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Abstract: Pre-harvest yield estimation of mango fruit is important for the optimization of inputs
and other resources on the farm. Current industry practice of visual counting the fruit on a small
number of trees for yield forecasting can be highly inaccurate due to the spatial variability, especially
if the trees selected do not represent the entire crop. Therefore, this study evaluated the potential
of high resolution WorldView-3 (WV3) satellite imagery to estimate yield of mango by integrating
both geometric (tree crown area) and optical (spectral vegetation indices) data using artificial neural
network (ANN) model. WV3 images were acquired in 2016–2017 and 2017–2018 growing seasons
at the early fruit stage from three orchards in Acacia Hills region, Northern Territory, Australia.
Stratified sampling technique (SST) was applied to select 18 trees from each orchard and subsequently
ground truthed for yield (kg·tree−1) and fruit number per tree. For each sampled tree, spectral
reflectance data and tree crown area (TCA) was extracted from WV3 imagery. The TCA was identified
as the most important predictor of both fruit yield (kg·tree−1) and fruit number, followed by NDVI
red-edge band when all trees from three orchards in two growing seasons were combined. The results
of all sampled trees from three orchards in two growing seasons using ANN model produced a strong
correlation (R2 = 0.70 and 0.68 for total fruit yield (kg·tree−1) and fruit number respectively), which
suggest that the model can be obtained to predict yield on a regional level. On orchard level also the
ANN model produced a high correlation when both growing seasons were combined. However, the
model developed in one season could not be applied in another season due to the influence of seasonal
variation and canopy condition. Using the relationship derived from the measured yield parameters
against combined VIs and TCA data, the total fruit yield (t·ha−1) and fruit number were estimated
for each orchard, produced 7% under estimation to less than 1% over estimation. The accuracy of the
findings showed the potential of WV3 imagery to better predict the yield parameters than the current
practice across the mango industry as well as to quantify lost yield as a result of delayed harvest.

Keywords: WorldView-3 (WV3); Mango (Mangifera indica); tree crown area; yield prediction

1. Introduction

Accurate pre-harvest yield estimation of high value fruit tree crops such as Mango (Mangifera
indica) is of substantial benefit to industry as it allows growers to make more informed decisions on
the optimizing of orchard inputs (e.g. irrigation water, fertilizers, pesticides etc.) and to plan the
logistics related with harvest, transport, marketing and forward selling. Current industry practice
of yield estimation is based on historical data and the manual counting of mangoes from a selected
number of sample locations at the stone hardening stage of fruit development, about only six weeks
prior to harvest [1]. However, this method often provides very inaccurate and inefficient estimation of
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yield over the whole orchard, since the number of fruits on each tree can be highly variable. Also this
method can be labour intensive, with the limited sample size considered to be insufficient to achieve
an accurate estimation of yield across the whole orchard [2].

Crop simulation models have been developed for a number of tree crops to estimate fruit
number based on tree physiological parameters (i.e. tree canopy area, average fruit set density
and number of fruits on a representative sample of trees). Winter [3] developed ‘Bavendorf’ crop
estimation model to estimate number of fruits for apple and pear orchards, which was later evaluated
by Köhne [4] to estimate the number of fruits in avocado orchards. However, the accuracy of this
method depends on the number of sample trees and fruit set density (FSD) counts, which are time
consuming, labour intensive and require experienced personnel for better estimation of fruit numbers.
A ‘pheno-physiological model’ for avocado was developed by Whiley, et al. [5] to estimate different
growth parameters including fruit set, fruit retention and yield using the physiological status of the tree
in terms of vegetative (roots and shoots) and reproductive (flowers and fruits) organs. They identified
an empirical relationship between the level of starch concentration in tree trunks prior to flowering and
subsequent fruit yield. However, any adverse environmental or management conditions in between
flowering and final fruit set can largely influence this relationship.

Numerous researchers also developed tree crop yield estimation model using different crop
structural and biophysical parameters, such as, trunk cross sectional area (TCSA; cm2), canopy volume
(m3), canopy leaf area (m2) and intercepted photosynthetically active radiation (PAR) [6–9]. Wright,
Nichols and Embree [9] reported tree canopy volume as a better predictor for yield estimation, than the
TCSA and canopy leaf area for apple trees. Reginato, De Cortázar, Robinson and Varela [6], while
working on pear production, applied PAR to estimate yield and found a better correlation than TCSA.
Viau, Jang, Payan and Devost [7] applied integrated LiDAR derived tree canopy area and airborne
normalized difference vegetation index (NDVI) data to obtain information about crop conditions
and yield of apple orchards. Although a reliable accuracy was achieved using the integrated model,
exploration of tree height and other VIs from multispectral imagery was proposed to improve the
precision of the model.

Several sensor technologies including light detection and ranging (LiDAR), thermal imaging,
ultrasonic sensors and machine vision systems were investigated for last several years to estimate
fruits of individual trees for a number of different fruit crops, such as citrus [10–12], apples [13–16],
grapes [17,18], almonds [19] and mangoes [1,2,20]. In these studies, the focus lay mostly on the
estimation of number of fruits, and not the overall yield (kg·ha−1) or the average fruit size (g) per
tree, which are also very important parameters for on farm management and harvest segregation.
The occlusion of fruit by branches, leaves and other similar fruits, variations in illumination conditions
and thresholding errors were identified to be the main limitations of these techniques [20–22]. Moreover,
the price and complexity associated with the acquisition and processing of image restrict its application
on a large industrial scale.

Very high resolution satellite imagery offers as a time efficient and more convenient solution
of mango yield parameter estimation on a large scale. Whilst prior literature has demonstrated the
potential benefit of this technology for measuring yield in annual crops [23–27], the results for perennial
fruit tree crops have revealed varying level of success, for example citrus [28,29], apples [30,31],
pears [32], peach [33], olive [33], grapes [34,35], avocado [36,37], macadamia [37] among others.
For mango, a limited number of satellite based remote sensing studies have been undertaken and their
main objective was mostly limited to outlining the various mango orchards in a regional level [38,39].

There are various machine learning (ML) approaches have been used in developing remote
sensing based models such as artificial neural networks (ANN), support vector machines (SVM),
decision trees (DT), random forests (RF), etc [40–42]. Many authors have reported considerable
advantages of ANN due to their ability to learn complex patterns, generalize in noisy environments
and in the presence of incomplete or imprecise data, their capacity to incorporate a priori knowledge
and realistic physical constraints into the analysis, and to incorporate different types of data into the
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analysis [43–46]. Moreover, ANN have been reported to perform more accurately for remote sensing
data compared to other statistical and ML techniques in recent studies [43,47,48]. Therefore, ANN
model was used to develop regression models in this study.

Recently, with the advent of 30 cm resolution panchromatic WV3 imagery, it is now conceivable
to calculate tree crown area using geographic object based image analysis (GEOBIA) and canopy
reflectance measured across eight band multispectral imagery. Improving the accuracy of yield
parameter estimation with lower sampling effort is another important issue in fruit crop industry,
which could potentially be achieved by segregating the orchards into clusters of trees with similar crop
vigour or normalized difference vegetation index (NDVI) from WV3 imagery [36]. The aim of this
paper is to evaluate WV3 imagery for the accurate forecasting of mango yield via the integration of
tree crown area (TCA) and canopy reflectance properties of individual trees. The model was evaluated
across three different mango orchards grown in the Acacia Hills region of the Northern Territory.

2. Materials and Methods

2.1. Study Area and Crop Status

The study was conducted in three commercial mango orchards in Acacia Hills, Northern Territory,
Australia (Figure 1) for 2016–2017 and 2017–2018 seasons. The study area is located between longitudes
131.16◦E and 131.19◦E and latitudes 12.73◦S and 12.76◦S. The Acacia Hills region is characterized by a
tropical climate with distinct ‘wet’ and ‘dry’ seasons. Mean annual rainfall is approximately 1435 mm
(1980–2015) which mostly occurs during the wet season (November to April) and during these months
humidity rises to over 80% daily. The dry season produces milder weather conditions with a low
probability of rainfall and maximum humidity of 67–70% daily. The mean maximum temperature
is 34.1◦C, which does not vary greatly between the seasons with the maximum daily temperatures
ranging between 31.3◦C (June) and 37.5◦C (October) (1980–2015) [49].
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Figure 1. Location of the three mango orchards in Acacia Hills, Northern Territory, Australia. Three
orchards are given the name Orchard 1, Orchard 2 and Orchard 3.

Acacia Hills is within the Greater Darwin Region which boasts ~ 50% of the NT mango production,
with greater than 3,000 ha of mango. The trees in orchard 1, 2 and 3 were planted in 2011, 2010 and 2008
respectively on 3× 8 m spacing. All orchards are commercially owned and managed. Flowering occurs
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between May to July and harvesting commences between September to late November. To facilitate
orchard access, spraying, harvesting and other field operations, and to enhance light interception, trees
in each orchard are mechanically pruned, a process that generally occurs postharvest in December each
year. The orchards are irrigated using standard sprinkler irrigation system that supply 70 litre·hr−1.
The trees receive 4–5 hours of water about 2 to 3 times per week in the dry season following flower
initiation (approximately late April) through to fruit harvest (typically October).

2.2. Multispectral Remote Sensing Data

For this study, WV3 imagery (Digital Globe®) were captured on 23 October 2016 and 11 September
2017 over Acacia Hills to coincide with the fruit development stage (Stage 7) [50] of mango. WV3
imagery provides eight spectral bands at 1.24 m resolution in the spectral ranges of 397–454 nm
(Coastal blue), 445–517 nm (Blue), 507–586 nm (Green), 580–629 nm (Yellow), 626–696 nm (Red),
698–749 nm (Red edge), 765–899 nm (NIR1) and 857-1039 nm (NIR2) and one panchromatic band
(450–800 nm) at 0.31 m resolution [51]. Further details about the WV3 sensor is described on the
website (https://www.digitalglobe.com/about/our-constellation) and in Kuester [52]. All imagery
were acquired under cloud-free conditions and ‘at- sensor’ pixel digital numbers were converted to
‘Top of Atmosphere’ (TOA) spectral reflectance following the equation described in Kuester [52] and
projected to WGS-84 UTM Zone 52S. The pan-sharpened WV3 imagery were sourced from Digital
Globe® (https://www.digitalglobe.com/about/our-constellation). The panchromatic swaths were
orthorectified using rational polynomial coefficients (RPCs) without XY control and the Shuttle Radar
Topography Mission (SRTM) DEM resampled to 5m for Z control; tie points also collected on the
overlap regions; processing performed in PCI GXL using cubic convolution resampling.

2.3. Sampling Trees

From the multispectral WV3 imagery, a Normalised Difference Vegetation Index (NDVI =
(NIR1 − Red)/(NIR1 + Red)) was derived, followed by an unsupervised classification of the IsoData
(eight classes) for each selected orchard (Figure 2). The rationale behind the eight classes was to
separate the shadows and soil backgrounds from the tree canopy area and also to differentiate the
variation in tree vigour (health and size) and consequently to guide where on-ground sampling is
required to quantify the variablility in terms of yield and minimize the number of samples in each
orchard [53]. Eighteen sampled trees (six replicate trees from high, medium and low NDVI regions)
were selected from each orchard. The sampled tree locations were manually recorded by counting
the row and tree number and also using a hand-held Trimble DGPS (Trimble, Sunnyvale, CA, USA).
The exact centre of each sampled tree was also interpreted visually from the pan-sharpened WV3
imagery in ArcGIS to ensure the location of sampled tree on the imagery corresponded to that in
the field.

https://www.digitalglobe.com/about/our-constellation
https://www.digitalglobe.com/about/our-constellation
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Figure 2. Classified Normalised Difference Vegetation Index (NDVI) images of the three mango
orchards (a) Orchard 1 (b) Orchard 2 and (c) Orchard 3 with sampling locations for the 2016–2017
season presented as white circles.

2.4. Field Data Collection

The tree canopy diameter of 18 sampled trees were measured along the tree row and perpendicular
to the tree row from vertical tree crown projection using a standard measuring tape. The average of
two measured diameters (d) were used to calculate the area or TCA of each tree.

The manual harvesting of the 18 sampled trees occurred about two weeks prior to the commercial
harvesting. All harvested fruit were counted and weighed providing a total number of fruit per tree
and total yield per tree (kg·tree−1).



Remote Sens. 2018, 10, 1866 6 of 18

2.5. Extraction of Spectral Data and Tree Crown Area (TCA)

The point data of each sampled tree location recorded by DGPS was overlayed onto the
pan-sharpened WV3 imagery using ArcGIS 10.4 (Environmental Systems Research Institute. Redlands,
CA, USA). A 1.5 m radius buffer area (7.07 m2) was applied around each point, as this ensured pixels
outside the average canopy area were not included. The points were adjusted to exclude shadows or
non-canopy related understory, if present within 1.5 m radius buffer zone of any point. An open source
software ‘Starspan GUI’ (available at: https://github.com/Ecotrust/starspan) [54] was used to extract
the 8 band spectral information for each tree canopy area of interest (AOI) from the non-pan-sharpened
multispectral imagery. From the extracted data, 18 structural and pigment based VIs specific to crop
biomass and yield parameters were derived and regressed against total fruit weight (kg·tree−1) and
fruit number. The name of VIs are NDVI red-edge, TCARI, SIPI, CB SIPI, R/RENDVI, R/N2NDVI,
GNDVI, MSR, RVI, N1NDVI, N2NDVI, RENDVI1, RENDVI2, RDVI1, RDVI2, TDVI1, TDVI2 and
NLI. The detailed of the 18 VIs can be found in previous work elsewhere [36]. The VI with highest
coefficient of determination and lowest root mean squares error (RMSE) to the measured parameter
was identified for each orchard.

With the high resolution (0.31 m) pan-sharpened WV3 imagery, tree crown area (TCA) delineation
method was also applied to mango orchards in Acacia Hills, Northern Territory. The tree crown area of
each sampled tree was determined manually by onscreen digitization/segmentation of the canopies in
ArcGIS 10.4. The open access image processing software (ImageJ; http://rsbweb.nih.gov/ij/) was used
to develop a process (Figure 3) for extracting average TCA from whole orchard. Thresholding approach
was applied for the segmentation of TCA. The processes and the commands followed in ImageJ
software to extract TCA on individual tree level was shown in Figure 3. However, in some cases when
the effect of shadows and background noise is too high to allow image processing, pre-segmentation
processing was applied using another open access image editing software (GIMP 2.10.6; http://www.
gimp.org) to clearly visualize the tree canopy.

Figure 3. The flowchart of TCA extraction process in ImageJ. Processes are shown in left and the
commands in ImageJ software are shown in right.

2.6. Machine Learning Algorithms and Other Data Analysis Techniques

Simple linear machine learning (ML) algorithm was applied to develop regression model between
field measured TCA and pan-sharpened WV3 derived TCA. The data were splitted into training and
test set as 3:1 ratio and validated using test set.

https://github.com/Ecotrust/starspan
http://rsbweb.nih.gov/ij/
http://www.gimp.org
http://www.gimp.org
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To develop regression models of total yield per tree (kg·tree−1) and fruit number per tree with
18 VIs combined with TCA data, ANN analysis was performed in R 3.5.0 statistical software [55].
The packages used for the analysis were ‘caTools’ [56] (splitting data into training and test set),
‘neuralnet’ [57] and ‘H2O [58] (parameter tuning and ANN analysis). The data were splitted into
training and test set as 7:3 ratio. The ANN algorithm adopted in this study was a nonlinear layered
feed forward model with standard back propagation, which uses an iterative gradient descent training
procedure [59]. The neurons selected for hidden layers were 10 in the first hidden layers and 5
in the second hidden layers, since it produced the highest accuracy in the model. The model was
validated using the average spectral reflectance data extracted from the pixels of tree canopy within
whole orchard.

A multivariate stepwise linear regression analysis technique was applied to select optimal number
of VIs out of eighteen and then biplot was applied to visualize the relationship among yield parameters
and VIs, to determine the best VIs out of eighteen to generate yield (kg·tree−1) and fruit number
maps using ArcGIS 10.4. Once identified, regression analysis was performed to determine the VI with
strongest relationship with yield (kg·tree−1) and fruit number per tree using the statistical software
R [55]. The RMSE was calculated using Equation (1) below.

RMSE =
√

∑(Observed data− Estimated data)2/(n− 1) (1)

The rationale behind the selection of only one VI out of 18 was to allow yield parameter maps of
individual orchard to be derived and subsequently provided to the farmers for supporting logistical
planning of their field operations [36]. Although more complex statistical methods such as partial least
square regression (PLSR) has been used for identifying the optimal VIs in previous studies, Yi, et al. [60]
reported that once the prediction model is simplified, selecting the most important variable did not
perform differently to one another. To determine whether there is any significant difference between
2016–2017 and 2017–2018 growing seasons, Analysis of covariance (ANCOVA) was also performed
in R [55].

2.7. Prediction of Orchard Level Yield and Generating Yield Maps

ANN algorithms derived from the relationships between the yield parameters of selected 18 trees
and the combined VIs with the TCA data for each orchard were applied to all trees growing within
the respective orchards. The pixels specific to the tree canopies only were selected, whilst all other
non-canopy related pixel information (i.e., inter-row vegetation, soil, shading etc.) were removed.
To achieve this a 2D scatter plot (Red versus NIR1) was created using 2D scatter tool in ENVI version
5.4 (Exelis Visual Information Slutions, Boulder, Colorado). The average TCA for each orchard
was calculated using the ImageJ software. The algorithm developed using ANN between the yield
parameter and the combined VIs and TCA data for each respective orchard was then applied to
the average pixels value and average TCA for all trees to calculate the units of the respective yield
parameter. The process used is described in the Flowchart below (Figure 4). The tree numbers per
orchard and the area of each orchard were provided by the corresponding growers.
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For the derivation of yield maps for each individual orchard, all canopy specific pixels were
converted into the optimal VI map and then converted into the units of respective yield parameters
using band math function in ENVI version 5.4 (Exelis Visual Information Slutions, Boulder, Colorado).

3. Results

3.1. VIs for Estimating Yield Parameters

A multivariate stepwise regression analysis and biplot was applied to determine the best VIs
out of eighteen. The results of all orchards and the individual orchards for two years are presented
in Table 1. The regression analysis was performed to determine the VI with highest coefficient of
determination (R2) for each orchard across two years and for all three orchards in all years. NDVI
red-edge produced highest correlation for all orchards using all years data with R2 = 0.26 for total fruit
weight (kg·tree−1) and R2 = 0.30 for total fruit numbers. In general, when each orchard was analysed
separately, they produced higher R2 values. For orchard 1, RDVI2 identified as the VI with highest
correlation (R2 = 0.60 and 0.63 for total fruit weight (kg·tree−1) and fruit number respectively) and for
orchard 2, RDVI1 showed highest correlation (R2 = 0.62 for total fruit weight (kg·tree−1) and R2 = 0.63
for fruit number respectively). For orchard 3, R/N2NDVI produced highest correlation (R2 = 0.56)
with fruit weight (kg·tree−1) and SIPI showed highest correlation (R2 = 0.60). Overall different VIs
performed better in different orchards mainly due to the difference in age of trees and management
practices (i.e. irrigation, pruning, fertilizer application etc.), which leads to the variation of spectral
reflectance characteristics in the tree canopy of different orchards.
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Table 1. Best vegetation indices (VIs) for all orchards and for each orchard separately for total fruit
weight (kg·tree−1) and fruit number using multivariate stepwise regression and biplot.

Orchards

Total Fruit Weight
(kg·tree−1) Total Fruit Number

Best VI from
Stepwise

Regression and
Biplot

Formula R2
Best VI from

Stepwise Regression
and Biplot

Formula R2

All
orchards
(2 years)

NDVI red-edge Red edge − Red
Red edge + Red 0.26 NDVI red-edge Red edge − Red

Red edge + Red 0.30

Orchard 1
(2 years) RDVI2 NIR2 − Red√

NIR2 + Red 0.60 RDVI2 NIR2 − Red√
NIR2 + Red 0.63

Orchard 2
(2 years) RDVI1 NIR1 − Red√

NIR1 + Red 0.62 RDVI1 NIR1 − Red√
NIR1 + Red 0.63

Orchard 3
(2 years) R/N2NDVI NIR1 − Red

NIR1 + NIR2 0.56 SIPI NIR1 − Blue
NIR1 + Red 0.60

3.2. Measurement of TCA

The simple linear ML algorithm was developed to determine the relationship between field
measured TCA and pan-sharpened WV3 delineated TCA for three NT mango orchards in 2016–17
and 2017–18 growing seasons. The correlation of test set data (n = 36) is shown in Figure 5. A strong
correlation was achieved with R2 = 0.92 and RMSE = 1.3 m2. The slight offset of the linear relationship,
compared to the 1:1 line indicated that the TCA measured from small trees were underestimated and
the large trees were overestimated, a result that may be attributed to the influence of shadows and
soil backgrounds.
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Figure 5. The relationship between field measured TCA and pan-sharpened WV3 delineated TCA with
test set data. The solid line indicates the 1:1 relationship.

3.3. Models of Yield Parameters with combined VIs and TCA

By combining TCA with VIs in ANN model a strong correlation was achieved for both total fruit
weight (R2 = 0.91, RMSE = 8.8 (kg·tree−1)) and total fruit number per tree (R2 = 0.96, RMSE = 17 fruits)
using training set data (n = 75). In Figure 6, the test set data from 3 orchards for 2 years were
presented (n = 33). The correlation achieved using test set data for total fruit weight (kg·tree−1) was
R2 = 0.70 with RMSE = 13.83 kg·tree−1 and for total fruit number was R2 = 0.68 with RMSE = 33 fruits
only. ANCOVA analysis was also performed between 2016–17 and 2017–18 growing seasons, which
showed no significant difference between the slopes and intercepts of total fruit weight (kg·tree−1)
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(F-value = 0.02 and p = 0.89 for slopes and F-value = 1.10 and p = 0.3 for intercepts respectively) and
fruit number (F-value = 1.08 and p = 0.30 for slopes and F-value = 1.58 and p = 0.20 for intercepts
respectively). This indicates that a generalized liner model could be developed for these three mango
orchards using more years of data.
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Figure 6. The correlation between actual and predicted total fruit weight (kg·tree−1) (Left) and fruit
number with combined VIs and TCA from test set data (Right) (n = 33 from three orchards).

Scatter-plots identifying the relationship between actual and ANN model predicted fruit weight
(kg·tree−1) for each individual tree for three different mango orchards in two growing seasons for
test set data (n = 11) were provided in Figure 7. Whilst a good correlation was found for all three
orchards across both sampled years (Figure 7), splitting the data into 2016–17 and 2017–18 as training
and test set produced R2 = 0.57 with RMSE = 16.55 (kg·tree−1), R2 = 0.26 with RMSE = 58.6 (kg·tree−1),
R2 = 0.27 with RMSE = 47.6 (kg·tree−1) for orchard 1, 2 and 3 respectively. Splitting the data of two
growing seasons (2016–17 and 2017–2018) as training and test set, compared to combined two seasons
data, clearly indicated an obvious influence of growing location and seasonal variation on three
orchards. The highest correlation was achieved in orchard 3 with R2 = 0.93 and RMSE = 7.9 kg·tree−1.
In other orchards in two years period also a good correlation was observed with lowest R2 = 0.79
and RMSE = 9.1 kg·tree−1 in orchard 2. ANCOVA analysis for orchard 1 and orchard 3 showed a
significant difference in both slopes and intercepts between two seasons (F = 10.5, p = 0.0028 for slopes
and F = 10.9, p = 0.0024 for intercepts in orchard 1 and F = 51.4, p ≈ 0 for slopes and F = 5.72, p = 0.023
for intercepts in orchard 3 respectively). In orchard 2, there was no significant differences was found
for slopes between two seasons (F = 0.09, p = 0.77) however, the difference in the intercepts (F = 16.7,
p = 0.00026) was significant.
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Figure 7. Cont.
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Figure 7. The correlation between actual and ANN model predicted total fruit weight (kg·tree−1) with
combined VIs and TCA data for test set (n = 11) in Orchard 1, Orchard 2 and Orchard 3.

For total number of fruits, the scatter-plots between actual and ANN model predicted test set
data (n = 11) were also derived for three different mango orchards in two growing seasons (Figure 8).
A strong correlation was found for total fruit numbers in all three orchards across both years. Whilst a
good correlation was found for all three orchards across both sampled years (Figure 7), splitting the
data into 2016–2017 and 2017–2018 as training and test set produced R2 = 0.41 with RMSE = 53 fruits,
R2 = 0.23 with RMSE = 69 fruits, R2 = 0.54 with RMSE = 48 fruits for orchard 1, 2 and 3 respectively.
Splitting the data of two growing seasons (2016–17 and 2017–18) as training and test set, compared to
combined two seasons data, again indicated an obvious influence of growing location and seasonal
variation on three orchards. The highest correlation was achieved in orchard 3with R2 = 0.91 and
RMSE = 21 fruits. In other orchards also, a good correlation was observed with lowest R2 = 0.73 and
RMSE = 31 fruits in orchard 2. ANCOVA analysis for orchard 1 and orchard 3 showed a significant
difference in both slopes and intercepts between two seasons (F = 11.8, p = 0.0016 for slopes and
F = 12.4, p = 0.0013 for intercepts in orchard 1 and F = 26.7, p ≈ 0 for slopes and F = 7.02, p = 0.012 for
intercepts in orchard 3 respectively). In orchard 2, there was no significant differences was found for
slopes between two seasons (F = 0.05, p = 0.82) however, a significant difference was observed in the
intercepts (F = 24.3, p ≈ 0).
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Figure 8. The correlation between actual and ANN model predicted total fruit number with combined
VIs and TCA data for test set (n = 11) in Orchard 1, Orchard 2 and Orchard 3.

3.4. Accuracy of Orchard Level Yield Maps

In order to extrapolate the measured yield of the selected trees to the entire orchard, the process
described in the Flow chart (Figure 4) was employed for the 2016–2017 and 2017–2018 harvest seasons.
Estimations of total fruit weight (t·ha−1) were compared against commercially harvested yield for each
orchard (Figure 9). The results demonstrate that for all orchards the predicted yield derived from the
remotely sensed imagery, calibrated with the in-field sampling of strategically located trees, was much
closer to actual yield, with the exception of orchards 1 and 2 in 2016–2017 season. These orchards were
not completely picked due to resource constraints brought on by a delayed harvest and therefore a
considerable portion of the fruit were left on the trees or on the ground. For the other orchards the
error varied from −7% to less than 1% across the two years.
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Figure 9. Comparison between the actual yield (t·ha−1) to that predicted from WV3 imagery for
2016–2017 (showed as 2016 in legend) and 2017–2018 (showed as 2017 in legend) seasons for three
mango orchards in Northern Territory.



Remote Sens. 2018, 10, 1866 13 of 18

3.5. Orchard Level Yield Maps

Using the relationship developed between the optimal VIs to total fruit yield (kg·tree−1) and fruit
number, maps for these parameters were derived for each orchard. The yield maps of Orchard 1 and 2
in 2017–2018 season are shown as an example in Figure 10.
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4. Discussion

The results from this study indicate the potential of high resolution WV3 imagery for accurately
mapping fruit yield (kg·tree−1) and fruit number across multiple mango orchards and seasons in
the Acacia Hills region, Northern Territory, Australia. The R-squared values achieved using ANN
algorithm for the data of all orchards and all years against VIs combined with TCA produced good
correlations for both total fruit yield (kg/tree) and total fruit number. The ANCOVA analysis showed
that a general regression line can be fitted for combined data in all three orchards in two years.
Therefore, the model can be applied to predict yield on a regional level. However, better correlations
were observed when the data were analysed separately at the individual orchard level. This suggest
that the relationship across all orchards between yield and canopy reflectance values are not consistent
and therefore a single ‘generic’ algorithm is not suitable for orchard level yield prediction. Previous
research also identified a similar issues for avocado [36], apple and pear crops [61], which is likely
due to varying seasonal weather conditions, tree age, orchard management, soil type, availability of
pollinators etc. Moreover, the relationships between yield and VIs are different for each growing season
and for each orchard. Therefore, it is important to use targeted field sampling during each growing
season to calibrate the relationship between yield parameters and the VIs derived from WV3 imagery.

Although several studies have reported the identification and extraction of TCA for large trees
using pan-sharpened QuickBird imagery (0.6 m spatial resolution) [62,63], airborne images and LIDAR
(Light Detection And Ranging) for fruit tree crops (i.e. olive, apple) [7,64], the measurement of TCA
using pan-sharpened WV imagery is a novel addition in satellite based remote sensing industry [65,66].
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The strong correlation using machine learning simple linear regression between field measured and
pan-sharpened WV3 measured TCA for three different mango orchards for two years exhibited the
potential of using WV3 imagery for determining TCA with higher accuracy.

Strong correlations were achieved using ANN algorithm for both total fruit weight (kg·tree−1)
and fruit number from three orchards, with no significant difference observed between two years.
However, the scenario on individual orchard level suggest that the correlation on each orchard was
not consistent for every year. The results from ANCOVA analysis also showed significant difference
between the correlations of yield parameters with VIs combined with TCA in two years data. Therefore,
it is obvious that targeted field sampling during each growing season is required to calibrate the
relationship between yield parameters and combined VIs data with TCA.

Prediction of total fruit yield (t·ha−1) on orchard level using ANN model was found to be
consistently closer to the actual yield (t·ha−1). The accuracy of prediction for orchard 1 and 2 in
2016–17 season is lower due to delayed harvest. For all other orchards, across the two growing seasons,
the prediction accuracy varied from an under estimation of 7% to a less than 1% over estimation.
The orchard level yield maps of total fruit weight (t·ha−1) and fruit numbers provide significant
benefits to growers as they clearly define the spatial variation of yield across whole orchards, indicate
the location of abiotic and biotic constraints and therefore support the adoption of targeted remediation
to maximise productivity.

This study was conducted only in Acacia Hills region in Australia for two years. Therefore,
further research with more years of data are required to investigate how VIs combined with TCA relate
to yield parameters of mango crops in other regions.

5. Conclusions

The results from this study indicate the potential of high resolution multispectral satellite imagery
(WV3) coupled with targeted field sampling to accurately estimate the fruit yield (kg·tree−1) and fruit
number across three mango orchards in Acacia Hills, Northern Territory, Australia. Although the
relationship between canopy reflectance properties (VIs) with total fruit yield (kg·tree−1) and fruit
number for all three orchards in two growing seasons produced poor results, a strong relationship was
obtained when TCA was combined with VIs data. This result suggest that the TCA measured from
pan-sharpened WV3 imagery has great potential to improve the accuracy of yield parameter estimation
of mango crops. The higher R-squared values on orchard level algorithm indicates the influence of
growing location (i.e. climate, soil type etc.) and crop management practices (i.e. irrigation, pruning,
fertilizer application etc.) in different orchards. The accuracy of the prediction on whole orchard
level yield parameters are encouraging and offer great benefit to mango growers for maximising
productivity. The robustness of this methodology can be further improved by adding other mango
growing locations and years with different varieties.
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