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A B S T R A C T

Australia is one of the world’s largest producers of macadamia nuts. As macadamia trees can take up to 15 years
to mature and produce maximum yield, it is important to optimize tree condition. Field based assessment of
macadamia tree condition is time-consuming and often inconsistent. Using remotely sensed imagery may allow
for faster, more extensive, and more consistent assessment of macadamia tree condition. To identify individual
macadamia tree crowns, high spatial resolution imagery is required. Hence, the objective of this work was to de-
velop and test an approach to map the condition of individual macadamia tree crowns using both multi-spectral
Unmanned Aerial Vehicle (UAV) and WorldView-3 imagery for different macadamia varieties and three differ-
ent sites located near Bundaberg, Australia. A random forest classifier, based on all available spectral bands and
selected vegetation indices was used to predict five condition categories, ranging from excellent (category 1) to
poor (category 5). Various combinations of the developed models were tested between the three sites and over
time. The results showed that the multi-spectral WorldView-3 imagery produced the lowest out of bag (OOB)
classification errors in most cases. However, for both the UAV and the WorldView-3 imagery, more than 98.5%
of predicted macadamia condition categories were either correctly mapped or offset by a single category out of
the five condition categories (excellent, good, moderate, fair and poor) for trees of the same variety and at one
point in time. Multi-temporally, the WorldView-3 imagery performed better than the UAV data for predicting the
condition of the same macadamia tree variety. Applying a model from one site to another site with the same
macadamia tree variety produced OOB classification between 31.20 and 42.74%, but with >98.63% of trees
predicted within a single condition category. Importantly, models trained based on one type of macadamia tree
variety could not be successfully applied to a site with another variety. The developed classification models may
be used as a decision and management support tool for the macadamia industry to inform management practices
and improve on-demand irrigation, fertilization, and pest inspection at the individual tree level.

1. Introduction

Macadamia is an Australian native tree that has evolved on the
north-east coast of Australia. Commercial production of macadamia nuts
is centred in northern New South Wales and South-East Queensland
and based on two species, Macadamia integrifolia and Macadamia tet-
raphylla and their hybrids (O’Connor et al., 2015). These areas pro-
vide the rich soils and high annual rainfall needed for the crop to
flourish (Australian Macadamia Society, 2019). Macadamias are
prolific producers, with each tree bearing sprays of 40 to 50 flow

ers, which produce from four to 15 ‘nutlets’ that ripen into nuts. Flow-
ering occurs towards the beginning of the austral spring, with nuts
forming in early summer. By autumn, clusters of plump green nuts ap-
pear. The nuts grow encased in a hard, woody shell, which is pro-
tected by a fibrous husk. In Australia, the nuts fall to the ground be-
tween March and September each year and are machine harvested at
regular intervals during these months (Australian Macadamia Soci-
ety, 2019). Australia is one the world’s largest producers of macadamia
nuts, with more than 50,000 tons contributing to around 25% of the
global crop, and having an annual value in excess of $200 million
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AUD (Borompichaichartkul et al., 2009; Australian Macadamia
Society, 2019).

It can take up to 15 years for a macadamia tree to reach maturity
and maximum yield. Hence, it is important to optimise the production
of nuts by ensuring optimal tree condition. However, there are many
factors that can influence nut production and overall tree condition,
including fertiliser, soil type, application of irrigation, drainage, salin-
ity, abnormal vertical growth, various diseases and pests, wind and cy-
clone damage (Felderhof and Gillieson, 2012). With increasing pro-
duction of macadamia nuts worldwide, especially in China, the sale of
macadamia nuts is becoming more competitive. It is therefore important
to develop decision and management support tools to optimize produc-
tion to provide a competitive advance for growers. Knowing the condi-
tion of individual trees will allow for variable rates of irrigation, fertil-
izer, pathogen control and other inputs to be applied to individual trees
in a timely and dynamic manner (Felderhof and Gillieson, 2012). No
mapping tool, other than on-ground visual evaluation, currently exists
to assess the condition of macadamia trees. As with many other crops
(e.g. Johansen et al., 2018), on-ground approaches are time-consum-
ing and often inconsistent with highly variable results when multiple
observers are involved. The use of advanced remote sensing technology
(McCabe et al., 2017) may provide a means for addressing this gap in
knowledge and lack of tree assessment capabilities.

Unmanned Aerial Vehicle (UAV) imagery for precision agriculture is
becoming increasingly popular due to its high spatial resolution, flexible
revisiting time, ability for data collection with consistent cloud cover,
quick product delivery, and relatively low costs (Manfreda et al.,
2018; Zhang and Kovacs, 2012). With many multi-rotor and fixed
wing platforms with integrable miniaturized multi-spectral, hyper-spec-
tral and Light Detection and Ranging (LiDAR) sensors becoming avail-
able (Padua et al., 2017; Tmusic et al., 2020), there is an increas-
ing number of agricultural mapping and monitoring applications rely-
ing on this technology. For instance, optical UAV imagery can be used
to produce point cloud data generated from Structure-from-Motion tech-
niques (Turner et al., 2012), enabling 3D reconstruction for mapping
tree structure such as tree crown height in olive orchards (Diaz-Varela
et al., 2015) and tree crown height, dimensions and plant projective
cover in avocado orchards (Tu et al., 2019). While many publications
have focused on various multi-spectral UAV based mapping applications
of horticultural tree crops such as tree structure and yield mapping,
e.g. Ampatzidis and Partel (2019) for citrus trees, Johansen et al.
(2018) for lychee trees, Sarron et al. (2018) for mango trees, and
Jimenez-Brenes et al. (2017) and Diaz-Varela et al. (2015) for
olive trees, relatively few publications have assessed tree crop condi-
tion. For example, Abdulridha et al. (2019) were able to discriminate
healthy and unhealthy avocado trees and distinguish those with Laurel
Wilt disease from those with other stress symptoms using a multi-spec-
tral Tetracam. Tu et al. (2019) used a random forest classifier to as-
sign individually delineated avocado trees into four condition categories
based on the modified Ciba-Geigy scale using near-infrared (NIR) re-
flectance, tree height and grey level co-occurrence matrix (GLCM) im-
age texture measures, including standard deviation, contrast, dissimi-
larity, and homogeneity, derived from multi-spectral UAV imagery and
achieved out-of-bag accuracies >96%.

UAV technology has the potential to be used as a decision and man-
agement support tool for the macadamia industry to inform manage-
ment practices. Felderhof and Gillieson (2012) collected UAV and
WorldView-2 imagery for macadamia orchards in Australia to assess
the relationship between vegetation indices and field assessed leaf ni-
trogen of individual trees. Based on these relationships, they used the
Canopy Chlorophyll Content Index (CCCI) (Cammarano et al., 2011)
to predict the required nitrogen fertilizer application rate for individ-
ual trees. They also used tree variety (five assessed), terrain altitude
(as surrogate for poor drainage and incipient salinity), and tree condi

tion assessed in situ by an experienced agronomist as explanatory vari-
ables. Using CCCI for predicting nitrogen produced percentages of vari-
ance accounting for 2.4–26.3% for the UAV imagery and 8.4–42.8% for
the WorldView-2 imagery. While tree condition was identified as an im-
portant input, it was determined by an experienced agronomist based on
visual factors such as foliage greenness, leaf turgor and lack of chlorosis
(Felderhof and Gillieson, 2012).

UAVs are generally restricted to local area applications (<10 km2),
due mainly to battery limitations and the time it takes to collect the
image data. With the increasing number of high spatial resolution
(<0.50 m pixels) satellite sensors suitable for individual tree assess-
ment, more flexibility in data collection is now available. Despite the
substantial cost related to acquiring high spatial resolution satellite im-
agery, these data sets are generally still cheaper than manned airborne
data collection campaigns for larger area coverage at one point in time.
Satellite sensors therefore still have an important role to play for preci-
sion agricultural mapping applications at spatial scales not feasible for
UAVs. This is exemplified by various mapping applications of horticul-
tural tree crops using high spatial resolution satellite imagery, including
Robson et al. (2017) and Salgadoe et al. (2018) for avocado trees,
Rahman et al. (2018) for mango trees, and Felderhof and Gillieson
(2012) for macadamia trees. The results from a number of these studies
emphasize the potential use of high spatial resolution satellite imagery
for larger scale horticultural tree crop mapping applications, including
macadamia trees.

To accommodate the need for multi-scale mapping of macadamia
orchards, the objectives of this work were to (1) develop and test
a machine learning approach for mapping the condition of individ-
ual macadamia tree crowns using both multi-spectral UAV and World-
View-3 imagery, and (2) to test the capacity to apply the developed
models over time and across different macadamia varieties. This re-
search is innovative as there is currently no operational approach avail-
able for assessing the condition of individual macadamia trees in a con-
sistent manner at the farm scale. Developing individual tree assessment
routines is important for precision agriculture to ensure the macadamia
industry can maintain its competitive edge and further increase its pro-
ductivity.

2. Study area

The study sites included three macadamia located approximately
10 km northwest of Bundaberg in Queensland Australia (Fig. 1a–c).
This is a subtropical area with hot humid summers and warm dryer win-
ters, and an annual rainfall of 1014 mm (Australian Bureau of Me-
teorology, 2019). The Bundaberg region was selected for this study
as it produces 30% of Australia’s macadamia nuts, making it one of
the largest macadamia growing regions in the world (Australian
Macadamia Society, 2019). Study Site 1 (Fig. 1a) covered 1.5 ha and
consisted of 28 year old macadamia trees belonging to the HAES 741
and 660 varieties, which are very closely related with similar visual ap-
pearance, characterized by their medium-large tree size, upright shape,
close planting, nut drop period from April to June, and similar leaf
characteristics (Allan, 2007; Queensland Government, 2004). Study
Sites 2 and 3 (Fig. 1b), covering 1.5 and 1.4 ha, respectively, consisted
of 10 year old macadamia trees of the HAES 816 variety. In contrast to
the varieties at Site 1, the HAES 816 variety at Sites 2 and 3 appeared
with lighter green leaves, a lower height and less upright canopy shape
(Queensland Government, 2004). For Site 1, the macadamia trees
were planted in rows with a spacing of 4 m between trees, while trees
at Sites 2 and 3 had 3.5 m separating them. In most cases, there was
an overlap between tree crowns, which produced a hedgerow of trees,
with the hedgerow structure being more distinct at Site 1. The spacing
between individual rows of macadamia trees was 8 m for all three sites,
with a canopy gap between rows generally between 1 and 2 m for Site 1
(Figs. 1 and 2) and 1.5–3 m for Sites 2 and 3 (Fig. 1c).
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Fig. 1. UAV false colour orthomosaic of the study area with field assessed tree crowns being delineated for (a) Sites 1 (S24.7883°, E152.2722°), (b) 2 and 3 (S24.7972°, E152.2950°). (c)
Hedgerows of macadamia trees at Site 1 with an AeroPoint (Propeller Aerobotics Pty Ltd, Surry Hills, Australia) used as ground control point (green points in a and b) for UAV image
geo-referencing.

Fig. 2. Photos of macadamia tree condition, representing the five different condition categories used within this classification study, varying from excellent (Condition 1) to poor (Condi-
tion 5).
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3. Materials and methods

3.1. Field data collection

Macadamia tree condition was subjectively assessed with the assis-
tance of an experienced agronomist (to ensure consistency) and based
on a collection of attributes for assigning one out of five different condi-
tion categories to each tree, i.e. 1 – excellent, 2 – good, 3 – moderate, 4
– fair, and 5 – poor. The attributes assessed included: canopy openness;
branches without leaves; chlorosis; signs of root disease; presence of
mistletoe within canopy; and abnormal vertical growth. Abnormal verti-
cal growth is a disorder characterized by excessive upright growth with
few side branches, resulting in reduced flowering, poor nut set and a re-
duction in yield (O’Farrell et al., 2016). Only five condition categories
were used for the field based assessment to ensure obvious differences
occurred between trees of different condition. In addition to these at-
tributes, photographs from the ground of macadamia trees, representing
each of the five condition categories, were used to ensure consistency in
the condition assessment (Fig. 2). Macadamia tree data were sampled
in February (328 trees, pre-harvest) and September (267 trees, post-har-
vest) at Site 1, while Site 2 (365 trees) and Site 3 (375 trees) were only
assessed in September 2017. Each row and the individual trees within
each row were numbered to ensure the field data could be accurately
integrated with the UAV and WorldView-3 imagery.

To ensure an accurate georectification of retrieved imagery, 10 Aero-
Points® (Propeller Aerobotics Pty Ltd, Surry Hills, Australia) were used
as ground control points (Fig. 1c). The ground control points are
54 cm × 54 cm × 3.5 cm in size, Global Navigation Satellite System
enabled, and designed specifically for geo-referencing UAV imagery.
The ground control points were evenly spaced within the study area
and used for geo-referencing the imagery and for improving the Struc-
ture-from-Motion 3D model in Agisoft Metashape (Agisoft LLC, St. Pe-
tersburg, Russia). The coordinate location of each ground control point
was recorded by their built-in GPS receiver for more than 3 h, auto-
matically uploaded after each UAV flight using a mobile phone hotspot,
and subsequently post-processed using the proprietary Propeller® Post
Processed Kinematic network correction based on their nearest base sta-
tion, which was located 14.2 and 12.4 km from Site 1 and Sites 2 and 3,
respectively (Johansen et al., 2018). Based on the quality assurance
measure provided in post-processing, the largest distance of individual
GPS points to the median of the set of points collected was 24.4 mm
for Eastings and Nortings and 45.3 mm for height for Sites 2 and 3 and
74.6 mm for Easting and Northings and 131.9 mm for height for Site 1.
The lower accuracy for Site 1 was attributed to the taller and denser
macadamia canopy at this farm.

Eight radiometric calibration targets produced from 45 × 60 cm Ma-
sonite boards painted with three coats of matte Dulux Wash and Wear
paint in white, six shades of grey and in black were used to convert
the UAV imagery from DN to at-surface reflectance (Johansen et al.
2018). The reflectance values of the eight targets were measured with
an ASD FieldSpec 3 spectrometer (Malvern Panalytical, Malvern, UK)
and confirmed to be near Lambertian with relatively flat reflectance
curves for all wavelengths, similar to those reported in Johansen et al.
(2018). The root mean square error (RMSE) of reflectance (scaled from
0 to 100%) ranged from 0.17% to 0.98%, between 500 and 850 nm,
corresponding to the spectral range of the Parrot Sequoia sensor (Parrot
Drones SAS, Paris, France). The RMSE was based on spectrometer mea-
surements obtained at 13 different angles, i.e. at nadir and at approxi-
mately 15°, 30° and 45°off-nadir angles viewed from north, south, east
and west, as suggested by Johansen et al. (2018).

3.2. Image data collection and processing: Parrot Sequoia and WorldView-3

Multi-spectral (green: 530–570 nm; red: 640–680 nm; red edge:
730–740 nm; and NIR: 770–810 nm) UAV imagery was collected with
the Parrot Sequoia® sensor with a global shutter and mounted to a
3DR Solo (3D Robotics, Berkeley, CA, USA) quadcopter. Field inspec-
tions were carried out coincidently on February 4, 2017 for Site 1 and
September 23, 2017 for Sites 1, 2 and 3. The Tower Beta Android appli-
cation was used to undertake autonomous image data collection at 50 m
above ground level, with 80% sidelap, and at a speed of 5 m/s in line
with recommendations by Tu et al. (2020) for collection of tree struc-
ture information of tree crops. Photos were collected once every second,
producing a forward overlap of 89%. All photos were visually assessed
prior to processing for quality assurance. No motion blur was identified
in the collected photos.

The UAV imagery was processed using Agisoft Metashape to produce
a geo-referenced orthomosaic, Digital Surface Model (DSM) and Digital
Terrain Model (DTM). The flying height of 50 m produced a pixel size
of approximately 4.8 cm for all four data sets. Due to the limited flight
time (<15 min), solar irradiance was assumed to be consistent during
each data capture. This assumption was further supported by the cam-
era setting information in the exchangeable image file (EXIF) data of
the Parrot Sequoia imagery, which also showed that the presence of the
white radiometric calibration panel in some of the images did not alter
the shutter speed and sensor gain, as reported for other multi-spectral
UAV sensors (Cao et al., 2019). Based on the relationship between the
field-derived spectrometer measurements and the digital numbers of the
eight radiometric calibration panels within the orthomosaics, the digi-
tal numbers were converted to at-surface reflectance for the multi-spec-
tral imagery, using a linear empirical line correction (Ahmed et al.,
2017; Johansen et al. 2018). This produced coefficients of determina-
tion (R2) > 0.99 for all band combinations. In order to produce a DSM
and DTM, a dense point cloud was required. The dense point cloud was
produced from Structure-from-Motion at “high” quality and using “mild”
depth filtering to remove points with high reprojection errors and to
avoid removing points representing the macadamia canopies (Tu et al.,
2020). The point cloud classification required for the DTM generation,
used a maximum angle of 15°, a maximum distance of 0.2 m and a cell
size of 10 m, which was found suitable for discriminating ground points
and the macadamia tree crowns. A Canopy Height Model (CHM) was
produced by subtracting the DTM from the DSM.

The WorldView-3 imagery (coastal, blue, green, yellow, red, red
edge, NIR1, NIR2 bands) was collected on February 25 and September
5, 2017 with a pixel size of 1.2 m for the eight multi-spectral bands
and 0.30 m for the panchromatic band. The WorldView-3 imagery was
orthorectified and radiometrically corrected to top-of-atmosphere re-
flectance using the provided image metadata and mean solar exo-at-
mospheric irradiance values (Kuester, 2017). While information on at-
mospheric correction of the WorldView-3 imagery was not available,
pseudo-invariant near Lambertian features, including asphalt, dark soil,
two roof tops, concrete, and bare sandy ground, was used for an empir-
ical line correction for image normalization (Karpouzli and Malthus,
2003) to enable a comparison of spectral information between the
two WorldView-3 images. Using the empirical line correction method,
the pixel values of the image collected on September 5, 2017 were
normalized to those from the image collected on February 25, 2017.
Subsequently, the WorldView-3 imagery was pan-sharpened using the
Gram-Schmidt spectral sharpening process and nearest neighbor resam-
pling, as this approach was found to best preserve the pixel values of the
corrected multi-spectral image bands (Jawak and Luis, 2013; Yuhen-
dra et al., 2012). The WorldView-3 imagery was geometrically aligned
with the UAV imagery, producing a RMSE for the image registration
of 0.08, 0.06, and 0.09 m (n = 30) for the WorldView-3 image sub
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sets covering Site 1 in February 2017 and September 2017 and Sites 2
and 3 in September 2017, respectively.

3.3. Delineation and extraction of image parameters

Delineating individual tree crowns is important for precision agri-
culture, as it allows assessment and management of trees to be indi-
vidualized (Felderhof and Gillieson, 2012). It was very difficult to
visually identify the boundaries of individual trees in the imagery be-
cause of their hedgerow structure, which other studies of horticultural
tree crops have also found challenging (Torres-Sanchez et al., 2015;
Tu et al., 2019). Hence, a semi-automated approach was used to first
map each of the individual hedgerows automatically and subsequently
manually delineate the boundary between individual tree crowns based
on visual interpretation of the UAV imagery. This approach ensured the
best possible relationship could be produced between field assessed tree
condition and image derived information. A multi-threshold segmenta-
tion was initially used in the eCognition Developer 9.2 software (Trim-
ble Geospatial, Munich, Germany) to identify areas with a CHM value
>2 m. A pixel-based object resizing algorithm (Johansen et al., 2011)
was then used to grow areas >2 m in height, i.e. the macadamia trees,
outwards as long as the CHM > 1 m, the Normalized Difference Vege-
tation Index (NDVI) > 0.2 and the overall brightness was higher than
the characteristic values of the shaded gaps between hedgerows. To fur-
ther refine the edges of the hedgerows, the pixel-based object resizing
algorithm was used to grow macadamia hedgerows outwards in shaded
areas with low brightness, as long as the CHM > 1 m and the Euclid-
ean distance to the neighboring hedgerow was >1 m. Also, pixels/ob-
jects surrounded by objects classified as macadamia trees were merged
with the macadamia tree class, as long as their area was ≤ 0.09 m2, i.e.
the size of a single pan-sharpened WorldView-3 pixel. The manual de-
lineation to convert the hedgerows into objects, representing individual
tree crowns, was undertaken using visual assessment of the UAV im-
agery and the derived CHM together with the field based tree counting
and condition assessment information. To limit spectral background ef-
fects from ground cover and to reduce the influence of overlapping tree
crowns within the hedgerows on subsequent information extraction at
the individual tree level, the pixel-based object resizing algorithm was
used to shrink individual tree crowns inwards by up to 25 cm to ensure
delineated outlines of neighboring tree crowns were 50 cm apart. The
50 cm threshold was set based on field observations of overlapping tree
crowns within hedgerows.

The outlines of the individual tree crowns, derived based on the
multi-spectral UAV imagery, were used to derive information on individ-
ual trees from the multi-spectral bands and vegetation indices from both
the UAV and WorldView-3 imagery. All of the object variables were ex-
tracted as a shapefile and combined with the field based measurements
of macadamia tree condition to analyze their relationship. A total of
nine vegetation indices were identifying as the best-performing in other
precision agricultural studies focusing on mapping condition, biomass,
yield and productivity of horticultural tree crops with UAV and World-
View-3 imagery (Robson et al., 2017; Rahman et al., 2018; Tu et
al., 2019). Only five of the nine vegetation indices were extracted from
the UAV imagery due to the fewer spectral bands available (Table 1).

3.4. Predicting macadamia tree condition using a random forest classifier

Using the multi-spectral bands and vegetation indices, a random for-
est classifier was employed to model the relationship between field as-
sessed macadamia condition categories (ordinal scale) and image de-
rived variables (continuous data values). A confusion matrix was pro-
duced for error assessment. Random forest has been applied in numer-
ous ecological studies (Cutler et al., 2007; Prasad et al., 2006)

Table 1
Vegetation indices extracted from the UAV and WorldView-3 (WV-3) imagery for pre-
diction of macadamia tree condition. Only one version of the RDVI index was produced
for the UAV data, as only one NIR band was available for the data set. RE = Red Edge.
NIR1 = WV-3 NIR1 band. NIR2 = WV-3 NIR2 band.

Vegetation Index Formula Sensor

Normalized Difference Vegetation
Index (NDVI)

(NIR2-Red)/(NIR2 + Red) UAV/
WV-3

Green Normalized Difference
Vegetation Index (GNDVI)

(NIR2-Green)/(NIR2 + Green) UAV/
WV-3

Red Edge NDVI (RENDVI) (RE-Red)/(RE + Red) UAV/
WV-3

Normalized Difference Red Edge
Index (NDRE)

(NIR2-RE)/(NIR2 + RE) UAV/
WV-3

Renormalized Difference Vegetation
Index1 (RDVI1)

(NIR1-Red)/sqrt(NIR1 + Red) UAV/
WV-3

Renormalized Difference Vegetation
Index2 (RDVI2)

(NIR2-Red)/sqrt(NIR2 + Red) WV-3

Structure Insensitive Pigment Index
(SIPI)

(NIR1-Blue)/(NIR1 + Red) WV-3

Coastal Blue (CB) SIPI (CBSIPI) (NIR1-CB)/(NIR1 + CB) WV-3
Normalized Different Red/NIR2
Index (R/N2NDVI)

(NIR1-Red)/(NIR1 + NIR2) WV-3

and for classifying remotely sensed data (e.g. Belgiu and Dragut,
2016; Ma et al., 2017; Sarron et al., 2018; Shah et al., 2019; Tu
et al., 2019), showing high accuracy and the ability to model complex
interactions between variables. The approach is used to determine the
optimum set of decision trees similar to the statistical approach of bag-
ging, where successive classification trees are independently constructed
using a random sample of the data that do not depend on earlier trees. In
bagging, each node is split using the best split among all predictor vari-
ables. In random forests, the best split at each node is based on a subset
of randomly selected predictor variables. Breiman (2001) found this
approach to perform better than many other classifiers such as discrim-
inant analysis, support vector machines, and neural networks. A total
of 500 decision trees were used in this classification process, as a large
number of decision trees generally means better or more stable predic-
tion, although at a higher computational cost (Oliveira et al., 2012).
Each decision tree was fully grown without pruning, as the final aggre-
gation approach for all trees produced by random forest prevents over-
fitting. Every training set is randomly sampled from the whole data set
with replacement. In each decision tree of random forest, approximately
1/3 (i.e. 36.8%, following a 0.632 bootstrap of the training set) of data
was held back as test data and used to calculate the misclassification er-
ror (Braga-Neto and Dougherty, 2004; Ghosh et al., 2014). This
error, referred to as the out of bag (OOB) error rate, is an unbiased es-
timate of classification/prediction error, where the total number of mis-
classified macadamia trees are divided by the total number of sampled
macadamia trees. The maximum number of variables used for each node
was set to 3. Changes to this number did not significantly affect the re-
sults. The experiments were implemented with the R package “random-
Forest” (Liaw and Wiener, 2002).

To evaluate the importance of the input variables in the random for-
est models, the percentage mean decrease accuracy was calculated. The
mean decrease accuracy is estimated based on the OOB data by exclud-
ing a single variable one at a time to determine how large a decrease in
accuracy this causes for each decision tree. The decrease in accuracy is
then averaged over all trees and normalized by the standard deviation.
The larger the mean decrease in accuracy is, the more important the cor-
responding variable is for the classification (Hur et al., 2017).

Using the UAV and WorldView-3 pan-sharpened and multi-spec-
tral image data, five different scenarios were tested to assess if the
developed random forest models could be used for the same site at
two different points in time and for different sites with different
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macadamia tree varieties (Table 2):

Produce individual random forest models for the image data sets ac-
quired for Site 1 in February and September 2017, and for Sites 2 and
3 in September 2017, using only site-, date- and image-specific data for
model development;
Apply the random forest models developed for the image data sets ac-
quired in February 2017 for Site 1 to the corresponding data sets ac-
quired in September 2017 for Site 1, and vice versa, to test if the models
could be used for the same location over time;
Develop new random forest models for the image data sets acquired for
both Sites 2 and 3 in September 2017 to test how a larger training data
set (including both Sites 2 and 3) would affect the mapping accuracies
of (a) Site 2 and (b) Site 3, compared with mapping accuracies for the
models based only on Site 2 and Site 3 data, respectively;
Apply the random forest models developed for the image data sets ac-
quired in September 2017 for (a) Site 1, to Sites 2 and 3; and (b) for
Sites 2 and 3 to Site 1, to test if the models could be applied over wider
spatial extents for sites with different macadamia varieties; and
Apply the random forest models developed for the image data sets ac-
quired in September 2017 for Site 2 to Site 3, and vice versa, to test if
the models could be applied to wider spatial extents for sites with the
same macadamia varieties.

The five scenarios were tested using 15 different random forest mod-
els for the three image data sets (UAV, WorldView-3 pan-sharpened
(PS), and WorldView-3 multi-spectral (MS)) and three sites with a to-
tal of 39 model runs. The data used for developing each of the random
forest models are specified in Table 2. All models were based on the
multi-spectral bands and vegetation indices (Table 1) from the UAV
data and the WorldView-3 data.

4. Results

4.1. Relation of image parameters to macadamia condition

The output of the automated object-based hedgerow delineation
worked well for the UAV imagery and the inclusion of UAV derived
CHM information simplified this process. However, the manual sepa-
ration of the neighboring trees within each hedgerow was in many
cases difficult. Whereas the pixel size of the WorldView-3 pan-sharpened
imagery allowed hedgerow delineation due to a spectrally contrasting
background (Fig. 3), it was impossible to accurately determine where
to separate neighboring tree crowns. The WorldView-3 multi-spectral
imagery (2 m pixels) was found unsuitable for both hedgerow and tree
crown delineation due to the larger pixel size (Fig. 3). Hence, the UAV
derived delineation of individual macadamia tree crowns was used for
the tree condition analysis of the WorldView-3 imagery. Fig. 3 depicts
the delineation results after the manual tree crown separation and after
the shrinking of individual tree crowns.

When assessing the importance of the predictor variables used for
the random forest models, the NIR bands and some of the vegetation
indices produced the highest mean decrease accuracies, but varied ac-
cording to macadamia variety and time of the year (Fig. 4). For the
UAV imagery, the NIR and RDVI bands had the highest importance
for Sites 2 and 3 (HAES 816) and for the February acquisition of Site
1 (HAES 741 and 660). However, the RDVI, NDVI and green bands
produced the highest mean decrease accuracies for the September ac-
quisition of Site 1. The WorldView-3 pan-sharpened and multi-spectral
imagery had similar characteristics of feature importance. For Sites 2
and 3 the NIR1, CBSIPI, SIPI, GNDVI and the RDVI1 bands produced
the highest values of mean decrease accuracy. Again, Site 1 differed
from Sites 2 and 3 with its most important variables derived from the
WorldView-3 imagery for the February acquisition being the NIR2, RD-
VI2 and GNDVI bands and for the September acquisition being the
NIR2, RDVI2, GNDVI and NDVI bands. There was a clear trend that

Table 2
Scenarios, image data (WV-3 PS = WorldView-3 pan-sharpened, WV-3 MS = World-
View-3 multi-spectral), site selection and training data used to predict macadamia tree
condition, using 15 different random forest models applied in a total of 39 model runs.

Model
Run
No. Scenario

Model
No. Imagery

Image
date

Site(s)
mapped

Training data
used for
model
development

1 1 1 UAV Feb
2017

1 Site 1, Feb
2017, UAV
data

2 1 2 WV-3
PS

Feb
2017

1 Site 1, Feb
2017, WV-3
PS data

3 1 3 WV-3
MS

Feb
2017

1 Site 1, Feb
2017, WV-3
MS data

4 1 4 UAV Sep
2017

1 Site 1, Sep
2017, UAV
data

5 1 5 WV-3
PS

Sep
2017

1 Site 1, Sep
2017, WV-3
PS data

6 1 6 WV-3
MS

Sep
2017

1 Site 1, Sep
2017, WV-3
MS data

7 1 7 UAV Sep
2017

2 Site 2, Sep
2017, UAV
data

8 1 8 WV-3
PS

Sep
2017

2 Site 2, Sep
2017, WV-3
PS data

9 1 9 WV-3
MS

Sep
2017

2 Site 2, Sep
2017, WV-3
MS data

10 1 10 UAV Sep
2017

3 Site 3, Sep
2017, UAV
data

11 1 11 WV-3
PS

Sep
2017

3 Site 3, Sep
2017, WV-3
PS data

12 1 12 WV-3
MS

Sep
2017

3 Site 3, Sep
2017, WV-3
MS data

13 1 13 UAV Sep
2017

2 and 3 Sites 2 and 3,
Sep 2017,
UAV data

14 1 14 WV-3
PS

Sep
2017

2 and 3 Sites 2 and 3,
Sep 2017,
WV-3 PS data

15 1 15 WV-3
MS

Sep
2017

2 and 3 Sites 2 and 3,
Sep 2017,
WV-3 MS
data

16 2 1 UAV Sep
2017

1 Site 1, Feb
2017, UAV
data

17 2 2 WV-3
PS

Sep
2017

1 Site 1, Feb
2017, WV-3
PS data

18 2 3 WV-3
MS

Sep
2017

1 Site 1, Feb
2017, WV-3
MS data

19 2 4 UAV Feb
2017

1 Site 1, Sep
2017, UAV
data

20 2 5 WV-3
PS

Feb
2017

1 Site 1, Sep
2017, WV-3
PS data

21 2 6 WV-3
MS

Feb
2017

1 Site 1, Sep
2017, WV-3
MS data

22 3a 13 UAV Sep
2017

2 Sites 2 and 3,
Sep 2017,
UAV data
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Table 2 (Continued)

Model
Run
No. Scenario

Model
No. Imagery

Image
date

Site(s)
mapped

Training data
used for
model
development

23 3a 14 WV-3
PS

Sep
2017

2 Sites 2 and 3,
Sep 2017,
WV-3 PS data

24 3a 15 WV-3
MS

Sep
2017

2 Sites 2 and 3,
Sep 2017,
WV-3 MS
data

25 3b 13 UAV Sep
2017

3 Sites 2 and 3,
Sep 2017,
UAV data

26 3b 14 WV-3
PS

Sep
2017

3 Sites 2 and 3,
Sep 2017,
WV-3 PS data

27 3b 15 WV-3
MS

Sep
2017

3 Sites 2 and 3,
Sep 2017,
WV-3 MS
data

28 4a 4 UAV Sep
2017

2 and 3 Sites 1, Sep
2017, UAV
data

29 4a 5 WV-3
PS

Sep
2017

2 and 3 Sites 1, Sep
2017, WV-3
PS data

30 4a 6 WV-3
MS

Sep
2017

2 and 3 Sites 1, Sep
2017, WV-3
MS data

31 4b 13 UAV Sep
2017

1 Sites 2 and 3,
Sep 2017,
UAV data

32 4b 14 WV-3
PS

Sep
2017

1 Sites 2 and 3,
Sep 2017,
WV-3 PS data

33 4b 15 WV-3
MS

Sep
2017

1 Sites 2 and 3,
Sep 2017,
WV-3 MS
data

34 5 7 UAV Sep
2017

3 Sites 2, Sep
2017, UAV
data

35 5 8 WV-3
PS

Sep
2017

3 Sites 2, Sep
2017, WV-3
PS data

36 5 9 WV-3
MS

Sep
2017

3 Sites 2, Sep
2017, WV-3
MS data

37 5 10 UAV Sep
2017

2 Sites 3, Sep
2017, UAV
data

38 5 11 WV-3
PS

Sep
2017

2 Sites 3, Sep
2017, WV-3
PS data

39 5 12 WV-3
MS

Sep
2017

2 Sites 3, Sep
2017, WV-3
MS data

those variables with the highest importance were also those with the
least overlap in values between the five condition categories. The vari-
ation in the ranking of variable importance emphasizes the need to
include multiple variables in random forest models for predicting
macadamia tree condition to account for variation in tree varieties (e.g.
HAES 816 versus HEAS 741 and 660) and phenology (February versus
September). However, it should be noted that since the models were
trained on many multi-spectral bands and vegetation indices, multi-
collinearity between bands might have resulted in some of the input
variables being redundant, and hence causing the models to be resistant
to permutation of single variables in the assessment of variable impor-
tance (Shah et al., 2019).

4.2. Image classification of macadamia tree condition

A total of five different random forest models were produced for each
of the three image data sets, and these models were applied to a fur-
ther eight combinations of sites for each of the three image data sets to
test if the models could be used multi-temporally and multi-spatially for
the same and different macadamia tree varieties. The error matrices and
OOB classification errors for all 39 model runs are provided in the sup-
plementary data section. The results are summarized in Table 3, which
shows the OOB classification errors for each model run and the number
of times a predicted condition category was offset by two or more cat-
egories. The results presented in the next four sections will be based on
this table and the error matrices in the supplementary data section.

4.2.1. Assessment of individual sites using different imagery (Scenario 1)
Ultimately, we were seeking to determine how accurately data sets

acquired from different observation platforms (UAV, WorldView-3
pan-sharpened and multi-spectral) could be used to classify tree condi-
tion (from excellent to poor), using in-situ observations as ground-truth.
The first 15 model runs assessed how well the random forest classifier
could predict the macadamia tree condition for each of the individual
sites (Site 1 February, Site 1 September, Site 2, Site 3 and Sites 2 and 3
combined) and data sets (UAV, WorldView-3 pan-sharpened and World-
View-3 multi-spectral imagery), using approximately 1/3 of the data for
validation in each of the 500 decision classifier trees constructed. In
four out of five cases, i.e. for all the September data acquisitions, the
multi-spectral WorldView-3 imagery produced lower OOB classification
errors than the pan-sharpened WorldView-3 and UAV imagery. For the
February data acquisition of Site 1, all three data sets produced very
similar results (within 1.50%), with the UAV imagery having the highest
accuracy (Table 3, Scenario 1, first row). For Sites 2 and 3, the UAV im-
agery produced the highest OOB classification errors of the three image
data sets. The lowest OOB classification error out of the first 15 model
runs was 15.73%, produced for the multi-spectral WorldView-3 imagery
for Site 3, with 59 out of 375 observations being offset by only one con-
dition category (Fig. 5). As can be seen in Table 3 (Scenario 1), <1.9%
of the observations were predicted with an offset of two condition cate-
gories for the first 15 model runs, with seven of the 15 model runs hav-
ing a maximum offset of a single condition category. This means that for
any of the three sites assessed, it is>98.1% likely that the five different
predicted condition categories are the same as the one observed in the
field or is offset by no more than one category. Generally, the OOB clas-
sification errors were lower for Sites 2 and 3 (HAES 741 and 660) than
for Site 1 (HAES 816). This might have been attributed to the differ-
ent tree structure and colour of leaves between the different macadamia
varieties. For instance, the macadamia trees at Site 1 were taller and
had a more complex canopy structure than those at Sites 2 and 3. Also,
>25 trees at Site 1 were affected at various levels by abnormal verti-
cal growth (growth disorder affecting tree structure and reducing yield),
whereas no trees at Sites 2 and 3 were identified with abnormal vertical
growth symptoms (O’Farrell et al., 2016). Neighboring trees at Site 1
often had their crown edges intertwined, which formed a more distinct
hedgerow structure for Site 1 compared with Sites 2 and 3 (Fig. 1). In
some cases, delineated trees might have included branches and leaves
of neighboring trees along the tree crown edges, which would have af-
fected the spectral characteristics of trees in the random forest model
when compared to the field based observations of condition categories.
However, the effect of mixed tree crowns was reduced from the shrink-
ing of individually delineated trees.

The predicted condition categories of the UAV, pan-sharpened and
multi-spectral WorldView-3 imagery were also compared for the three
sites. The largest variation between predicted condition categories oc
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Fig. 3. Yellow outlines of the delineated tree crowns for an image subset of Site 3 for the (a, d) UAV, (b, e) pan-sharpened and (c, f) multi-spectral WorldView-3 imagery before and after
the shrinking of individual trees.

Fig. 4. Importance of predictor variables used in the random forest models based on all the multi-spectral bands and vegetation indices for the UAV and WorldView-3 pan-sharpened and
multi-spectral imagery of Sites 1, 2 and 3.

curred for Site 2, with 40.82 and 38.08% of predicted values differ-
ing between the UAV and the pan-sharpened WorldView-3 imagery and
the UAV and the multi-spectral imagery, respectively. However, all, but
seven observations (1.92%), were within a single condition category.
When comparing the predicted condition categories for the pan-sharp-
ened and multi-spectral WorldView-3 imagery, only 15.89% of the pre-
dicted values differed and all of those were within a single condition
category. The most similar results were obtained for Site 3, with 24.53%
and 25.87% of the predicted values differing between the UAV and the
pan-sharpened and multi-spectral WorldView-3 imagery, respectively,
and only one predicted value between the UAV and pan-sharpened
WorldView-3 imagery differed by more than a single condition category.
Only 12.27% of predicted values differed between the pan-sharpened
and multi-spectral WorldView-3 imagery (Fig. 5).

4.2.2. Multi-temporal assessment of the same variety (Scenario 2)
To assess the ability to use the developed random forest models over

time, the models based on the February data collection of Site 1 was ap-
plied to the September imagery and vice versa, using the same image
based bands, and validated against the human-informed tree condition
field data. Using the models developed on the February data and then
applied to the September data, and the September data applied to the
February data, produced OOB classification errors of 37.45 and 68.29%
for the UAV imagery, 41.57 and 40.85% for the pan-sharpened World-
View-3 imagery, and 35.21 and 50.00% for the multi-spectral World-
View-3 imagery, respectively (Table 3, Scenario 2). When using the
February data for predicting the September condition, the OOB classifi-
cation errors increased for the three data sets by 5.24 –
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Table 3
Summary table of scenarios tested and the resultant OOB classification error rates and oc-
currences (in brackets) with ≥ 2 offsets in condition category prediction in relation to field
observations. Individual error matrices related to each OOB classification error value can
be found in the supplementary data section.

Scenario
Scenario
Description UAV

WV3
PS

WV3
MS

1 - Individual sites Site 1, Feb - train
and predict
Site 1, Sep - train
and predict
Site 2, Sep - train
and predict
Site 3, Sep - train
and predict
Site 2 and 3, Sep -
train and predict

0.3659
(0)
0.3221
(4)
0.3753
(5)
0.2693
(0)
0.3216
(5)

0.3720
(3)
0.3558
(0)
0.2575
(2)
0.2027
(0)
0.2568
(3)

0.3841
(1)
0.2921
(1)
0.2247
(0)
0.1573
(0)
0.2365
(0)

2 - Multi-temporal
assessment of the same
variety

Train on Site 1,
Feb – Predict Site
1, Sep
Train on Site 1,
Sep – Predict Site
1, Feb

0.3745
(9)
0.6829
(60)

0.4157
(14)
0.4085
(11)

0.3521
(0)
0.5000
(8)

3 - Multi-spatial
assessment of the same
variety, large dataset

Train on Sites 2
and 3 – Predict
Site 2
Train on Sites 2
and 3 – Predict
Site 3

0.3753
(4)
0.2693
(0)

0.2849
(2)
0.2267
(1)

0.2630
(0)
0.2107
(0)

4 - Multi-spatial
assessment of different
varieties

Train on Site 1,
Sep – Predict Sites
2 and 3
Train on Sites 2
and 3 – Predict
Site 1, Sep

0.3797
(11)
0.5094
(9)

0.5811
(41)
0.5843
(18)

0.4216
(41)
0.7004
(33)

5 - Multi-spatial
assessment of the same
variety, small dataset

Train on Site 2 –
Predict Site 3
Train on Site 3 –
Predict Site 2

0.3253
(3)
0.4274
(3)

0.3120
(3)
0.4110
(5)

0.3120
(0)
0.4219
(0)

6.00% compared with the use of the September data for Site 1. When
using the September data for predicting the February condition, the
OOB classification errors increased further, especially for the UAV data
(31.7%) and the WorldView-3 multi-spectral data (11.59%). The in-
creased errors in the UAV predictions were caused by overestimation
of predicted condition, i.e. 108 trees belonging to condition category 1
was incorrected mapped as either categories 2 (n = 49) or 3 (n = 59),
and 98 condition category 2 trees were mapped as category 3 trees.
The random forest model based on the WorldView-3 multi-spectral im-
agery from September, similarly overestimated predicted condition in
the February data set, especially for field observed condition category
1 trees, which were mapped as category 2 trees (n = 114) (supplemen-
tary data). These results indicate that tree condition was more com-
plex to classify in the February data than the September data, espe-
cially using the UAV imagery. With the exception of the random forest
models based on the UAV data acquired in September and used to pre-
dict tree condition in February (model run 19, supplementary data), all
other multi-temporal applications (model runs 16–18 and 20–21, sup-
plementary data) produced results within a single condition category
in > 94.76% of cases.

Examining only the field data, out of 240 macadamia trees compared
between February and September 2017 for Site 1, 45 trees went down
by one category, one tree went down by two categories, 20 trees im-
proved their condition by one category, while the condition of the re-
maining 174 trees remained unchanged (Table 4). While a similar trend
was observed for the UAV and WorldView-3 imagery based on the pre-
dicted observations for February and September for Site 1, the predicted
results showed that

37–40 trees went down by one category, 6–7 trees went down
by two categories, 37–40 trees improved their condition by one cate

gory, 6–8 trees improved their condition by two categories and the re-
maining trees maintained the same condition. Compared with the field
observations and based on the absolute number of occurrences of no
change and increases and decreases of condition categories, the pre-
dicted differences in tree condition between the February and Septem-
ber data sets for Site 1 were best represented by the WorldView-3 im-
agery (Table 4).

4.2.3. Multi-spatial assessment of the same tree variety (Scenarios 3 and 5)
To test the general applicability of the random forest models for the

same macadamia tree variety, but at different (although nearby) sites,
the models developed for Site 2 were used to predict the condition cat-
egories for Site 3, and vice versa. As in all cases, the results were then
evaluated against field observations. The random forest models based
on the UAV, pan-sharpened and multi-spectral WorldView-3 imagery for
Site 2 produced OOB classification errors for Site 3 of 32.53, 31.20, and
31.20%, respectively, whereas higher OOB classification errors of 42.74,
41.10, and 42.19%, respectively, were produced when predicting tree
categories for Site 2 based on Site 3 training data (Table 3, Scenario 5).
The macadamia trees at Site 2 were generally easier to delineate, as they
had better separation than those at Site 3. Many of the trees at Site 3
were intertwined and difficult to accurately delineate from the UAV im-
agery, emphasizing the need for shrinking tree crowns between neigh-
boring trees within a hedgerow to reduce the spectral effects in the im-
agery of overlapping crowns.

When using Site 2 for training to predict tree condition for Site 3 and
vice versa, the pan-sharpened and multi-spectral WorldView-3 imagery
produced slightly lower OOB classification errors (0.55–1.64%) than the
UAV imagery. In all cases, the majority (>98.63%) of predicted tree
condition categories were either correctly mapped or offset by a single
condition category, indicating training data from one site can be used
to predict the tree condition of another site with the same macadamia
tree variety. Using the random forest model developed on both Sites 2
and 3, but applied separately to Sites 2 and Site 3, the predicted condi-
tion categories were more accurately mapped for Site 3 than those for
Site 2 for all three data sets (Table 3, Scenario 3). The UAV imagery
achieved OOB errors of 26.93 versus 37.53% for Sites 3 and 2, respec-
tively. The WorldView-3 imagery produced OOB errors of 22.67 (Site 3)
versus 28.49% (Site 2) for the pan-sharpened data set and 21.07 (Site 3)
versus 26.30% (Site 2) for the multi-spectral data set. These results also
show that the models developed on both Sites 2 and 3 produced higher
mapping accuracies than the models developed only on Site 2 and ap-
plied to Site 3 and vice versa. This indicates that a larger training data
set is likely to improve the prediction results, as long as the quality of
the training data is high and the condition category distribution is rep-
resentative. These are commonly identified characteristics of machine
learning algorithms applied to remotely sensed image data (Li et al.,
2014; Lu and Weng, 2007).

4.2.4. Multi-spatial assessment of different varieties (Scenario 4)
Site 1 consisted of macadamia trees belonging to the HAES 741 and

660 varieties, while Sites 2 and 3 consisted of HAES 816. As shown
in Fig. 2, there were distinct differences between the two varieties in
terms of leaf colour, height and structure. To test the general applic-
ability of the random forest models developed for Site 1, the models
based on the UAV and pan-sharpened and multi-spectral WorldView-3
imagery collected in September 2017 were applied to Sites 2 and 3 and
vice versa, and subsequently evaluated against the field observations.
Using the models for Site 1 based on the September data as training,
the predicted OOB classification errors were 37.97, 58.11 and 42.16%
for the UAV, pan-sharpened and multi-spectral WorldView-3 imagery
(Table 3, Scenario 4), representing OOB classification error increases
of 5.81, 32.43, and 18.51%, respectively, compared to the use of train-
ing data from Sites 2 and 3 (Table 3 Scenario 1). The larger increase
in the error rate for the pan-sharpened WorldView-3 imagery was due
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Fig. 5. Field assessed macadamia tree condition (Condition 1: Excellent, Condition 2: Good, Condition 3: Moderate, Condition 4: Fair, Condition 5: Poor) for Site 3, Scenario 1 and differ-
ences in condition categories between the field observations and the predicted condition categories for the UAV and WorldView-3 pan-sharpened (WV-3 PS) and multi-spectral (WV-3 MS)
imagery using the random forest approach. Undelineated tree crowns were not included in the analysis, as they were either too small or belonged to a different macadamia tree variety.

to significant misclassification error of condition categories 1 and 3,
which were incorrectly predicted as category 2 in 273 and 116 cases
(n = 740), respectively. For the predicted condition categories for the
UAV, pan-sharpened and multi-spectral WorldView-3 imagery, an off-
set of two condition categories occurred 11 (1.49%), 41 (5.54%) and 41
(5.54%) times, respectively.

When using the data from Sites 2 and 3 for model training to pre-
dict tree condition for Site 1, the OOB classification errors increased
to 50.94, 58.43 and 70.04% for the UAV and WorldView-3 pan-sharp

ened and multi-spectral imagery, respectively. The main reason for these
low accuracies was the misclassification of trees in excellent condition
being classified as having good or moderate condition. The low clas-
sification accuracies also resulted in 9 (3.37%), 18 (6.74%) and 33
(12.36%) trees being classified with an offset of two condition cate-
gories. In 128 (47.94%), 146 (54.68%), and 184 (68.91%) out of 267
cases, the prediction condition categories were underestimated. The
poor prediction results were attributed to the HAES 741 and 660 va-
rieties at Site 1 having darker leaves and a more complex canopy
structure than the
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Table 4
Change in condition categories for Site 1 between February and September 2017 observed
in the field and predicted with the UAV, and WorldView-3 multi-spectral (WV-3 MS) and
pan-sharpened (WV-3 PS) imagery.

Data
No
change

Increase of
one
category

Decrease of
one
category

Increase of
two
categories

Decrease of
two
categories

Field 174 20 45 1
UAV 119 66 40 8 7
WV-3
MS

132 58 38 6 6

WV-3
PS

134 56 37 6 7

HAES 816 variety at Sites 2 and 3. With the model being based on spec-
tral bands and vegetation indices, the greener and less open canopy of
the HAES 816 variety exhibited spectral characteristics similar to one
condition category lower for the HAES 741 and 660 varieties. In other
words, a tree with condition category 1 at Sites 2 and 3 appeared spec-
trally similar to a tree with condition category 2 at Site 1 at the tree
crown object level. Hence, the results show that in this case, the ran-
dom forest model trained based on one type of macadamia tree variety
could not be successfully applied for predicting the condition of another
macadamia tree variety.

5. Discussion

The derivation of suitable predictor variables is important for reli-
able mapping of macadamia tree condition. For the UAV and World-
View-3 imagery, the predictor variables that had the highest importance
in the random forest models included the NIR band, RDVI, CBSIPI, SIPI,
GNDVI and NDVI. The use of SIPI and CBSIPI provides information on
the ratio of carotenoid and chlorophyll concentrations, which in turn is
related to the physiological and phenological status of plants and can be
used to assess chlorosis and plant condition (Penuelas et al., 1995).
GNDVI has also been used to accurately estimate chlorophyll concen-
tration (Gitelson and Merzlyak, 1998). RDVI was designed to assess
absorbed photosynthetically active radiation and be less affected by soil
reflectance (Roujean and Breon, 1995), while NDVI has been related
to biomass and leaf area index (Jordan, 1969; Tucker, 1979). Hence,
all the predictor variables identified with the highest importance in the
random forest models were recognized as suitable indicators of the field
assessed attributes (canopy openness; branches without leaves; chloro-
sis; signs of root disease; presence of mistletoe within canopy; and ab-
normal vertical growth) related to macadamia tree condition. Overall,
the random forest models worked well for individual sites (Scenario 1)
and multi-spatial assessment of the same tree variety (Scenarios 3 and
5), especially using a larger training data set (Scenario 3). Using mod-
els developed based on one type of tree variety to predict the condition
of another tree variety did not produce accurate results, most likely be-
cause of differences in leaf color and tree structure between the two tree
varieties.

The examination of macadamia trees at Site 1 occurred in Febru-
ary and September, and from the field based results a total of 27.5%
of the trees changed condition within this timeframe. Only a single tree
was identified with a reduction of two condition categories in the field,
while the UAV and WorldView-3 imagery predicted 6–7 trees with a
decrease of two categories (Table 4). With offsets of more than a sin-
gle condition category between predicted and field assessed tree con-
dition observations being fairly infrequent for all sites in this research
(Table 3), the identification of a tree with a sudden reduction in con-
dition by two or more categories should trigger a field inspection by a
grower. However, to reduce the number of false positives, it is impor-
tant to take into consideration the phenology of macadamia trees. For
example, leaf flush, flowering, pruning and weather related effects are

all events that may affect the mapped condition of macadamia trees. It
is also worth noting that the phenology of crops may change in time
and space in response to variation of temperature, precipitation, soil
type and humidity as well as management practices such as fertilisa-
tion, irrigation, crop varieties, planting densities and cultural practices.
This may cause intra-annual and inter-annual differences in phenolog-
ical characteristics, even at local spatial scales (Pena and Brenning,
2015; Masialeti et al., 2010; Usha and Singh, 2013; Wardlow et
al., 2007).

As differences in macadamia tree varieties, phenology, management
practices, etc. are likely to influence the structure of trees, their spec-
tral properties, and condition, it is imperative to collect detailed train-
ing data suitable for developing models that can accurately predict
macadamia tree condition. For field based assessment of tree condi-
tion, it is recommended to include individual scores and/or quantita-
tive field measurements of the individual attributes, i.e. canopy open-
ness; branches without leaves; chlorosis; signs of root disease; presence
of mistletoe within canopy; and abnormal vertical growth, assessed in
this study to determine their impact on the overall condition of each
macadamia tree. This may also enable a range larger than five condition
categories to be mapped for more detailed assessment of tree condition.
As this research illustrates, training data collected for one macadamia
tree variety may not be suitable for mapping another variety, while in-
creasing the size of the training data may increase the mapping accu-
racy. To scale up the UAV based approach for mapping macadamia con-
dition and at the same time minimizing the amount of training data re-
quired, a regionalization approach might be appropriate, where existing
field data and/or imagery, e.g. Digital Globe and possibly PlanetScope
imagery (Houborg and McCabe, 2018), can be used to sub-divide a
large area into groups of macadamia farms requiring similar types of
training data. For instance, UAV imagery of farms with the same tree
variety and approximately the same tree ages and management regime
might share the same training data, while separate training data would
be needed for different tree varieties.

Even though the training data used in this study had a somewhat im-
balanced distribution, it was found that both categories 4 and 5 were
predicted with accuracies similar to or even higher than those for cat-
egories 1–3. Well-managed farms will generally result in tree condition
data with a skewed distribution, and even when disease strike, it will
initially be for a small section of a farm. While it is often the extremes of
a distribution that need to be mapped, these can generally not be evenly
sampled. Hence, the use of imbalanced data with many observations be-
longing to some categories (e.g. categories 1–3 in this research) and few
observations belonging to other categories (e.g. categories 4–5 in this re-
search), may cause minority classes to be underestimated (Blagus and
Lusa, 2010; Maxwell et al., 2018). While the data imbalance in this
study did not cause prediction issues of minority classes, undersampling
of some categories, oversampling other categories, modifying the costs
of misclassification and adjusting or weighting algorithms might address
issues related to data imbalance in other studies (Ganganwar, 2012;
Kotsiantis et al., 2006).

Despite the significantly higher spatial resolution of the UAV im-
agery, the multi-spectral WorldView-3 produced the lowest OOB clas-
sification errors in most cases. However, the caveat here is that the
condition assessment of individual macadamia trees require their accu-
rate delineation. In the present study, only the high spatial resolution
UAV imagery was able to accurately delineate individual macadamia
trees due to their hedgerow structure and the associated difficulty of
determining where to separate neighboring trees within the hedgerow.
So, while the Worldview-3 imagery produced the highest mapping ac-
curacies of tree condition, the UAV imagery is required for individual
tree crown delineation for hedgerows. Other studies have also found
the discrimination of individual tree crowns occurring in a hedgerow
difficult, even when using UAV imagery (Diaz-Varela et al., 2015;
Torres-Sanchez et al., 2018), although new deep learning ap
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proaches might facilitate tree delineation approaches in the future (Kat-
tenborn et al., 2019). It was also found that the tree crown delineation
accuracy is important for obtaining reliable data for training the ran-
dom forest models. Hence, the use of WorldView-3 imagery is currently
limited to plantations, where there is enough spacing between neigh-
boring trees to confidently separate the trees in the imagery. Knowing
the planting distance between tree crowns in a hedgerow might be used
to approximate where to automatically delineate neighboring trees that
cannot be visually separated from WorldView-3 imagery (Diaz-Varela
et al., 2015). Considered the higher OOB classification accuracies of
the WorldView-3 imagery, another approach would be to acquire high
spatial resolution UAV based red–greenblue (RGB) imagery purely for
accurate semi-automatic tree crown delineation, and use the delineation
results for extraction of predictor variables and subsequent prediction
of macadamia tree condition from WorldView-3 imagery. Alternatively,
a well-calibrated UAV based hyper-spectral sensor (Barreto et al.,
2019) might enable both accurate tree crown delineation and provision
of suitable spectral bands for classifying tree condition. However, de-
spite successful tree crop applications of UAV based hyper-spectral data
(Zarco-Tejada et al., 2018), the associated processing and analysis
routines are still challenged by the data dimensionality and processing
complexity (Adao et al., 2017; Barreto et al., 2019).

Despite the higher OOB classification error of the UAV imagery in
most cases, the UAV imagery performed the best for the multi-spatial
assessment of different tree varieties (Scenario 4) and produced similar
classification accuracies to the WorldView-3 imagery for the multi-spa-
tial assessment of the same tree variety (Scenario 5). It should also be
highlighted that besides the multi-temporal assessment of the same va-
riety (Scenario 2), the UAV imagery could be used to predict tree con-
dition either correctly or within an offset of a single condition category
in more than 96.6% of cases. Considering the relatively low costs of de-
ploying UAVs to collect very high spatial resolution imagery, the flexi-
bility in terms of when and how frequently to collect the data (Stöcker
et al., 2017), and the increasing maturity of processing routines and ac-
curately extracting biophysical information from UAV imagery (Padua
et al., 2017), UAV imagery may still have a competitive advantage
against WorldView-3 imagery. However, for large scale farms such as
those currently being established in China and South Africa, fixed wing
platforms would be required for frequent data collection and to ensure
as large an area as possible can be covered as close as possible to so-
lar noon and as quickly as possible to reduce the likelihood of intro-
ducing cloud shadows within the imaged areas. Multi-rotor platforms
would be more suited to smaller plantations, such as the approximately
200,000 small farms occurring in Kenya (Australian Macadamia Soci-
ety, 2019; Gitonga et al., 2009). As the majority of operational UAV
applications related to vegetation are based on RGB and multi-spectral
cameras (Salami et al., 2014), there is the scope to implement our
mapping approach and findings into an operational commercial produc-
tion of UAV derived information on tree condition. This would allow
growers and plantation managers to take immediate action, when trees
are identified with either low condition from single images or with de-
teriorating condition from time-series information.

6. Conclusions and future work

A machine learning approach was employed for mapping the con-
dition of individual macadamia tree crowns using both multi-spectral
UAV and WorldView-3 imagery. A range of model structures were de-
veloped to test the capacity to apply these across time and between dif-
ferent macadamia varieties. The results illustrated that multi-spectral
UAV and WorldView-3 imagery, when combined with a random for-
est classifier and suitable training data, can provide a means of assess-
ing macadamia tree condition at the individual tree crown level. The
high spatial resolution of the UAV imagery was necessary to accurately
delineate the individual macadamia tree crowns planted in hedgerows.
The multi-spectral WorldView-3 imagery provided the lowest OOB clas

sification errors in most cases. However, both the UAV and WorldView-3
imagery enabled macadamia tree condition to be classified at one point
in time for individual macadamia tree varieties either correctly or within
an offset of only one condition category in > 98.5% of cases. While
the random forest models could be used multi-spatially for predicting
condition of the same macadamia tree variety, models trained on one
macadamia tree variety could not be accurately used for predicting the
tree condition of another variety. Changes between February and Sep-
tember of the same macadamia tree variety reduced the mapping accu-
racies of the multi-temporal assessment when using the February models
to predict tree condition in September and vice versa.

The presented methods and results provide the foundation for con-
verting this research into an operational approach for growers to map
and monitor the condition of macadamia trees at the orchard and farm
level using multi-spectral UAV imagery and potentially WorldView-3
imagery for farms with separable macadamia trees not occurring in
hedgerows. To achieve a fully operational approach, there are a number
of future experiments to be undertaken. Future work should focus on de-
veloping a field based quantitative assessment method of condition to
increase objectivity of field measurements and increase the range of con-
dition categories. This may improve image derived mapping and moni-
toring results of macadamia tree condition. It would be beneficial if the
tree crown delineation could be undertaken in a fully automated man-
ner, e.g. based on known tree crown spacing. Such an approach would
likely require the delineated width of the tree crowns to be reduced fur-
ther than in this study in the direction along the hedgerows to minimize
the chance of including large parts of neighboring tree crowns within
a delineated tree. It would be useful to test other machine and deep
learning approaches and examine their robustness in response to vari-
ous quantities and qualities of training data. In addition, a regionaliza-
tion approach should be tested to assess how macadamia orchards with
different tree varieties, planting and management practices, tree ages,
structural properties and environmental conditions may be grouped so
that the same training data can be used more widely both spatially and
temporally. Finally, future work may also investigate the spatial and
temporal variation of tree condition against yield and nut quality pa-
rameters such as shelf life, kernel to shell ratio and rancidity. This re-
search, together with the suggested future work, has significant poten-
tial to become a widely used support tool to inform management prac-
tices and maintain high productivity of macadamia nuts.
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