously, the DSM values will be substantially different to in-field observations.
Additionally, locally produced DSMs will be more accurate than internally produced DSMs, but it is likely that the

most reliable representation of South African soils will be a combination of the DSMs.

6.2. Materials and Methods

A total of 25 studies were selected for data comparison (Figure 23). The data were sourced from previous studies
and Prof Martin Fey’s Soils of South Africa (Fey, 2010). Overall, the sites were selected with the intention of having
a broad coverage of South Africa as well as ensuring a variety of soil types. Sites occurring in areas with

agriculturally significant soils were also favoured.
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Figure 23: The study area distribution across South Africa, where SOSA refers to sites obtained from Soils of South Africa
(Fey, 2010).

Soil data from the respective DSMs under study were collected for each location. To explore the accuracy of the
DSMs, the parameters under study were evaluated in independent sections (clay, silt, SOC, pH, and bulk density)
by comparing measured data to DSM soil parameter data. In the comparison, graphs representing the measured
and DSM parameter values at different soil depths, graphs showing the relative spread of error exhibited by the
DSMs, and tables with Root Mean Square Error (RMSE) values were given. The graphs and tables representing
all the parameters were extensive and not included in this document in the interest of space. However, the section
on siltis given as an example of what the data looked like:

Silt

As seen in Figure 24, the general trend was that DSMs over-estimated silt values, with exception of SWAT-SA,
which, in most cases, produced either under-estimates or values very similar to measured values. Although SWAT-
SA had silt values that were in some instances very different to the measured values, it remained the most
frequently accurate amongst the group. As with clay, iSDA and AfSG250 present similar accuracy both DSMs
rarely produced estimates that were far out of range of the measured values. SG-DSSAT performed poorly in
general but still produced silt values close to measured values in some instances. HWSD produced silt estimates
that were highly erroneous most frequently.
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Figure 24: Comparison between measured and estimated silt content (%) for SWAT-SA, Innovative Solutions for Decision
Agriculture (iISDA), Africa SoilGrids 250 m (AfSG250), Harmonised World Soil Database version 1.2 (HWSD), and SoilGrids-
for-DSSAT-10 km (SG-DSSAT) DSMs at different soil depths. Only six of 25 study sites shown.

The RMSE values seen in Table 12 indicate that SWAT-SA was the most accurate of the DSMs for the first 0.05
m and 0.6-1 m, and iSDA and AfSG250 had similarly accurate values at depth 0.05-0.6 m. Conversely to clay, silt

values appeared to become more accurate with increasing depth for all DSMs.
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Table 12: The root mean square error (RMSE) across all sites for silt estimates (%) of the respective DSMs under study. A
heat map of how well the DSMs perform relative to one another has been included, where green is indicative of predictions

with smaller error, and red is indicative of predictions with larger error. (n can be found in Table 14)

Silt RMSE (%)

Depth (m) SWAT-SA iSDA AfSG250 SG-DSSAT HWSD
0.00-0.05 7.31 7.62 7.90 10.41 12.01
0.05-0.15 7.29 7.26 7.26 9.59 11.56
0.15-0.30 6.53 6.27 6.51 8.40 11.57
0.30-0.60 6.16 6.14 5.95 7.37 10.34
0.60-1.00 5.66 6.76 7.08 9.45

The general tendency for DSMs to over-estimate silt values can be observed in Figure 25. When considering a
range of -20% to 20% deviation from measured silt values, 100% of SWAT-SA, iSDA, AfSG250, and SG-DSSAT
datapoints values fell within range, whereas only 91.5% of HWSD datapoints fell within range. HWSD had the
largest spread of error when compared to other DSMs, followed by SG-DSSAT and then SWAT-SA. Despite the
large range of error seen in SWAT-SA, it had a substantial concentration of estimates around the y-axis, indicating
higher accuracy compared to other DSMs and, as shown in Table 13, had the most even ratio of under- to over-
estimates and also produced the most instances in which silt estimates matched silt measurements. The iSDA and

AfSG250 DSMs produced estimates with a relatively low ranges of error.
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Figure 25: The spread of error at different depths for the various DSM silt content (%) predictions, where at 0%, measured silt

= DSM-estimated silt. Thus, values clustered around the y axis reflect less error (n can be found in Table 14).
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Table 13: Number of instances in which the respective DSMs produced under-estimates (measured > estimated), over-
estimates (measured < estimated), and precise (measured = estimated) silt values

Silt error (%) SWAT-SA iSDA AfSG250 SG-DSSAT HWSD
Under-estimates 56 19 33 26 34
Over-estimates 44 74 81 92 79
Precise 8 5 4 0 5

Table 14: Number of data points available for comparison between measured silt and estimated silt according to depth for
each DSM under study.

Number of observations for silt comparisons

Depth (m) SWAT iSDA AfSG250 SG-DSSAT HWSD
0.00-0.05 25 25 25 25 25
0.05-0.15 25 25 25 25 25
0.15-0.30 25 25 25 25 25
0.30-0.60 20 23 23 23 23
0.60-1.00 13 0 20 20 20
Total 108 98 118 118 118

6.3. Results and Discussion

As can be seen in Table 15, of the five DSMs, SWAT-SA had the lowest average error for silt and bulk density,
iSDA had the lowest average error for pH, AfSG250 had the lowest average error for clay, and SG-DSSAT had
the lowest average error for SOC. HWSD had the highest error for all parameters except SOC, making it the least
accurate DSM of the group. While AfSG250 only had the lowest average error for one parameter, it had the lowest
total average error (Table 16). The next most accurate DSM overall was SWAT-SA, followed by iSDA, SG-DSSAT,
and lastly HWSD. Also seen in Table 16 is the relative parameter accuracy. The DSMs appeared to predict clay

most accurately overall, followed by SOC, pH, silt, then bulk density
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Table 15: The normalised root mean square error (nRMSE) values for clay, silt, soil organic carbon (SOC), pH, and bulk
density (BD) parameters. The DSMs showing the lowest average accuracy per parameter have been indicated with a bold
outline.

Database and nRMSE (%)
Depth Clay Silt SOC pH BD
SWAT-SA
0.05m 19.03 22.76 21.73 28.73
0.15m 18.81 22.70 21.66 28.73
0.30 m 18.73 23.45 26.54 39.01
0.60 m 23.83 27.53 35.97 36.83
1.00 m 27.23 22.53 25.37 7217
iSDA
0.05m 19.09 23.73 21.23 21.12 80.01
0.15m 18.87 22.63 21.27 21.97 80.01
0.30m 17.77 22.52 28.66 23.25 93.51
0.60 m 19.61 2747 25.20 24.80 66.37
AfSG250
0.05m 18.88 24.62 20.45 23.17 66.58
0.15m 18.19 22.62 18.99 23.19 60.35
0.30m 17.60 23.39 24.82 23.30 65.52
0.60m 19.36 26.60 25.94 24.44 34.83
1.00 m 19.27 26.92 28.18 25.90 17.64
SG-DSSAT
0.05m 35.27 32.44 19.48 24.45 98.44
0.15m 21.26 29.89 17.78 2417 92.03
0.30 m 20.22 30.18 20.93 24.79 95.30
0.60m 21.23 32.94 21.57 24.96 39.11
1.00m 21.62 28.18 23.44 26.58 68.89
HWSD
0.05m 25.72 37.42 23.15 28.48 100.69
0.15m 25.84 36.01 23.19 29.34 100.69
0.30 m 25.36 41.57 27.16 31.11 123.53
0.60m 26.66 46.23 28.26 31.83 7243
1.00m 28.16 37.60 24.75 36.82 53.41
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Table 16: The average relative root mean square error (RRMSE) displayed by the DSMs for each parameter (SOC = soil
organic carbon, BD = bulk density). The overall DSM accuracy is given as well as the overall accuracy at which parameters
are predicted.

RRMSE (%)
DSM Clay Silt SOC pH BD DSM
accuracy
SWAT-SA 21.53 23.79 26.25 41.09 28.17
iSDA 18.83 24.09 24.09 22.79 79.98 33.95
AfSG250 18.66 24.83 23.68 24.00 48.99 28.03
SG-DSSAT 23.92 30.73 20.64 24.99 78.75 35.81
HWSD 26.35 39.77 25.30 31.51 90.15 42.62
Parameter accuracy 21.86 28.64 23.99 25.82 67.79

It was hypothesised that local DSMs would be more accurate compared to global DSMs. DSMs are more accurate
when the processes used to build the DSM are specifically tailored to a region, as soil forming processes (and thus
soil properties) change substantially geographically (van Zijl, 2019). SWAT-SA was constructed using soil data
from the national Land Type Survey (Land Type Survey Staff 1972-2002) and was developed specifically for use
in South Africa, whereas AfSG250 and iSDA were created on a continental scale for use across Africa. Both
AfSG250 and iSDA were made using soil information from the Africa Soil Profiles (AfSP) database (amongst
others), which is a collection of legacy soil profiles compiled from approximately 540 sources, including the
Agricultural Research Council — Institute for Soil, Climate, and Water (ARC-ISCW) (Leenaars et al., 2013). The
soil information sources used to supplement the global soil maps SG-DSSAT and HWSD overlap those used to
supplement the continental and local DSMs. SG-DSSAT was constructed using information from SoilGrids1km
(Hengl et al., 2014), which includes data from AfSP and the Soil and Terrain Southern Africa (SOTERSAF), in
combination with HarvestChoice Generic soil profiles (Han et al., 2015), and HWSD was constructed through the
harmonisation of data from SOTERSAF, ISRIC-WISE, and the national Land Type Map (Bodenstein et al., 2022).
The ARC-ISCW is the custodian of much of the soil information in South Africa, including data acquired from the
national Land Type Survey, and is a mutual soil information data source for all the DSMs under study. This means
that all the DSMs are linked by the same primary soil observations to some degree. A similar observation was
noted by Bodenstein et al. (2022), who acknowledged that known and unknown relationships exist between the
DSMs they studied (AfSG250, HWSD, and SOTERSAF). Although the DSMs have inherent data associations,
they clearly display different levels of accuracy. This is likely linked to the different DSM techniques and the quality
of the covariate data used to create the maps (Hengl et al., 2015, Balla et al., 2016, Zhang et al., 2017, Hengl et
al., 2021, Zhi et al., 2022). For example, iSDA and AfSG250 were compiled using similar input soil data, but iSDA
makes use of more advanced machine learning techniques and uses higher resolution remote sensing data than

AfSG250, allowing for a higher resolution soil map (Hengl et al., 2021).

The larger scale maps (iISDA and AfSG250) were of the most accurate in the group, but despite the small scale of
SWAT-SA, it still produced relatively low error compared to the other DSMs. Additionally, SWAT-SA is the only
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DSM that had unique soil depth intervals, a factor that influences soil forming processes and soil-water-plant
interactions (Suleiman and Ritchie, 2004, Minasny et al., 2016). The importance of SWAT-SA having depth
intervals more representative of the South African landscape will be clearer after investigating how sensitive
models are to differences in soil depths. Should model outcomes be largely influenced by soil depth, SWAT-SA
could ultimately be the DSM of preference but would need to be supplemented with pH data from another DSM
(ideally iSDA). The strong suits and performance of SWAT-SA relative to the larger scale maps challenges the
common misconception that that higher resolution DSMs are more reliable and accurate (Arrouays et al., 2020)
and emphasises the importance of creating DSMs that consider local conditions, as they have thus far proven to

be more reliable than continental and global DSMs.

There was a diverse set of results when considering the general representation of soil parameters by the DSMs.
There were many cases in which there was a relatively even distribution of under- to over-estimates for clay DSM
values. Given this pattern, it might be of interest to explore whether the average clay of the five DSMs outperforms
any individual DSM. Silt values were largely over-estimated by the DSMs, with exception of SWAT-SA. This was
also noted in the previous chapter and was pinpointed to the fact that the southern hemisphere does not have
glacial processes, a process that contributes largely to silt formation, to the same extent that the northern
hemisphere does and was likely not accounted for in the DSMs that were not made for use specifically within South
Africa (Assallay et al., 1998, Boelhouwers and Meiklejohn, 2002). As with the silt data, all DSMs except for SWAT-
SA under-estimated bulk density. These observations make SWAT-SA appear to be a likely candidate for the most
reliable DSM to use, but there were still instances for which SWAT-SA did not represent silt and bulk density values
accurately, whereas the other DSMs all over-estimated silt and under-estimated bulk density fairly consistently.
Would it, then, be more reliable to adjust the respective DSMs according to the average deviation from the

measured values, or use the mostly accurate SWAT-SA values?

Bulk density is a scarcely measured soil property in South Africa (Myeni et al., 2021), as illustrated by the limited
number of bulk density data points available to be used in this study. This is likely because taking bulk density
samples can be time consuming, expensive, and often impractical (Benites et al., 2007, Abdelbaki, 2018). The lack
of bulk density data is also shown in the number of training points used to create the iISDA map, where there were
approximately 13 500 bulk density samples versus approximately 122 000 samples for clay, silt, and SOC data
(Hengl et al., 2021). Estimating bulk density using pedotransfer functions (PTFs) is a potential solution to the lack
of data, however PTFs have limited extrapolation value for environments outside of which they were developed to
use (Van Tol et al., 2016). In a similar way to silt, bulk density values may be under-estimated by the DSMs (with
exception of AfSG250 and SWAT-SA) in general because the processes used to calculate them might not be

globally applicable.

The DSMs showed no inclination to over- or under-estimate SOC values, and it was noted that SOC was a
parameter that all DSMs produced relatively large error for, with the lowest average deviation from measured

values being approximately 0.6% (SG-DSSAT). These differences do not seem substantial at first but considering
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the small range that SOC values typically fall into (approximately 0-4% for this dataset), these seemingly small
discrepancies are speculated to have substantial impacts on model outputs, as it has been shown that crop
modelling systems are sensitive to SOC data (Gasanov et al., 2020). Accumulation and loss of SOC is affected by
factors such as climate, land use changes, and agricultural practices and can change over short periods of time
(Post et al., 2001). The sites that were assessed were sampled over a long period of time, some of which dated
back to as early as 1970. In that period, SOC content was likely influenced by the aforementioned factors,
especially agricultural practices as some of the sites were located on experimental farms. DSM data compared to
more recent sites (from 2016 onwards) were not more accurate than when compared older sites, although the

number of recent sites was limited and thus might not be adequate to make reliable observations from.

Similarly to SOC, pH is a dynamic soil property. Key factors responsible for spatial and temporal variations in pH
are mean annual precipitation, clay content, SOC, nitrogen fertilisers, and basic cation leaching/uptake (Uwiragiye
et al., 2023). South Africa is a large country with different climatological zones, a rich geology, and has a large
area of land under agricultural management. It is therefore expected that South African soils exhibit a wide pH
range, with drier areas (western parts of the country) consisting of more alkaline soils and wetter regions (eastern
part of the country) consisting of more acidic soils (Courtman et al., 2012). This distribution of acidic and alkaline
soils was supported by the regional analysis but was not reflected by the DSMs. It was noted that DSM values
were more similar to measured data when measured pH values fell between a range of approximately 5 and 6,
often over-estimating pH in more acidic cases and under-estimating pH in more alkaline cases. Given this trend, it
was thought that the DSM creators may have restricted the predictions to these typical pH values, however, the
DSMs had values that were outside of this range on some occasions, and investigating the processes used to
predict pH in each of the DSMs did not reveal conservative approaches. The specific algorithms each DSM used
to calculate pH values are not publicly available, but the iSDA and AfSG250 DSMs use machine learning
techniques that consider remotely sensed data in combination with measured sample data to predict pH values,
while SG-DSSAT and HWSD make use linear statistical models to predict pH values. Given that SOC and pH are
relatively dynamic soil parameters and that the data used in this study is quite dated, the feasibility of comparing
the historical data to DSM estimates that were calculated using more recent data is questionable, and there is

room for further investigation in future studies.

Calculating the normalised root mean square error (\RMSE) values made it possible to directly compare the error
between parameters. The DSMs predicted clay with the highest accuracy and bulk density with the lowest accuracy
overall. As previously reported, it is hypothesised that non-South African DSMs did not consider local silt forming
processes, which might explain why the DSMs predict clay well, but not silt. The low bulk density accuracy may be

attributed the infamous low sample availability for the DSMs to be constructed from.

Of the maps investigated, only iISDA and AfSG250 explicitly describe the expected range of error of parameters.
Hengl et al. (2021) described iSDA and AfSG250 as having an average data fit (R?) of 0.8 and 0.6, respectively.
RMSE values for individual parameters are also described for AfSG250 and iSDA (Hengl et al., 2017, Hengl et al.,
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2021). The error information for SWAT-SA is not directly specified, however, le Roux et al. (2020) used the DSM
to parameterise the Soil and Water Assessment Tool ArcSWAT interface to predict streamflow for four catchments
in South Africa, and got relatively high R?values. Error for the SG-DSSAT DSM was also not directly quantified as
the parameter accuracy evaluation relied on the visual comparison of predicted parameters to other soil DSM

values (Han et al., 2019). The HWSD also does not give any indication of parameter accuracy.

Comparing the average RMSE values determined in this study to RMSE values described for parameters of the
specific DSMs in other studies showed analogous results, despite this study’s relatively small sample size. The
iISDA RMSE values compared to this study’s were: clay 9% versus 13% (study), silt 9% versus 7% (study), SOC
0.03% and 1% (study), and pH 0.5 versus 1 (study) (Hengl et al., 2021). For AfSG250, RMSE values were closer
to the study’s than iSDA with clay being 14% (13% study), silt 8% (7% study), SOC 1.6% (0.8% study), pH 0.6 (1
study), and bulk density 0.14 kg m (0.11 kg m= study) (Hengl et al., 2015). A study by Bodenstein et al. (2022)
might be more telling than the previously mentioned studies as it is, much like this study, a local investigation to
DSM accuracy in South Africa. Comparing HWSD and AfSG250 to the historical soil profiles within the South
African Profile Database (SAPD) and the African Soil Profile Database (ASPD), Bodenstein et al. (2022) achieved
mean RMSE values very similar to those found in this study.

It was noted that for clay, pH, and bulk density there were increases in error deeper in the profile. A possible
explanation for these depth trends could be that there is limited data for deeper in the soil profiles. The density of
soil observations has been shown to be a key determinant for prediction accuracy (Loiseau et al., 2021), thus
having fewer samples for deeper in the soil profile would likely yield higher error in the digital soil maps for those
depths. Conversely, the error displayed by the silt and SOC values decreased with increasing profile depth. It was
initially thought that this trend could be random, but data provided in the paper by Bodenstein et al. (2022) show
depth trends similar to this study for all the parameters. Silt error decreasing with increasing depth could be
attributed to modelling approaches, and that silt-forming processes may be simpler deeper in the soil profile. As
for SOC values, the associated error might decrease with depth simply because SOC content is typically lower

deeper in the soil profile and there is thus less room for error (Schulze and Schiitte, 2020, Wang et al., 2022).

The HWSD map had notably poor accuracy for all parameters compared to the other DSMs. Although the HWSD
was constructed by the combination and harmonisation of several soil maps, the map that contributed soil
information to South Africa specifically is known as ‘SOTER for South Africa’ (SA-SOTER) (Batjes, 2004). SA-
SOTER was harmonised with other southern African soil maps to create SOTER-SAF, which was then harmonised
again to create the HSWD. The SA-SOTER map, which the ARC-ISCW was responsible for compiling, could not
be constructed using the same methodology as defined in the SOTER methodology, and had an unwanted level

of detail (Dijkshoorn, 2003), which may have affected the DSM accuracy.

Although RMSE values similar to other studies were obtained despite a relatively small pool of data to work with,
the conclusions drawn from the study would be more reliable with more datapoints. It was particularly challenging

to comment on bulk density as well as SOC trends with confidence given the low number of samples to work with.
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Additionally, a greater number of datapoints would likely have allowed for more obvious regional trends. Another
factor to consider is that SWAT-SA did not have any data for pH and iSDA did not give data for depths over 0.5 m,
which could have influenced their overall performance. The standardisation of soil data as well as the fact that the
measured data of the sample sites was not analysed using uniform methods (except for the SOSA profiles) may
have also contributed to potential data skewing. Another factor worth noting is that some of the sites occurred on
experimental farms which were likely disturbed at some point. The cultivation of soils impacts SOC content
considerably (Swanepoel et al., 2016) and the measured data might therefore not represent values typically found

under undisturbed conditions.

6.4. Conclusions

Values from the DSMs under study are not always representative of soils across South Africa. A wide range of
accuracy existed within the DSMs and some DSMs were more accurate than others for certain parameters.
Although all the DSMs except for HWSD had individual strengths, AfSG250 was the most accurate in general. The
choice of which DSM to use ultimately depends on user requirements. In time-constrained circumstances, it might
be best to use AfSG250, otherwise integration of the different datasets according to their respective strengths
would likely be the most optimal solution. For example, one might use pH information from iSDA, clay data from
AfSG250, silt data from SWAT-SA, SOC from SG-DSSAT, and potentially use bulk density estimates for 0-0.3 m
from SWAT-SA and AfSG250 estimates for 0.3-1.0 m.

The results obtained showed that DSMs created on a global and, perhaps to a lesser degree, continental scale
often lose their utility in the heterogenous South African escarpment, emphasising the importance of both
investigating map accuracy in the area of interest before application as well as calling for the creation/improvement
of DSMs local to South Africa. However, it has been shown that despite the error associated with DSMs, they
facilitate the significant improvement of existing soil surveys that have missing or incomplete data (Mora-Vallejo et

al., 2008). DSMs of varying resolution are thus still valuable in data scarce countries, such as South Africa.
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7. Transformer-based Neural Machine Translation for Native South African
Languages

Pitso Walter Khoboko, Vukosi Marivate, Joseph Sefara, Michael van der Laan, Michael Silberbauer

7.1. Introduction

Translating text using a human translator can cost a lot of money and consume a lot of time, thus a lot of research
is being conducted to create Natural Language Processing (NLP) models that can translate text in large quantities
at high quality and speed. Transfer learning in Neural Machine Translation (NMT) models have shown to be able
to attain quality scores on BLEU (Bilingual Evaluation Understudy Score) evaluation metric for low-resourced
corpora (Lakew et al., 2018, Aji et al., 2020, and Zhang and Zong, 2016). A large resourced parallel corpus, which
is a dataset that has large number of parallel sentences of source and target languages, is used to train the first
NMT model in transfer learning settings. The previously mentioned model is referred to as the parent model. Then
a low-resourced language, which have limited bilingual corpora, is used to fine-tune, by training from learned parent
model’'s parameters. The resulting model is called the child model (Ostling and Tiedemann, 2017). Fine tuning
Transformer based NMT models has improved the BLEU metric score when compared to baseline NMT models
on low-resourced languages, especially in multilingual-models’ settings for European low-resourced languages
(Mohamed et al., 2019 and LIU et al., 2020). Two machine translation ideals have been conducted in this research
report, namely 1) translation tasks on low-resourced parallel corpora of some of native South African languages
and 2) learning technique for translations of extremely low-resourced agriculture domain specific parallel corpora.
The WRC and ARC datasets contain valuable information that could help smallholder farmers in South Africa who
may not fully understand the literature in English. This language barrier can prevent these farmers from applying
scientific knowledge to increase their crop yields. The guidelines provide solutions for maximizing crop yields in

the current South African climate.

Most of the South African smallholder farmers in the rural areas still use farming methods that have been passed
down to them by their forefathers. However, climate change has affected ancient methods of farming and lack of
information for smallholder farmers hinder their adaptation capacity to climate change (Benhin, 2006). In the rural
areas do have job opportunities, as result crop farming is the only way people can get food and money. It has been
reported in the annual reports of Department of Rural Development and Land Reform (DRDLR) that the current
climate change has negatively affected the rain pattern and the land in the rural areas (Thinda, 2020), thus
smallholder farmers’ crop yield production is being negatively impacted. Small-holder farmers are left without
knowledge of knowing when the best time is to plant crops. The Agriculture Research Council and Water Research
Council have been working with smallholder farmers in terms of providing translated guidelines on how to adapt
crop production to climate change in the farmers’ native languages, however these translated guidelines are limited

and provide extremely low parallel corpora to train on a bilingual NMT model. This is supported by (Ahmadnia,
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2019) who have highlighted in their paper that bilingual NMT require a significant number of bilingual corpora to
learn. In this research report we have fine-tuned multilingual BART in efforts of automatically translating more of
these guidelines from English to native South African languages — isiZulu, isiXhosa and Sepedi, respectively. The
translated guidelines may aid smallholder farmers in increasing their yield, as they will gain insights of the negative

impact of climate change on rainfall patterns (Benhin, 2006).

Fine tuning a mBART(multilingual Bidirectional Auto-Regressive Transformers) model has successfully been used
to translate language pairs that have low parallel corpora in European settings (Liu et al., 2020). For this research
report, mBART has been fine-tuned to translate low parallel corpora for the prior mentioned South African
languages, and further fined tuned and trained on extremely low resourced agriculture domain dataset for the same
languages. We have also used the joeyNMT minimal toolkit model to perform the same process of WMT22 (Jiao,
2022), and OPUS (Tiedemann, 2020) datasets for the parent models. And for the child model we have used
extracted sentences from the farming gridlines we have acquired from the WRC and ARC. for 11 official South
African languages. The performance of parent and child models, respectively for JoeyNMT and mBART models
have been compared. On average BLEU score of all created mBART models have beaten the JoeyNMT models

beside the one for Sepedi language which got 4 times more BLEU score than the mBART model.

7.2. Materials and Methods

In this research, we used a collected bilingual corpus from Autshumato, WTM22, and OPUS datasets to translate
between English and the native South African languages of Sepedi, isiXhosa, and isiZulu. We also manually
extracted parallel corpora from guideline documents acquired from the WRC and ARC for these languages. Our
goal was to use two distinct Transformer models to translate an extremely low domain-specific dataset. To achieve
this, we used a transfer learning technique where a parent model was trained on combined bilingual corpora from
various domains, and a child model was trained on both the combined bilingual dataset and the extremely low

domain-specific dataset.

We conducted experiments where mBART was fine-tuned and JoeyNMT was customized to create parent models
in supervised settings for English-Sepedi, English-isiXhosa, and English-isiZulu. We then fine-tuned the child
models of mBART and JoeyNMT to be trained on the WRC and ARC domain-specific datasets using learned
parameters from the pre-trained parent models. Both models are Transformer-based, as this type of NMT

architecture has shown state-of-the-art performance for low-resourced languages.

We evaluated our models using the BLEU metric and compared their scores to determine which one performed
better for our datasets. This research report presents our experimental methodology and findings on the

effectiveness of our proposed models in translating our datasets.
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7.3. Results and discussion

In previous work, a multilingual Transformer model was compared to a joeyNMT model. The results showed that
the Transformer model outperformed joeyNMT for all languages except isiZulu (Sefara et al., 2021). Our results
show that our mBART parent model achieved a higher BLEU score than all the bilingual joeyNMT parent models
except for Sepedi (Table 17). The Sepedi bilingual joeyNMT model achieved a BLEU score of 25.34, which was 4
times higher than the scores for isiZulu and isiXhosa, which were 6.28 and 5.12, respectively. The mBART parent
model achieved a BLEU score of 6.54 for all languages combined.

Table 17: BLEU score results of joeyNMT and mBART parent models before being fine-tuned with an agriculture domain
dataset.

BLEU score
Model en-zul en-xh en-nso
joeyNMT 6.28 5.12 25.34
mBART 6.54

The BLEU scores for all child models decreased significantly, by an average of more than 90%. The Sepedi
joeyNMT child model achieved the highest BLEU score of 1.06, which was higher than both the mBART child
model and all other joeyNMT child models (Table 18).

Table 18: BLEU score results of joeyNMT and mBART child models before being fine-tuned with an agriculture domain

dataset.

BLEU score
Model en-zul en-xh en-nso
joeyNMT 0.071 0.13 1.06
mBART 3.33

Table 19 shows the translation quality of the parent models when translating sentences from the agriculture
domain. The quality is measured by how closely the machine-generated translation matches the words and context
of the reference sentence. For the joeyNMT parent models, the isiXhosa model had the highest translation quality,
followed by isiZulu, while Sepedi had the lowest quality. This may be due to the presence of many loanwords from

English in the Sepedi dataset, which can make it difficult to produce high-quality translations.
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Table 19: Examples of joeyNMT model translations for an agriculture domain sentence before being fine-tuned to the

agriculture domain dataset.

Bilingual Pair Translations: JoeyNMT
en-zul source: these ditches increase access to and availability of water in intensive food
production
reference: lemisele ikhuphula ukufinyelela nokutholakala kwamazi uma kukhigizwa
ukudla nokuningi endaweni encane
hypothesis: <<unk>> ukufinyelela kwamanzi nase<<unk>> ekukhigizni kwamanzi
en-xh source: these ditches increase access to and availability of water in intensive food
production
reference: le misele yandisa ukufikeleleka ukuya, kunye nokufumaneka kwa manzi
ekuveliseni ukutya kanzulu
hypothesis: ezi zixhobo zifikeleka kwa zifikelele ekudleni kwamanzi
en-nso source: these ditches increase access to and availability of water in intensive food
production
reference: doforo tse oketsa phihlelelo ya le go hwetsagala ga meetse mo hlokegong
ya go tsewletsa ga dijo.
hypothesis: se se ra meetse le

The mBART parent model had good translation quality for isiZulu and isiXhosa, but poor quality for Sepedi. This

is consistent with the issues we previously highlighted with the Sepedi dataset.

When we compare the child models to their parent models, we see that their BLEU scores decreased significantly.

However, in terms of translation quality for sentences from the agriculture domain, the child models performed

slightly better than their parent models. The mBART child model had higher translation quality than all the joeyNMT

child models, but it failed to translate any English sentences into any of the South African languages.

Our results show that a high BLEU score does not always mean good translation quality. This supports previous

research that has identified issues with using the BLEU metric to evaluate machine translation models (Wotk and

Marasek, 2015).

Table 20: Examples of joeyNMT model translations for agriculture domain sentence after being fine-tuned for the agriculture

domain dataset.

Bilingual Pair

Translations: JoeyNMT

en-zul

source: these ditches increase access to and availability of water in intensive
food production
reference: lemisele ikhuphula ukufinyelela nokutholakala kwamazi uma

kukhigizwa ukudla nokuningi endaweni encane
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hypothesis: <<unk>> ukufinyelela kwamanzi nase «<unk>> ekukhigizni

kwamanzi
en-xh source: these ditches increase access to and availability of water in intensive
food production
reference: le misele yandisa ukufikeleleka ukuya, kunye nokufumaneka kwa
manzi ekuveliseni ukutya kanzulu
hypothesis: ezi zixhobo zifikeleka kunye nukusetyenziswa kwimveliso yokutya
en-nso source: these ditches increase access to and availability of water in intensive

food production
reference: doforo tse oketsa phihlelelo ya le go hwetsagala ga meetse mo
hlokegong ya go tsweletsa ga dijo.

hypothesis: yo le changed a la dijo

Table 21: Examples of mBART model translations for agriculture domain sentence before being fine-tuned for the agriculture

domain dataset.

Bilingual Pair

Translations: mBart

en-zul

source: these ditches increase access to and availability of water in intensive food
production

reference: lemisele ikhuphula ukufinyelela nokutholakala kwamazi uma kukhigizwa
ukudla nokuningi endaweni encane

hypothesis: Le nqubo ikhula ukusetshe nziswa nokusetshenz

en-xh

source: these ditches increase access to and availability of water in intensive food
production

reference: le misele yandisa ukufikeleleka ukuya, kunye nokufumaneka kwa manzi
ekuveliseni ukutya kanzulu

hypothesis: Ezi ditshi zikhula kunye nokufumanek a kwemanzi

en-nso

source: these ditches increase access to and availability of water in intensive food
production

reference: doforo tse oketsa phihlelelo ya le go hwetsagala ga meetse mo hlokegong ya
go tsweletsa ga dijo.

hypothesis: Nkabe bahu ba tsoga be re tlo bitsa Babirwale
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Table 22: Examples of mBART model translations for agriculture domain sentence after being fine-tuned for the agriculture
domain dataset.

Bilingual Pair Translations: JoeyNMT mBart?

en-zul source: these ditches increase access to and availability of water in intensive food
production

reference: lemisele ikhuphula ukufinyelela nokutholakala kwamazi uma kukhigizwa
ukudla nokuningi endaweni encane

hypothesis: Ngenxa yoko sesit hathu ukuthi ungakwazi ukuthi

en-xh source: these ditches increase access to and availability of water in intensive food
production

reference: le misele yandisa ukufikeleleka ukuya, kunye nokufumaneka kwa manzi
ekuveliseni ukutya kanzulu

hypothesis: Ngenxa yoko sesit hathu ukuthi nagewaza kufanele

en-nso source: these ditches increase access to and availability of water in intensive food
production
reference: doforo tse oketsa phihlelelo ya le go hwetsagala ga meetse mo hlokegong ya

go tsweletsa ga dijo.

hypothesis: O tlo gabotse go batho ba batho ba tlo gabotse

This report has discussed the ability of the machine learning model, mBART, to translate between English and
some South African languages. The report shows that mBART can be used with low-resourced languages as the
parent models and transfer their learned parameters to a child model with an extremely low dataset. When
compared to another model, joeyNMT, mBART achieved higher translation accuracy for most languages, except
for Sepedi. However, the report concludes that a high translation accuracy score does not always mean good

translation quality.

In future work, we plan to obtain more translated datasets in the agriculture domain. Our results show that our
transfer learning technique has the potential to translate sentences and datasets in this domain, even when the
available data is extremely limited. We also plan to implement the mBART model from scratch to improve its BLEU
score and evaluate its translation quality using not only the BLEU metric but also the METEOR metric. Additionally,
for both the joeyNMT and mBART parent models, we will use datasets from a specific domain rather than from

various domains, as we have done in this study, to see how this affects the BLEU score and translation quality.

7.4. Conclusion

We have shown that mBART is able to translate between English some of the South African language other than
isiXhosa that is already pre-trained with it. We have further shown that transfer learning technique we are able to
start with low-resourced languages as the parent models and transferring their learned parameters to a child with

extremely low dataset. When comparing mBART model to the joeyNMT models, mBART got a higher BLEU than

84



all of the joeyNMT model beside the one for Sepedi. Mean mBART's child model got higher BLEU score than all
the joeyNMT’s child models. In regard to translation the former failed to give good translations and latter was able
give fairly good translation for the agriculture domain sentence. However, we have concluded that a high BLEU

score does not always mean good translation quality.

For future work we intend to get more translated agriculture domain dataset as our results show there is potential
of our transfer learning technique to be able to translate this domain’s sentence and dataset for it was extremely
low. Furthermore, we intend to code mBART from scratch to increase its BLEU score and not only evaluate it on
the BLEU metric alone but also the METEOR 18 to check the quality of its translation. For both joeyNMT and
mBART parent models we will acquire dataset from a specific to domain and not from various domains like we

have done to see how that well the models will affect the BLEU score and quality of translation.
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8. Conclusions

Michael van der Laan, Cindy Viviers, Simphiwe Maseko, Christiaan Schutte, Aimee Thomson, Pitso Khoboko,
Michael Silberbauer, Jay le Roux, Leushantha Mudaly, Harold Weepener, Gerrit Hoogenboom, Srinivasan
Raghavan, Richard Kunz, David Clark

Recognising the need to strategically coordinate data collection and archiving, South Africa’s Water Research
Commission (WRC) has developed a cloud-based big data platform called the Water Research Observatory
(WRO). A centralised and secure platform for water data asset storage, analytics and visualisation is expected to
have major benefits for research in the form of increasing research efficiency, an advanced ability for new projects
to build on previous research. Enabling data processing, analytics, and modelling in the cloud means that
institutions no longer need powerful hardware and expensive software to achieve high quality research, effectively

levelling the playing field between all teaching and research institutions across South Africa.

The flexibility of the Google Cloud Platform (GCP) and other similar platforms allows very high levels of data
acquisition and interoperability. Although beyond the scope of this project, data from citizen science and social
media can now be ingested and utilised in ways that promote the equitable and sustainable use of water in South

Africa.

Real-time dashboards driven by reliable data can enhance decision-making at various levels. It can also assist in
ensuring that hydrological data is made available to the public as stipulated in South African legislation. Users are
encouraged to integrate tools and develop new ones that promote data democratisation. Practitioners in the sector

are strongly encouraged to register and uploading valuable datasets that have been collected over their careers.

Examples of the use of big data analytics and machine learning were done for streamflow and groundwater level
prediction, precision agriculture, and language translation case studies. Unique insights and answers were gained

that would not have been possible without these tools, and the potential of artificial intelligence is remarkable.

Ongoing work will be to ensure the platform remains secure as its use and value increases, that a data quality
control system is implemented, and that new technology is harnessed in such a way that it remains financially

viable over the long term as data volumes and processing and application requirements grow.
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Appendix I: Capacity Building

Current degree
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PhD in Water Resource
Management (University
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Prof. Matthys Dippenaar
Engineering Geology and

Hydrogeology

e Machine Learning for Earth Observation
(with application in Agriculture) course (1 April-4
July 2022).
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for Hydrogeologists (IAH) Congress in Cape
Town, on “Can open-source remote sensing
data be used to accurately downscale
groundwater storage estimates?”.

e Research article: “Assessing the
accuracy of downscaled GRACE-assimilated
groundwater storage estimates across two

different aquifer types”.

Christiaan Schutte

PhD in Water Resource
Management (University

of Pretoria)

Dr Barend van der Merwe
Department of Geography,
Geoinformatics and

Meteorology

e Kirkham Soil Physics Conference
(September 2022). Title: Streamflow forecasting
with deep learning: a case study in a South
African semi-arid catchment.

e  South African Hydrological Society
(SAHS) Conference (October 2022). Title: Can
freely available weather data and deep learning
accurately predict stream flow in a South African
semi-arid catchment?

e WRC Model-a-thon: Participated in the
first catchment hydrology model-a-thon in SA.
Used the SWAT+ model.

o Research article: “Leveraging historic
streamflow and weather data with deep learning
for enhanced streamflow predictions” accepted

by the Journal for Hydroinformatics (IWA).
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Water Research Observatory: Discovering and
uploading data for hydrological modelling and
big data analytics (21-23 Feb 2023)
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Evaluating machine learning approaches for
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precision agriculture (24-26 Jan 2023)

e Knowledge Transfer Partnership (KTP)
presentations 2022 Title: Yield prediction using
precision agriculture big data: A comparison of
process-based and machine learning models
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(Zea mays L.) yield response to varying input
application rates in on-farm precision agriculture
trials (25-27 Jan 2022)

e  Agricultural Research Council (ARC) -
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Yield prediction using precision agriculture big
data: A comparison of process-based and
machine learning models (23 November 2021)
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Resources and
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Appendix |l: Research Outputs
Conference presentations

Maseko, S; van der Laan, M; Meyer, F; Delport, M; Otterman, H; Edge, B; Tesfamariam, E. Maize yield responses
to varying input application in on-farm precision experimentation. Combined Congress, 25-27 January

2022, Virtual (www.combinedcongress.org.za).

Van der Laan, M; Maseko, S & Thompson, A. The Water Research Observatory: Discovering and uploading data
for hydrological modelling and big data analytics. South African National Committee on Irrigation and
Drainage (SANCID) Symposium, 21-23 February 2023, Tzaneen, South Africa.

Van der Laan, M; le Roux, J; Viviers, C; Schutte, C; Maseko, S; Silberbauer, M; Mudaly, L; Weepener, H; Clark,
D; Mabhaudhi, T; Adams, S; Nhamo, L; Mpandeli, S; Thomson, A; Hoogenboom, G; Srinivasan, r &
Khoboko, P. The Water Research Observatory: Developing a cloud-based data platform for water
research and hydrological modelling in South Africa. South African Hydrological Society Conference, 10-
12 October, Muldersdrift.

Schutte, C; van der Laan, M & van der Merwe, B. Can freely available weather data and deep learning accurately
predict stream flow in a South African semi-arid catchment? South African Hydrological Society
Conference, 10-12 October, Muldersdrift.

Van der Laan, M; Silberbauer, M; Schutte, C; Maseko, S; Viviers, C; Thomson, A; Khoboko, P; le Roux, J; Mudaly,
L; Weepener, H; Mabhaudhi, T., Hoogenboom G., Srinivasan, R. The Water Research Observatory: a
cloud-based platform for agrohydrological modelling and big data applications. Combined Congress, 22-
24 January 2022. Pretoria, South Africa.

Viviers, C; van der Laan, M; Z, Gafoor; Dippenaar M. Can open-source remote sensing data be used to accurately
downscale groundwater storage estimates. International Association of Hydrogeologist Worldwide

Groundwater Congress, 18-22 September 2023, Cape Town, South Africa.

Maseko S, van der Laan M, Tesfamariam E H, Delport M, Otterman H. Analyzing the performance of machine
learning models for sub-field maize yield prediction in precision agriculture, International Conference for
On-farm Precision Experimentation 2024, 08-11 Jan 2024, Texas, USA. (Virtual)

Schutte, CE; van der Laan, M & van der Merwe, B. Streamflow prediction with deep learning: a South African semi-
arid catchment case study. Soil Science Society of America Kirkham Conference, 28 August-2 September
2022, Skukuza, South Africa.
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Posters

Maseko, S; van der Laan, M; Tesfamariam, E; Delport, M & Otterman, H. Evaluating machine learning approaches
for sub-field maize yield predictions to inform precision agriculture. Combined Congress, 22-24 January
2023. Pretoria, South Africa.

Thomson, A; van der Laan, M; Mudaly, L; Paterson, G. Evaluating the reliability of multiple soil digital maps for
crop model parameterisation in South Africa. Soil Science Society of America Kirkham Conference, 28
August-2 September 2022, Skukuza, South Africa.

Invited talks

Van der Laan, M et al. (2023) The WRC'’s Water Research Observatory and ARC'’s digital assets: Collaboration
opportunities to help the DWS in its digitalisation strategy. Department of Water and Sanitation Digitisation
of Water Monitoring Systems Workshop. Online, 1 November 2023.

Van der Laan, M et al. University of KwaZulu-Natal Centre for Water Resources Research ‘Research on Tap’

webinar series. Invited to talk on the Water Research Observatory. Online, 24 May 2023.

Van der Laan, M et al. Introduction to the Water Research Observatory. South African National Biodiversity Institute
and Department of Science and Innovation Fresh Water Ecosystem (FEN) Annual meeting. Online, 17
November 2023.

Journal articles

Schutte, C.E., van der Laan, M. & van der Merwe B. Leveraging historic streamflow and weather data with deep

learning for enhanced streamflow predictions. Journal of Hydroinformatics, accepted.

Viviers, C., van der Laan, M., Gaffoor, Z. & Dippenaar M. A machine learning based approach for downscaling
groundwater 1 storage anomalies and accuracy assessment in two different aquifer types. Journal of

Hydrology: Regional Studies, submitted.

Maseko, S; van der Laan, M; Tesfamariam, E; Delport. Evaluating machine learning models for sub-field maize

yield predictions in precision agriculture. European Journal of Agronomy, submitted.
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Popular press articles

Van der Laan, M. Water research in South Africa: Getting ready for big data analytics. Water Wheel, March-April
2022.

Van der Laan, M. The Water Research Observatory: Unlocking the power of water data. Water Wheel, March/April
2024.

Awards

The WRO project was awarded the ‘Best paper on new technology’ award from the Soil Science Society of South
Africa’ at the Combined Congress (2023).
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Appendix III: Streamflow Prediction with Deep learning

Negative streamflow predictions
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Figure 26: Negative streamflow predictions in Catchment A. The dotted line indicates 0 m3s-.

Look-back window experiment

The look-back window (LBW) is an important hyperparameter in these models that specifies how many previous
timesteps are considered by the LSTM/GRU network to predict the value at the next timestep. The LBW is
connected to the climate and hydrological connectivity of a catchment and various LBW sizes have been used for
LSTM models in different climates. Several studies in the northern hemisphere, including the United States,
Canada and the United Kingdom, used LBWs between 270-360 days for LSTM and hybrid CNN-LSTM models
(Kratzert et al., 2019c, Lees et al., 2021, Anderson and Radi¢, 2022), where snowmelt is a major driver of
streamflow in many catchments. A LBW of only 15 days was sufficient for LSTM models in a subtropical wet climate
zone of China Fan et al. (2020), and a LBW between 20-30 days worked well for a semi-arid catchment in Morocco
(Nifa et al., 2023). Less information is available regarding the optimal LBW size for GRU networks, and no

information is available regarding a LBW size in southern Africa.

The experiment studied the impact of LBW size on model performance. Based on literature, LBW sizes of three,
five, 10, 20, 30, 60, 90 and 120 days, were identified for testing (Kratzert et al., 2019a, Fan et al., 2020, Nifa et al.,
2023). The input variables included rainfall, streamflow, minimum and maximum temperatures (Combination 2)
and were sourced from the ARC weather station data. For each of the two catchments, 20 GRU and 20 LSTM

networks were trained for each LBW size.

105



It appears that for both catchments, the NSE values vary slightly with the change in LBW size, but there isn't a
clear trend indicating that a larger or smaller LBW consistently leads to better model performance. LBWs of 10 to
120 days provided more accurate predictions than LBWs of three to five days. This agrees well with Nifa et al.,
2023, Fan et al. (2020), that found LBWs ranging between 15-30 days to be optimal. Longer LBWs decreased
computational efficiency considerably, resulting in both longer training and longer prediction times. LBWs of 10 to
30 days were generally deemed suitable for accurate predictions across both catchments and model types, and

for computational efficiency. There is, however, potential for further optimization and adjustment.

Catchment-A Catchment-B
0.8 0.8
0.7 0.7
0.6 0.6
0.5 05
0.4 04
0.3 0.3
0.2 0.2

3 5 10 15 20 30 60 90 120 3 5 10 15 20 30 60 90 120
LBW (days) LBW (days)
B GRU OLSTM BGRU OLSTM

Figure 27: Nash-Sutcliffe Efficiency (NSE) values for different look-back window sizes.

The data and code used to develop the DL models for streamflow prediction is available through the WRO
(https://data.waterresearchobservatory.org/metadata-form/deep-learning-for-streamflow-prediction-project-data)
and can be used to replicate the experiments or to build new models for different catchments.
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