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A B S T R A C T   

Modern horticulture is undergoing a rapid change with the introduction of new predictive technologies that help 
maximise the automation of orchard management practices. This study aimed to calibrate and validate a com
mercial sensorised mobile platform for the prediction of flower cluster number, fruit number and yield, tree 
geometry in ‘ANABP-01′ apples. In addition, this work (i) modelled the relationships between tree geometry and 
light interception, and (ii) determined the effects of light interception, rootstock and row orientation on flower 
cluster number, crop load, yield and tree geometry. Results showed that predictions were very accurate after 
initial calibration. Flower cluster detections had an error (RMSE) of ~ 5 clusters / image. Fruit number and yield 
predictions needed independent calibration across rootstocks but errors after validation on a separate dataset 
were small (RMSE = 5 fruit / tree, and RMSE = 1 kg / fruit, for fruit number and yield, respectively). Orchard 
errors for fruit number and yield estimations were lower than 5 %. Canopy area, canopy density and canopy 
cross-sectional leaf area (CSLA) were all linearly related with effective area of shade (EAS, integrated daily 
canopy light interception) but CSLA had the most robust and stable relationship with intercepted light. 
Increasing CSLA led to higher flower cluster number, fruit number and yield. Row orientations and rootstocks 
significantly affected productive performance, tree size and geometry and light interception. The orchard 
heatmaps generated after data validation proved very useful to support orchard management decisions. Overall, 
the predictive technology demonstrated to be a valid tool to combine accurate estimates of several important 
fruit crop parameters (i.e. flower cluster number, fruit number, yield, tree size and geometry, and light inter
ception) in a single platform.   

1. Introduction 

Modern horticulture is moving toward increased mechanisation, 
automation, robotics, and non-destructive sensing and monitoring. The 
integration of technologies that are already adopted in other industries 
into horticulture systems aims to increase resource use efficiency — 
including labour — and make orchards more profitable. For this pur
pose, several recent studies have focused on the application of machine 
learning algorithms to detect tree structures (e.g. flowers, fruit, archi
tecture) using sensorised robots or platforms. Most of the state-of-the-art 
research has attempted to detect apple fruit for fruit number or yield 

determination, or for integration with automated harvesting machines 
using image segmentation, deep learning and different Convolutional 
Neural Networks (CNN) (Bargoti and Underwood, 2017a, 2017b; Bre
silla et al., 2019; Kang and Chen, 2020; Kuznetsova et al., 2020) on 
images typically collected by RGB / RGB-D cameras. Underwood et al. 
(2016), Dias et al. (2018a, 2018b) and Wang et al. (2018) used similar 
machine vision approaches for almond, apple and mango flower 
recognition, respectively. In the case of almond, the machine image 
recognition was supported by LiDAR cloud points to reconstruct tree 
structure and assign tree geo-references when combined with GPS 
(Underwood et al., 2016). LiDAR sensors are a powerful tool to quickly 
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determine canopy architecture parameters such as tree height, canopy 
size and canopy density and have the potential to recognise tree loca
tion, alone or combined with GPS (Underwood et al., 2015). LiDAR 
cloud points have also been used to model light interception, as 
demonstrated by Örn (2016). The same idea was applied to estimate a 
solar-geometric model for light interception estimation in avocado and 
mango trees (Westling et al., 2018; 2020), and further extended to make 
pruning recommendations (Westling et al., 2021). 

Commercial services such as Cartographer (Green Atlas) use a com
bination of sensors (e.g. RGB cameras, LiDAR, GPS), mounted on a 
platform such as an electric all-terrain vehicle (ATV), to gather data 
while driving through orchard rows. Cartographer is currently available 
to measure the spatial distribution of fruit number in apples and to 
measure tree geometry parameters such as tree height, canopy area and 
canopy density; in addition, Cartographer is being tested for predictions 
of fruit parameters such as fruit colour, fruit size and fruit clustering. 
Here canopy area (m2) represents the area of the polygon drawn around 

Fig. 1. Layout of the sixty experimental plots of ‘ANABP-01′ apples in the Sundial orchard at the Tatura SmartFarm. Row orientations: northeast–southwest (NE – 
SW), north–south (N – S), northwest–southeast (NW – SE) and east–west (E – W). 

Fig. 2. Fruit weight (FW) against fruit diameter (FD) in ‘ANABP-01′ apple. FW 
= 0.0003 * FD3.04. Black line represents the power regression fit; green lines 
show the 95% confidence interval bands; standard error of the estimate = 21 g; 
n = 559. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 

Fig. 3. Detected against observed flower clusters in ‘ANABP-01′ apple trees at 
50 % bloom. Black and green lines are the linear regression fit [y = 4.205 
(0.069) x; RMSE = 5 cluster / image] and 95% confidence interval bands, 
respectively. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.) 
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the LiDAR-generated points in the scanned transect, excluding the trunk; 
canopy density represents the ratio between the number of light beams 
generated by the LiDAR that bounces back to the light source and the 
total number of emitted light beams within the canopy area; and canopy 
cross-sectional leaf area (CSLA, m2) can be calculated as the product of 
canopy area and canopy density and is equivalent to the area of the 
points (comparable to leaves) within the canopy area polygon in the 
scanned transect. Green Atlas is rapidly expanding Cartographer’s 
capability and aims to achieve good predictions of flower cluster num
ber, fruit size and fruit surface colour. The use of artificial intelligence to 
estimate fruit number and potentially fruit size and weight, will expand 
and improve the ability of orchardists to predict yield. According to 
Anderson et al. (2021), a generally accepted error of yield estimations is 
5 – 10 %, but this figure differs across fruit industries. 

The overall objective of this study was to evaluate Cartographer as a 
rapid orchard assessment tool to determine several crop parameters that 
are typically measured manually and then use calibrated Cartographer 
data to explore the effects of agronomic treatments on productivity of 
‘ANABP-01′ apple trees. Specifically, this work aimed to: (i) establish 
relationships between manual measurements (i.e. observed variables) 
and Cartographer scans (i.e. detected variables) of flower cluster number, 
fruit number, yield and tree height; (ii) establish the relationship of 
LiDAR-obtained tree geometry parameters (i.e. canopy area, canopy 
density and CSLA) with light interception; (iii) determine the effects of 
light interception on flower and fruit density and yield; and (iv) estimate 
the effects of rootstock and row orientation on flower cluster number, 
fruit number, yield, tree height and tree geometry. 

2. Materials and methods 

2.1. Experimental site and apple cultivar 

The study was conducted in the Sundial orchard at the Tatura 

SmartFarm, Victoria, Australia during 2020 – 2021. The Sundial orchard 
is a high-density (HD, ~ 2857 trees / ha) circular orchard of approxi
mately 1.3 ha. ‘ANABP-01′ (marketed as Bravo™) apple trees were 
planted in a semicircle of the orchard following four different row ori
entations (N – S, NE – SW, E – W and SE – NW). Trees were grafted onto 
three different rootstocks [Bud.9, M9 (T337) and M26], planted in 2018 
at 1 m tree spacing and 3.5 m row spacing, and trained to Spindles on a 
vertical trellis. There was a total of twenty rows, with five rows per row 
orientation, and 60 experimental plots. Each experimental plot was 
composed of eleven ‘ANABP-01′ trees and one polleniser (‘Granny 
Smith’). The experimental design was completely randomised with 
rootstock and row orientation as factors (Fig. 1). The experiment was 
conducted on trees in their 3rd leaf. 

‘ANABP-01′ originated from a cross-pollination between ‘Cripps Red’ 
and ‘Royal Gala’. The cultivar was bred by the Department of Agricul
ture and Food, State of Western Australia. Fruit has dark purple col
ouration and consistent cropping characteristics (Cripps, 2016). 

2.2. Orchard scans with the mobile platform 

Orchard scans were undertaken with a commercial orchard scanning 
product called Cartographer, commercialised by the Australian company 
Green Atlas. The system combines LiDAR, GPS and cameras with state- 
of-the-art machine vision algorithms, including point cloud processing 
and convolutional neural networks (CNN) to map orchards with preci
sion. A smartphone interface was used to control logging and enter 
experimental metadata to aid retrospective identification of scan loca
tions and note relevant scan or plot issues. Cartographer was driven at a 
constant speed of approximately 7 – 8 km/h for calibration scans, and at 
20 km / h when mapping orchard blocks. Logging was switched on a few 
metres prior to the start of the measurement section and off a few metres 
past the end of the measurement section. Images were logged at a rate of 
5 images / second. 

Fig. 4. Heatmap of calibrated flower cluster number in the sixty experimental plots of ‘ANABP-01′ apples. Data collected at full bloom.  
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Short mobile scans were conducted to generate counts of flower 
clusters and fruit per image. Experimental plots were scanned on both 
sides. These scans were collected in sections of the rows corresponding 
to the experimental plots. Detections were calibrated against manual 
measurements using linear regression procedures with intercept set to 0. 
A calibration factor (i.e. the inverse of the slope of a linear regression 
between detections and manual measurements) was used to adjust 
detected counts generated by Cartographer. 

Continuous mobile scans were collected in the entire orchard block 
to obtain uncalibrated predictions of flower and fruit counts and to 
assess tree geometry (i.e. tree height, canopy area, canopy density and 
CSLA). Flower clusters and fruit count detections obtained from 
continuous mobile scans of all the measurement rows in the Sundial 
orchard were reprocessed using the calibration factor. Tree geometry 

data was used with no additional calibration. 
Data at a plot level was extracted by intersecting the points generated 

by Cartographer with plot polygons generated with QGIS (v.3.10, QGIS 
Development Team, 2021). The geographic precision of plot extraction 
was improved by real-time kinematic (RTK) positioning adjustments 
and was cross-checked on the position of posts — to mark the beginning 
and end of a plot — in the RGB images collected by Cartographer. 

Stationary scans were conducted to compare detected tree height 
with manual measurements to simplify extraction of individual tree 
height data. 

2.3. Predictions of tree parameters 

2.3.1. Flower cluster number 
Cartographer was used to collect short mobile scans in six experi

mental plots at 50 % bloom (1 October 2020) for the calibration of 
flower cluster counts. On the same day, manual measurements of flower 
clusters were obtained by counting clusters on all the trees in the same 
plots. Clusters at phenological stages pink balloon to open cluster (i.e. at 
least one fully open flower in the cluster) were counted to obtain the 
total cluster count per plot. Manual measures of clusters per tree and 
detected counts per image were associated by linear regression analysis 
with intercept = 0 to determine the calibration factor. Flower counts 
were not validated due to the absence of an independent separate vali
dation dataset. 

All the apple plots in the Sundial orchard were then scanned 
continuously at full bloom to obtain uncalibrated numbers of flower 
clusters that were subsequently adjusted using the calibration factor. 

2.3.2. Fruit number and yield 
Fruit number was determined in twelve experimental plots in the 

Sundial orchard. Measurements were done at three stages to target 
different fruit size. Plots were scanned at 44, 102 and 154 days after full 
bloom (DAFB). Short mobile scans were conducted as done for flower 
clusters. Fruit was manually counted on each day the scans were ob
tained. Linear regression models of detected counts per image against 
the manual counts were used to determine calibration factors to correct 
fruit number predictions at the three observation dates. The robustness 
of the calibrated model of fruit count was validated against a dataset of 
counts per plot obtained with a commercial grader (Compac InVision 
9000, Compac Sorting Equipment Ltd, Australia) at harvest on 36 
experimental plots. 

Cartographer predictions of yield per plot and per tree were obtained 
by multiplying fruit number by average fruit weight per rootstock. Fruit 
weight (FW) was calculated based on the exponential relationship be
tween fruit weight and fruit equatorial diameter (FD) determined from 
data collected during the growing season (Fig. 2). FD was determined 
with a digital calliper on 108 fruits, 36 per rootstock, in the week pre
ceding harvest. Yield predictions were validated against the yield ob
tained with the commercial grader at harvest on 36 experimental plots. 

Fig. 5. Detected against observed fruit number in ‘ANABP-01′ apple trees 
grafted on three rootstocks at (A) 44; (B) 102; and (C) 154 days after full bloom. 
Black and green lines represent linear regression fits and 95% confidence in
terval bands, respectively. (A) y = 0.99 (0.04) ×, RMSE = 8 fruit / image; (B) y 
= 1.38 (0.02) ×, RMSE = 10 fruit / image; (C) y = 1.62 (0.02) ×, RMSE = 10 
fruit / image. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.) 

Table 1 
Calibration factors and root mean square errors (RMSE) of fruit number detected 
with Cartographer in ‘ANABP-01′ apple trees on three rootstocks and at three 
scan dates.  

Days after full bloom Rootstock Calibration factor RMSE (fruit n / image) 

44 Bud.9  0.837 1 
M9  1.059 2 
M26  1.161 3 

102 Bud.9  0.632 6 
M9  0.746 7 
M26  0.787 6 

154 Bud.9  0.548 5 
M9  0.602 5 
M26  0.708 4  
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2.3.3. Tree height 
Cartographer stationary scans were collected on the central trees of 

the 36 plots (Fig. 1) within the Sundial orchard at 45, 101 and 154 
DAFB. Stationary images were collected while cameras were pointed to 
the tree. Stationary scans were used to detect uncalibrated tree height. 
Predictions were obtained adjusting detections by subtracting the error 
of the linear model, that represented the bias in the detection of ground 
level. Tree height was predicted using LiDAR images, whereas manual 
measurements were collected with a measuring stick. Normally, 
Cartographer measures canopy geometry continuously without stopping; 
in our case, stationary scans were used to guarantee the correspondence 
of the measurement to the same tree measured manually in the field. 

2.4. Relationship between light interception and tree geometry 

Canopy light interception was compared to LiDAR-obtained tree 
geometry parameters canopy area, canopy density and CSLA. Light 
interception was expressed in terms of effective area of shade (EAS, 
Goodwin et al., 2006) — the mean of fractional photosynthetically 
active radiation (PAR) interception over the tree planting square (tree ×
row spacing) measured at three times (solar noon, solar noon − 3.5 h 
and solar noon + 3.5 h) on a clear sky day. PAR was measured using a 
light trolley (Tranzflo, Palmerston North, New Zealand). The light 
trolley consisted of 24 PAR sensors at 0.125 m intervals along a 3 m bar, 
0.4 m above ground level on a wheeled base. An on-board data logger 
(CR850, Campbell Scientific, Garbutt, Au) recorded measurements at 1 s 
intervals. Measurements of transmitted PAR (PARt) were made over the 
planting square of the central trees in each plot. The light trolley sensors 
were held horizontally below the canopy, perpendicular to the row di
rection, and moved at a slow walking speed. Unobstructed incoming 
PAR (PARi) was measured at 1.5 m above ground level in an open area. 
Measurements with the light trolley were carried out at two dates (44 
and 102 DAFB) in the 60 experimental plots. 

Cartographer scans were collected on the 60 experimental plots 

within the Sundial orchard at three dates (44, 102 and 154 DAFB). Data 
of canopy area, canopy density and CSLA per plot were extracted using 
QGIS by intersecting a polygon layer containing the 60 experimental 
plots and the points generated by Cartographer. The relationships of 
canopy area, canopy density and CSLA against EAS were modelled by 
linear regression analysis using medians per plot at 44 and 102 DAFB. 
Models were separately obtained for the two dates and the line in
tercepts and slopes were compared to determine whether time of the 
year affected the relationship between tree geometry and EAS. The aim 
was to find the tree geometry parameter that had the most robust rela
tionship with EAS regardless of date of measurement. After determining 
which tree geometry was the best predictor of light interception, sig
nificant effects of rootstock and row orientation on the relationships 
between tree geometry and EAS were investigated by comparing slopes 
and intercepts between treatments. 

2.5. Effects of CSLA on flower clusters, fruit number and yield 

Flower cluster, fruit number and yield predictions in the sixty 
experimental plots were related to CSLA measured at 154 DAFB to 
determine whether there was an effect of canopy size on productivity. 

2.6. Effects of row orientation and rootstock 

The effects of row orientation and rootstock on predicted flower 
cluster number, fruit number, yield, tree height, canopy area, canopy 
density, CSLA and EAS a week prior to harvest were analysed to sum
marise results for the seasonal data. 

2.7. Statistical analysis 

Model prediction errors of both calibrations and validations were 
based on root mean square errors (RMSE) of the linear regressions. The 
robustness of validation models was assessed using the Lin’s 

Fig. 6. Heatmap of calibrated fruit number in the sixty experimental plots of ‘ANABP-01′ apples. Data was collected a week prior to harvest (154 days after 
full bloom). 
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concordance correlation coefficient (rc), a measure of both precision and 
accuracy that provides a value from 0 (no concordance) to 1 (perfect 
concordance) that assesses the divergence of predicted data from the 
line of perfect concordance with observations (i.e. the line at 45 degrees 
on a square scatter plot, where y = x) (Lin, 1989). 

The effects of light interception on fruit number and yield were 
estimated by correlation analysis and assessed with the Pearson’s cor
relation coefficient (r). The effects of row orientation and rootstock were 
tested using a two-way analysis of variance (ANOVA) and significant 
differences (p < 0.05) were separated by Tukey’s Honestly Significant 
difference (HSD). Regression analyses, ANOVA, post hoc tests and the 
calculation of Lin’s concordance correlation coefficients for validation 
models (rc) were carried out using R (v. 4.0.2, R Core Team. R: A (2018), 
R Core Team, 2021) and its packages “Userfriendliscience” (Peters, 
2018) and “DescTools” (Signorell et al., 2021). Graphs were generated 
using SigmaPlot 12.5 (Systat software Inc., Chicago, IL, USA) and 
heatmaps were produced with QGIS. 

3. Results 

3.1. Predictions of tree parameters 

3.1.1. Flower cluster number 
Fig. 3 shows the relationship between Cartographer detected counts 

of flower clusters per image and observed values of flower clusters per 
tree at 50 % bloom. The number of detected flower clusters was tightly 
associated with observations and the linear regression model returned a 
low prediction error (RMSE = 5 clusters per image). Calibrated flower 
cluster counts are presented in a heatmap overlayed to the experimental 
plots (Fig. 4). 

3.1.2. Fruit number and yield 
The relationship between detected fruit number per image and 

observed fruit number per tree demonstrated similar calibration 
robustness in the three dates when measurements were carried out, 
although the slopes of the lines were visibly different (Fig. 5). Prediction 
errors were similar over time (i.e. RMSE = 8 – 10n / image). 

The scatterplots in Fig. 5 show that the three rootstocks appeared to 
form different groups (Fig. 5). Therefore, calibration factors (i.e. slopes) 
and prediction errors were recalculated independently for each root
stock and date (Table 1). The RMSE values decreased when rootstocks 
were separated (Table 1) compared to when they were pooled together 
(Fig. 5). Fig. 6 shows an example of a fruit number heatmap of the 
Sundial orchard (154 DAFB) calibrated using the calibration factors in 
Table 1. Validations of fruit number and yield estimates obtained with 
Cartographer (Fig. 7) against data from the commercial grader high
lighted strong reliability of the predictions at 154 DAFB (rc > 0.85) and 
small prediction errors (RMSE = 5 fruit / tree and RMSE = 1 kg / tree, 
respectively). 

Fig. 7. Validations of Cartographer predictions of (A) fruit number; and (B) 
yield at 154 DAFB (i.e. a week prior to harvest) against fruit number and yield 
measured by a commercial grader at harvest. Blue lines are the linear regression 
fits; grey dashed lines represent the y = x fit. (A) y = 12.4 (4.0) + 0.85 (0.06) ×
[rc = 0.88; RMSE = 5 fruit / tree]; and (B) y = 2.57 (0.86) + 0.81 (0.07) × [rc =

0.89; RMSE = 1 kg / tree]. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.) 

Fig. 8. Detected (uncalibrated) and predicted (calibrated) tree heights against 
observed tree height in ‘ANABP-01′ apple trees. (A) uncalibrated data [y = 0.43 
+ 0.90 x]; and (B) data calibrated subtracting 0.171 m from predictions (i.e. 
error in ground height) [y = 0.26 + 0.90 ×, rc = 0.93]. Black line is the un
calibrated linear regression fit; green lines show the 95% confidence interval 
bands; blue line is the calibrated linear regression fit; grey dashed lines: y = x 
fit. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 
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3.1.3. Tree height 
Tree height detections showed a good association with manual 

measurements (Fig. 8A). When the slope was set to 1, the model with the 
highest coefficient of determination (R2 = 0.858) had an intercept of 
0.171 m that represented an error in ground height detected by 
Cartographer. The intercept value was subtracted from detected height to 
calibrate detections and the linear association became much closer to 
the y = x line (Fig. 8B). Good reliability of the prediction was reflected in 
a resulting rc of 0.93. 

3.2. Relationship between light interception and tree geometry 

Fig. 9 shows the linear relationships of canopy area, canopy density 
and CSLA with EAS at 44 and 102 DAFB. The three geometry parameters 
had a positive linear association with EAS — i.e. more light was inter
cepted at increasing canopy area, density and CSLA. When the two dates 
were compared, the linear regression models were found to be signifi
cantly different for canopy density (i.e. intercept and slope p-values in 
Table 2). The slopes and intercepts of canopy area and CSLA against EAS 
relationships were not significantly different between dates (Table 2). 
The latter generated the most robust association with EAS, regardless of 
date of measurement (R2 ≥ 0.70). The model for the estimation of EAS 
from CSLA is reported in Eq (1). 

EAS = 0.07 (0.01) + 0.23 (0.01) CSLA
[
R2 = 0.76, RMSE = 0.03

]
(1) 

No significant effects of row orientation and rootstock were observed 
on the relationship between CSLA vs EAS, as slopes and intercepts of the 
models were not significantly different (Table 3). An orchard heatmap of 
CSLA is presented in Fig. 10. 

3.3. Effects of CSLA on flower number, fruit number and yield 

Correlation analysis showed that in the CSLA range of 0.3 – 1.1 m2, 
increasing canopy size was associated with a higher number of flower 
clusters, and an increase in fruit number and final yield (Fig. 11). 

3.4. Effects of row orientation and rootstock 

Row orientation and rootstock had a significant effect on the pa
rameters generated by Cartographer but no significant interactions be
tween the two factors were observed (Table 4). 

Trees planted in E – W and NE – SW rows bore more flower clusters 
and fruit and had higher yield compared to the other row orientations. E 
– W trees were taller and had the largest canopy area and CSLA. Trees in 
NE – SW rows were denser and intercepted the highest proportion of 

Fig. 9. Scatterplots and linear regression fits of (A) canopy area; (B) canopy 
density; and (C) canopy cross-sectional leaf area (CSLA) measured by Cartog
rapher against effective area of shade (EAS) measured by a light trolley on two 
dates (in days after full bloom, DAFB). Points represent medians of 60 experi
mental plots. Linear models reported in Table 2. 

Table 2 
Linear regression models of tree geometry parameters against effective area of 
shade at two dates (in days after full bloom, DAFB). Coefficients of determina
tion (R2) and analysis of variance p-values for intercept and slope comparisons 
between dates. Standard errors of slope and intercept values are reported in 
brackets.  

Tree geometry DAFB Equation R2 Intercept p- 
value 

Slope p- 
value 

Canopy area 44 y = 0.56 (0.09) 
+ 4.38 (0.44)  

0.71 0.491 0.990 

102 y = 0.65 (0.09) 
+ 4.38 (0.37)  

0.62 

Canopy density 44 y = 0.15 (0.02) 
+ 1.20 (0.10)  

0.70 0.027 0.010 

102 y = 0.22 (0.02) 
+ 0.86 (0.08)  

0.66 

Canopy cross- 
sectional leaf 

area 

44 y = − 0.11 
(0.06) + 3.46 
(0.29)  

0.70 0.439 0.334 

102 y = − 0.05 
(0.06) + 3.23 
(0.24)  

0.76  

Table 3 
Linear regression models of canopy cross-sectional leaf area (CSLA) against 
effective area of shade in four row orientations and three rootstocks. Analysis of 
variance p-values for intercept and slope comparisons. Standard errors of slope 
and intercept values are reported in brackets.  

Factor Level Equation Intercept p- 
value 

Slope p- 
value 

Row 
orientation 

E – W y = − 0.09 (0.08) +
3.66 (0.34) x 

0.221 0.478 

NE – 
SW 

y = − 0.29 (0.11) +
3.99 (0.48) x 

N – S y = − 0.12 (0.09) +
3.55 (0.43) x 

NW – 
SE 

y = − 0.08 (0.11) +
3.23 (0.50) x 

Rootstock Bud.9 y = 0.11 (0.07) + 2.04 
(0.38) x 

0.258 0.129 

M26 y = 0.02 (0.11) + 3.01 
(0.51) x 

M9 y = 0.21 (0.11) + 2.26 
(0.52) x  
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light (i.e. EAS) although canopy area and CSLA were smaller than E – W 
trees. Differences in terms of canopy density and CSLA between row 
orientations were not as marked as for the other parameters, as their p 
approached α = 0.050 (p = 0.042, 0.030 and 0.050, respectively) and 
their effect size (η2) was ≤ 0.05 (Table 4). 

Among the rootstocks, M26 trees bore more flower clusters and fruit, 
and had the highest yield and tree height (Table 4). M9 trees had similar 
canopy area, canopy density, CSLA to M26 trees. Bud.9 trees were 
significantly smaller in terms of canopy area and CSLA, had lower 
density and intercepted less light than trees grafted on M9 and M26. 

4. Discussion 

Overall, Cartographer provided accurate predictions of several 
important crop parameters in ‘ANABP-01′ apples. Its use can be bene
ficial both for growers and scientists to collect data for multiple crop 
properties at high spatial resolution and replace labour-intensive 
operations. 

The association between Cartographer detections of flower cluster 
numbers and observations was very tight and produced a small error 
(Fig. 3). The overestimation of flower cluster number detected by 
Cartographer was due to a combination of factors, including (i) de
tections from next row (false positives), (ii) detections from adjacent 
trees within the row (+false positives), (iii) detections of flowers within 
the cluster as individual clusters (+false positives), and (iv) missed de
tections (false negatives). Uncalibrated orchard maps can be produced 
to display areas or rows in the block where flower clusters are denser 
than others, to support precise chemical (e.g. variable rate sprayers) or 
mechanical thinning. A first calibration step is needed if absolute flower 
cluster numbers are to be determined and displayed in spatial maps 
(Fig. 4). Green Atlas provides calibrated or uncalibrated heatmaps to 
growers as part of their commercial service. 

Fruit number calibrations had an error ranging from 8 to 10 fruit per 

image at three different dates during summer, when data from trees 
grafted on Bud.9, M9 and M26 were pooled together (Fig. 5). When 
rootstocks were separated, the error was significantly reduced (Table 1); 
thus, carrying out independent calibrations when within-block condi
tions change (e.g. rootstock, tree spacing, row spacing, tree architecture) 
helps minimise detection errors. Bud.9 trees had consistently the 
smallest calibration factor at the three measurement dates (Table 1). The 
predictive algorithm likely detected more false positive fruit in Bud.9 
compared to M9 and M26. This may have been caused by increased fruit 
detections from trees in the next row, as Bud.9 trees had significantly 
smaller canopy area, canopy density and CSLA than M9 and M26 trees 
(Table 3). 

Validations of fruit number and yield predictions a week prior to 
harvest highlighted good concordance between observations and pre
dictions (Fig. 7). Block estimates of fruit number and yield were 
considered very accurate, as prediction errors were 4.6 and 1.2 %, 
respectively. These results can be considered very good if compared to 
the generally accepted yield prediction error of 5 – 10 % reported by 
Anderson et al. (2021). Yield predictions presented in this study repre
sent one of the first attempts to predict this parameter in apples. The 
RMSE of yield prediction in this study (1 kg / tree) was lower than the 
one obtained with a back propagation neural network in ‘Gala’ apples 
(Cheng et al., 2017), who found an error of 2.5 – 2.6 kg / tree, although 
the trees used by Cheng et al. (2017) had a slightly higher yield (18 kg / 
tree) than the ones used in this study (13 kg / tree). 

Using the methodology presented in this study, yield could be pre
dicted with relatively low error any time after fruit thinning or natural 
fruit drop. Early predictions represent valuable informative tools to es
timate revenues and support decision management in the logistics and 
post-harvest handling of the crop. Like for flowers, calibration of the 
fruit number estimations is only needed if absolute fruit number and 
yield estimates are needed, and in this case, spatial maps displaying 
absolute values can easily be obtained (Fig. 6). In several circumstances, 

Fig. 10. Heatmap of canopy cross-sectional leaf area (CSLA) measured by Cartographer in the sixty experimental plots of ‘ANABP-01′ apples at 154 days after 
full bloom. 
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an uncalibrated, relative fruit number heatmap of the orchard is suffi
cient to support thinning management decisions (e.g. management of 
labour for thinning operations). 

Tree height predictions needed a preliminary calibration for the 
ground height (Fig. 8A). After calibration, tree height predictions were 
considered accurate and in line with manual observations (Fig. 8B). A 
reliable prediction of tree height is important to support pruning man
agement and automation. Furthermore, in high-density orchards trees 
are often trained and managed to have an optimal height, so that the 
amount of light intercepted by trees is optimised and excessive shading 
on next-row trees can be avoided. 

Tree geometry parameters generated by the LiDAR on Cartographer 
were related to light interception measurements. Specifically, CSLA had 
the most robust and stable relationship with EAS (R2 ≥ 0.70; Table 2) 
and this relationship was not affected by row orientation and rootstock 
(Table 3). Row orientation is expected to influence the amount of 
intercepted light by trees with similar canopy size based on empirical 
models (Palmer, 1989; Trentacoste et al., 2015). In our study, trees were 
young, and canopies not fully developed, achieving maximum EAS <
0.35 in the Sundial orchard experimental plots. This might have influ
enced the lack of a significant effect of row orientation on the rela
tionship between canopy size and intercepted light. It is important to 
reassess row orientation effects when trees will have fully developed 
canopies that have EAS > 0.35. CSLA, canopy area and density can be 
used per se to assess canopy size and locate tree architecture 

irregularities or gaps in an orchard. 
Georeferenced orchard heatmaps of tree geometry (e.g. CSLA, 

Fig. 10) can support precise and targeted management of pruning, fer
tilisation and replanting. The relationships between tree geometry pa
rameters measured by Cartographer, particularly CSLA, and EAS will 
enable greatly increased assessment of canopy light interception both in 
research and commercial orchards. Canopy light interception is a major 
determinant of crop water use (Allen et al., 1998, Goodwin et al., 2006) 
and can be used to improve irrigation scheduling either by matching 
irrigation supply to mean crop water requirement at the block scale or 
by implementing irrigation management units based on EAS (McCly
mont et al., 2011, 2012). However, orchardists have found traditional 
methods of assessing EAS to be difficult. A tool such as Cartographer 
would greatly increase the opportunity to improve irrigation manage
ment based on EAS. 

Flower cluster number, fruit number and yield were positively 
affected by CSLA (Fig. 11). This might have been due to an indirect 
beneficial effect of increased light interception,rather than to CSLA per 
se, in line with previous findings on ‘Empire’ (Robinson and Lakso, 
1989; Wünsche et al., 1996; Wünsche and Lakso, 2000) and ‘Elstar’ 
(Wagenmakers and Callesen, 1995) apples. Relationships of flower 
cluster number, fruit number and yield with CSLA need to be investi
gated at CSLA > 1.10 m2 and EAS > 0.35 to determine the optimal level 
of canopy size and light interception to achieve the highest productivity. 
In this study, yield was obtained by multiplying fruit number by average 
fruit weight. Fruit number is the primary determinant of yield and minor 
errors in fruit weight will still allow for relatively accurate yield pre
dictions. However, the ability to estimate fruit diameter in addition to 
predicting fruit number could further improve yield predictions. 

Row orientation significantly affected the number of flower clusters, 
fruit number and yield. E – W trees produced more fruit, had higher yield 
and canopy area (Table 3). Similarly, higher yields in E – W rows with 
respect to N – S rows were obtained by Devyatov and Gorny (1978) in 
apple and by Gómez-del-Campo et al. (2009) in olive. On the other hand, 
Christensen (1979) and Middleton et al. (1982) found higher productive 
performance in N – S than in E – W row orientations in apple. At a similar 
latitude to the one in this study, Hunter et al. (2017) observed slightly 
higher yields in N – S vineyard rows, and slightly higher berry mass in E 
– W orientations. Altered microclimate and differences in diurnal pat
terns of light interception occur in response to different row orientations 
(Palmer 1989, Hunter et al., 2017). The nature of these changes and the 
subsequent impact on tree physiological status, growth, yield perfor
mance and fruit quality is influenced by latitude, local environmental 
conditions, macroclimate, training system and genotype. Future inves
tigation of the drivers of row orientation effects at this site is required 
and will add to the ability to model potential effects of row orientation in 
different environments or on different crops. 

Rootstock effects appeared strong and M26 trees were generally 
larger and yielded more flower clusters and fruit (Table 3), whereas 
Bud.9 trees were more compact, intercepted less light and had a smaller 
yield than M9 and M26. In a six-year study, Univer et al. (2017) 
observed significantly higher yields and vigour in ‘Krista’ apples grafted 
on M26 over Bud.9; M9 was not part of their study. Overall, in our study, 
rootstock differences were more marked than row orientation differ
ences, although significant in both cases, as suggested by the generally 
higher ANOVA’s effect sizes in the former (Table 3). The only exceptions 
occurred for flower cluster number and tree height, which seemed to be 
similarly affected by row orientation and rootstock. 

Current research is assessing the ability to estimate fruit size and 
colour to produce orchard maps that will further support orchard 
management. Accurate spatial distributions of fruit diameter and colour 
will potentially provide zonal information on fruit quality and will 
support orchard management practices such as thinning, use of reflec
tive films and selective harvest. 

Fig. 11. Scatterplots of (A) flower clusters, (B) fruit number and (C) yield 
plotted against canopy cross-sectional leaf area (CSLA) in ‘ANABP-01′ apples. 
Correlation analyses: (A) Pearson’s r = 0.562, p < 0.001; (B) r = 0.531, p <
0.001; (C) r = 0.631, p < 0.001. Data from sixty experimental plots. 
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5. Conclusions 

In summary, in this study we calibrated and validated a mobile 
platform for the prediction of several crop parameters in ‘ANABP-01′

apples. Combining predictions of several important parameters in one 
single platform opens the door to various possible uses of this technol
ogy. With the current push of AgTech into business models in the apple 
industry, and in other fruit industries, the availability of technology that 
serves multiple purposes is of pivotal importance to reduce substantial 
production costs such as labour and to ease growers’ technology uptake 
in their business models and investment plans. Overall, Cartographer 
demonstrated to be a valid tool to combine predictions of several 
important fruit crop parameters (i.e. flower cluster number, fruit num
ber, yield, tree size and geometry) in one single platform and its use can 
be beneficial both for growers and scientists to collect large amount of 
data and replace labour-intensive operations. 
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