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3. EXECUTIVE SUMMARY

Objectives and Rationale
Specific objectives were to:
1.    Develop models for the detection and monitoring of water stress in a Shiraz vineyard
using hyperspectral data (HRS) and machine learning (ML).
2.    Derive an optimized two-band vegetation index for improved modelling of water stress in
a Shiraz vineyard.
The project exploited the utility of narrowband HRS data to improve the detection of
water-stressed vines. HRS data was utilised as it has proven to detect disparities more
proficiently than multispectral data. Models were also developed using multitemporal data to
produce a more robust operational framework.

Methods
The study employed machine learning approaches and hyperspectral imaging to model water
stress in a Shiraz vineyard. Water-stressed vines were discriminated from non-stressed vines
by building classification models using leaf spectra samples and tree-based ensemble
learners. Accuracy and robustness of analysis were evaluated on independent datasets.
Feature selection methods were employed to identify wavebands most relevant for water
stress detection in a Shiraz vineyard. The important wavebands, together with multitemporal
data, were then used to develop spectral indices that are optimised to detect water stress in a
Shiraz vineyard.

Key Results
The visible (VIS) region of the EM spectrum could successfully be utilised to model water
stress in a Shiraz vineyard.
Tree-based ensemble learners can successfully identify water-stressed vines in a Shiraz
vineyard.
Demonstrated the feasibility of terrestrial hyperspectral imagery to model vineyard water
stress.
Highlighted that optimised narrowband indices outperformed traditional water stress
vegetation indices.
Identified wavebands that are most relevant for water stress detection in a Shiraz vineyard.

Key Conclusion of Discussion
This project presents a novel hyperspectral–machine learning framework for the
non-destructive identification of water-stressed vines. The results indicated the viability of
narrow wavebands to model vineyard water stress and established the utility of tree-based
machine learning ensembles within the domain of viticulture. Furthermore, the study
demonstrated the feasibility of feature selection methods for the development of optimised
spectral indices. The study provides a point of departure for the operationalisation of future
machine learning–remote sensing frameworks for water stress monitoring.

Take Home message for Industry
A key output of the research is the identification of specific spectral bands that could be used
to monitor and evaluate vineyard performance, specifically water stress. These spectral bands
can ultimately be used to inform the design of a customised multispectral sensor for rapid,
real-time, in-field monitoring of vines. A customised multispectral sensor will be more
cost-effective to produce, easier to use, and be employed for a myriad of applications within
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precision viticulture. The development of a two-band spectral index could serve as a valuable
operational tool for in situ water stress detection. The methodology can also be readily applied
to a number of other applications in the viticulture sector including yield estimation, stress
(pests and disease, drought, etc.) detection, and monitoring nutrient status.

It is recommended that a further study be conducted to evaluate the commercial viability and
transferability of the developed methodology. Ideally, the commercial viability study should focus
on satellite platforms as it is seen as the most pragmatic solution for commercial application.
This can be done by incorporating satellite imagery with similar spectral bands as the ones
identified in this study as being most relevant for water stress detection. The commercial
viability study should also incorporate multiple cultivars and trellis systems to test the
transferability and robustness of the developed methodology.

The study can also be replicated by applying the methodology to imagery collected using
unmanned aerial vehicles (UAV). Such a study would more than likely utilise multispectral
sensors, which is more cost-effective in terms of commercial use.

It is worth noting that narrow spectral bands (used in this study) would be the most accurate
optical remote sensing solution for the detection of water-stressed vines. However, the
instruments (i.e. hyperspectral cameras, spectrometers or spectroradiometers) required to
collect such datasets are not viable options for commercial use due to the high cost (often
greater than R1 million) associated with these type instruments. Nevertheless, these
instruments are ideal for research applications that could potentially produce work that is more
cost-effective and commercially viable.

4. PROBLEM IDENTIFICATION AND MOTIVATION

Problem Identification
Water is a major limiting factor for viticulture production and requires management of the utmost
precision to ensure sustainable vineyard production. Reduced water availability impacts on vine
health and productivity, and ultimately on grape quality. Recently, given the unpredictability of
climate change and the variability in rainfall patterns, a greater emphasis has been placed on
the cultivation of water management schemes and precision irrigation. It is, therefore, imperative
to characterise the spatial variability within vineyards to combat against overwatering or
unintended water stressing in parts of the vineyard, thereby minimising water wastage
While direct methods of data acquisition in vineyards are more precise and accurate, they
remain time-consuming and costly. However, remote sensing provides a faster, less costly
method of data acquisition. Despite numerous studies having used remote sensing in precision
viticulture, only a limited number of studies have used spectroscopic data (field spectroscopy).
Additionally, no study to date has explored the utility of multitemporal hyperspectral imaging for
modelling water stress in vineyards. To this end, the present project aimed to develop a remote
sensing–machine learning framework to model water stress in a Shiraz vineyard using
hyperspectral imaging.

Motivation
Hyperspectral imaging is capable of evaluating vegetation spectral features that provide
important variables regarding the biochemical and physiological properties of vegetation. The
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contiguous narrow-band characteristics of hyperspectral data provide more detailed spectral
information compared with conventional multispectral data. The increased dimensionality can
thus be exploited to detect disparities more proficiently than broadband multispectral data.
Hyperspectral remote sensing, combined with machine learning, can detect wavelengths that
best categorise vineyard performance, i.e. identify which wavelengths are most important in
modelling vineyard water stress. The identification of optimal wavelengths can lead to the
conception of vineyard specific spectral indices, which could potentially outperform traditional
indices such as normalised difference vegetation index (NDVI). This will result in improved
site-specific management schemes, which would lead to better distribution of resources and
potentially reducing costs, improving yield, and producing better quality fruit. Additionally, the
collection of multitemporal imaging data provides the opportunity for time series analysis and
change detection, i.e. monitoring water stress during the growing season. Subsequently, more
robust models can be developed to improve vineyard water stress management. This project
was the first to explore the utility of terrestrial hyperspectral imaging, in combination with
machine learning, for modelling water stress in a Shiraz vineyard.

5. ACCUMULATED PROGRESS TABLE

Objectives Milestones (Significant event or stage in a project) Date
Achieved

O1. Determine which
hyperspectral
wavelengths are most
important to model vine
water stress.

1. Collect terrestrial hyperspectral images
2. Image pre-processing and analysis
3. Derive subset of important wavebands
4. Develop models using derived subsets of important
wavebands

2018-04-27

O2. Model vineyard
stress using laboratory
hyperspectral imaging.
(revised)

5. Collect multitemporal hyperspectral images
6. Develop models using multitemporal hyperspectral data
7. Develop two-band normalised difference index

2019-10-31

6. WORKPLAN (MATERIALS AND METHODS)

Milestones 1, 2 & 5:
The project employed both terrestrial and laboratory based hyperspectral imaging. Imagery was
acquired for water-stressed and non-stressed Shiraz vines. The water stress status of these
vines was confirmed using in-field stem water potential (SWP). Leaf spectra were extracted from
the hyperspectral images (for both stressed and non-stressed vines) and used as input for
classification. Additionally, the study utilises multitemporal hyperspectral images captured for a
Shiraz vineyard plot. Data collected for the Shiraz vineyard was used for model building and
testing, i.e. assessing vineyard water stress.

Milestones 3 & 4:
Classification models were built, using the extracted leaf spectra as input, to discriminate
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between water-stressed and non-stressed Shiraz vines. Classification models were built in the R
open-source statistical software package (R Development Core Team) using two tree-based
ensemble classifiers, the Random Forest (RF) (Breiman 2001) and XGBoost (Chen & Guestrin
2016). Models were built using all wavebands, and subsets of important wavebands, as input.
Important wavebands (i.e. wavebands most relevant for water stress detection) was determined
using internal measures of variable importance (VI) and feature selection algorithms (the
Kruskal-Wallis (KW) filter (Kruskal & Wallis 1952), Sequential Floating Forward Selection
(SFFS) wrapper (Pudil, Novovičová & Kittler 1994), and a Filter-Wrapper (FW) approach was
tested). An independent test set was used to evaluate model performance. The
performance of all models was compared based on their measured mean accuracies,
computed using a confusion matrix, and KHAT statistic.

Milestones 6 & 7
Waveband selection, i.e. determining optimal wavelengths was performed in the R open-source
statistical software package (R Development Core Team), using the Boruta wrapper algorithm
(Kursa & Rudnicki 2010), to determine waveband importance. The Random Forest algorithm
(Breiman 2001), was used to develop classification models using the selected wavebands. The
performance of the models was evaluated on an independent test and validation dataset. The
methodology developed by Poona & Ismail (2019) was adopted for developing the optimised
two band spectral index.

7. RESULTS AND DISCUSSIONS

Classification models:
The results showed that RF marginally outperformed XGBoost when using all wavebands (p =
176) and optimised hyperparameter values (Table 1). RF yielded a test accuracy of 83.3%
(KHAT = 0.67), whereas XGBoost yielded a test accuracy of 81.7% (KHAT = 0.63). A review by
Belgiu & Drăguţ (2016) concluded that RF generally achieves greater accuracies compared with
boosting methods when used for the classification of high dimensional data, such as
hyperspectral imagery.  The project therefore recommends the use of RF for operational
frameworks. The results demonstrate the feasibility of terrestrial hyperspectral imagery and
machine learning to create a semi-automated framework for vineyard water stress modelling.
Additionally, the study investigated the effect of smoothing the spectral data using the
Savitzky-Golay filter. The results indicated that the Savitzky-Golay filter reduced model
accuracies (ranging from 0.7% to 3.3%).

Table 1. RF and XGBoost classification results. Results for the best-performing and worst-performing
models are highlighted in bold.
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The results further show that optimising hyperparameter values (see Table 2 detailed
hyperparameter values) lead to an overall increase in test accuracy, ranging from 0.8% to 5.0%,
for both the RF and XGBoost classifiers. However, careful consideration must given when
optimising classifiers as the marginal increases in accuracy may not always warrant the added
computational expense. The choice of classifier should also be considered when employing
optimisation. The present study showed that RF was significantly less computationally
expensive when compared with XGBoost.

Table 2. Optimised hyperparameter values using grid search.
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Important waveband selection:
The utility of a spectral subset of wavebands was evaluated by using internal methods of
variable importance (VI). VI was derived using RF mean decrease accuracy (MDA) and
XGBoost gain. Using the subset of wavebands (p = 18) produced an increase in accuracy,
ranging from 1.7% to 5.5% for both RF and XGBoost. The results of the project showed that VI
ranking provided by RF and XGBoost can successfully be used to select a subset of wavebands
for classification. Figure 1 (and Table 3) illustrates the common wavebands selected by both RF
and XGBoost. The overlapping wavebands (p = 6) were located across blue and green
(473.92-585.12 nm) regions. Consequently, those wavebands may be the most important for
discriminating between stressed and non-stressed Shiraz vines.

Figure 1. The overlapping importance wavebands as determined by RF and XGBoost. The grey bars
represent the important wavebands selected by RF and XGBoost, respectively. The red bars indicate the
overlapping wavebands. The mean spectral signature of a sample is shown as a reference.
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Table 3. Location of the RF and XGBoost selected important wavebands in the EM spectrum.

The above wavebands also correspond favourable to wavebands selected using the KW filter,
SFFS wrapper, and the FW approach. The proposed FW approach presented in this study
demonstrated considerable promise as it was the most successful in lessening the trade-off
between dimensionality reduction, classification accuracy and computational expense. FW
yielded a test accuracy of 80.0% (KHAT = 0.6) for both RF and XGBoost, outperforming the
more traditional Kruskal-Wallis (KW) filter by more than 20%. The FW approach was also less
computationally expensive when compared with the more commonly used SFFS wrapper.
Overall, the results highlight the effect of feature selection and optimisation on the performance
of machine learning ensembles for modelling vineyard water stress.
 
Optimised Indices:
A two-band optimised spectral index was developed from a subset of hyperspectral wavebands
situated across the visible near infrared (VNIR) region. The subset of bands used were derived
from the Boruta wrapper algorithm embedded in random forest (RF).
The project was the first to exploit the utility of the Boruta wrapper algorithm as a method of
selecting the most relevant wavebands for the detection of water-stressed vines. Boruta was
able to successfully reduce the data dimensionality by 74%. The selected wavebands were
primarily found in the VIS region; however, some bands were also found in both the Red Edge
and NIR. An optimised index was then derived using the 525 nm and 825 nm wavebands
(R525/R825) and compared to existing indices noted in the literature (see Table 4). Model
validation of the optimised index was conducted using multitemporal data (i.e. data collected at
different stages of the growing season). The results shown in Table 5 illustrate a clear
improvement in accuracies from existing indices (overall accuracies ranged from 33%-88%)
compared to the optimised index (overall accuracies ranged from 82%-88%). Overall, the study
showed the success of a two-band spectral index to model water stress in a laboratory
environment. The results concluded that there is possible operational potential for a two-band
spectral index for water stress detection in Shiraz vineyards.
Table 4. Existing spectral indices related to water stress that were used in this study.
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Table 5. The overall accuracy (%) for all the existing indices and the optimized index for all four time
stamps.

 

8. CONCLUSIONS AND RECOMMENDATIONS

Based on the findings of this study, the following conclusions are drawn:
1.    Wavebands in the VIS region of the EM spectrum can be used to model water stress in a
Shiraz vineyard.

2.    Optimising RF and XGBoost hyperparameter values leads to increased classification
accuracies. However, careful consideration should be given to the choice of classifier and the
application.

3.    The FW approach to feature selection shows considerable promise in both predictive
competency and as a means to lessen computational expense.

4.     The Boruta wrapper can be utilised to develop an optimised two-band spectral index.

5.     The developed optimised index ( R525/R825) better discriminates vineyard water stress
compared with existing vegetation indices.

The use of RF (rather than XGBoost) is recommended for the classification of hyperspectral
data to discriminate stressed from non-stressed Shiraz vines, given the results obtained in the
present study. This methodology of employing a Boruta-derived optimised index for
classification shows considerable promise and warrants further investigation.
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9. PLANNED OUTPUTS

a) TECHNOLOGY DEVELOPMENT, PRODUCTS AND PATENTS
The developed methodology could readily be utilised across different vineyard cultivars and
could potentially be deployed on different agricultural crops. The machine learning–remote
sensing framework may be readily scaled to work with airborne and satellite imagery to detect
not only water stress, but also other forms of vegetative stress, such as disease infestation and
pesticide residue.

b) SUGGESTIONS FOR TECHNOLOGY TRANSFER

The methodology developed for the selection of important wavebands lends itself to: 1) The
development of customised sensors that are less expensive and specifically designed to model
vineyard water stress; and 2) The development of vegetation indices that are optimised for a
specific application, i.e. water stress detection.

c) HUMAN RESOURCES DEVELOPMENT / TRAINING (STUDENTS)

Student Name and
Surname

Student
Nationality

Degree (eg Hons,
MSc)

Level of studies in
final year of project

Total Bursary Cost
for Industry for
entire project

Honours

Marc Dukes RSA BScHons Honours R 25000

Masters

Kyle Loggenberg RSA MSc Masters R 75000

PhD

Kyle Loggenberg RSA PhD Doctors R 0

Postdocs

d) LIKELY PUBLICATIONS (POPULAR, PRESS RELEASES, SCIENTIFIC)
Dukes, M.; Poona, N; Loggenberg, K. Optimised narrowband spectral vegetation index for rapid
assessment of vine water stress.

e) PRESENTATIONS/PAPERS THAT COULD BE DELIVERED
Loggenberg, K.; Strever, A.; Greyling, B.; Poona, N. Modelling Water Stress in a Shiraz
Vineyard Using Hyperspectral Imaging and Machine Learning. Remote Sens. 2018, 10, 202.
(doi:10.3390/rs10020202)

Loggenberg K & Poona N (in press). A Feature Selection Approach for Terrestrial Hyperspectral
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Image Analysis. South African Journal of Geomatics.
10. PROJECT OUTCOME AND IMPACT

New Knowledge Benefits Supply
Chain

Direct Grower
Application

Direct
Packhouse/Winery/
Cellar Application

Other

X

Other is:

The Value of the project to industry
The project created and evaluated the feasibility of a novel hyperspectral-machine learning
analytical service for water stress detection. The project contributed knowledge towards the
identification of wavebands most relevant for water stress detection, the optimisation of
classification modules and the advancement of vegetation spectral indices.

11. PERSONS PARTICIPATING IN THE PROJECT:

INITIALS AND SURNAME
HIGHEST

QUALIFICATI
ON

RACE
(M,W)

GENDER
(M,F)

INSTITUTE
DEPARTM POSITION TOTAL COST

TO PROJECT

RESEARCH PERSONNEL R 30000

Alois Houeto Hons M Intern RA R 15000

Kyle Loggenberg MSc C M
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and
Environmental
Studies
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SUPPORT PERSONNEL R 0

POSITION: Co = Co-worker (other researcher at your institution)
Coll = Collaborator (participating researcher that does not receive funding for this project from industry)
PF = Post-doctoral fellow
PL = Project leader
RA = Research assistant
TA = Technical assistant/ technician

This document is confidential and any unauthorised disclosure is prohibited. Version 2020



12. TOTAL COST OF PROJECT

TOTAL
ANNUAL
COSTS (ALL
YEARS)

CFPA Raisin
SA HORTGRO SATI WINETECH ARC OTHER TOTAL

2015 R 0 R 0 R 0 R 0 R 0 R 0 R 0 R 0

2016 R 0 R 0 R 0 R 0 R 0 R 0 R 0 R 0

2017 R 0 R 0 R 0 R 0 R 0 R 0 R 0 R 0

2018 R 0 R 0 R 0 R 0 R 75000 R 0 R 0 R 75000

2019 R 0 R 0 R 0 R 0 R 75000 R 0 R 0 R 75000

2020 R 0 R 0 R 0 R 0 R 0 R 0 R 0 R 0

TOTAL R 0 R 0 R 0 R 0 R 150000 R 0 R 0 R 150000
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