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Abstract: Currently, estimations of strawberry productivity are conducted manually, which is a
laborious and subjective process. The use of more efficient and precise estimation methods would
result in better crop management. The objective of this study was to assess the performance of two
regression algorithms-Linear Regression and Support Vector Machine—in estimating the average
weight and number of fruits and the number of leaves on strawberry plants, using multispectral
images obtained by a remotely piloted aircraft (RPA). The experiment, which was conducted in the
experimental area of the Botany Laboratory at the Federal University of Uberlandia-Monte Carmelo
Campus (Universidade Federal de Uberldndia, Campus Monte Carmelo), was carried out using
a randomized block design with six treatments and four replications. The treatments comprised
six commercial strawberry varieties: San Andreas, Albion, PR, Festival, Oso Grande, and Guarani.
Images were acquired on a weekly basis and then preprocessed to extract radiometric values for
each plant in the experimental area. These values were then used to train the production prediction
algorithms. During the same period, data on the average fruit weight, number of fruits per plant,
and number of leaves were collected. The total fruit weight in the field was 48.08 kg, while the linear
regression (LR) and Support Vector Machine (SVM) estimates were 48.04 and 43.09 kg, respectively.
The number of fruits obtained in the field was 4585, and the number estimated by LR and SVM
algorithms was 4564 and 3863, respectively. The number of leaves obtained in the field was 10,366,
and LR and SVM estimated 10,360 and 10,171, respectively. It was concluded that LR and SVM can
estimate strawberry production and the number of fruits and leaves using multispectral unmanned
aerial vehicle (UAV) images. The LR algorithm was the most efficient in estimating production, with
99.91% accuracy for average fruit weight, 99.55% for the number of fruits and 99.94% for the number
of leaves. SVM exhibited 89.62% accuracy for average fruit weight, 84.26% for the number of fruits,
and 98.12% for the number of leaves.

Keywords: prediction models; regression algorithms; strawberry productivity; vegetation indices

1. Introduction

Despite its high production, strawberry cultivation requires a high level of techno-
logical knowledge, numerous crop management practices, and modern phytosanitary
management methods, in addition to continuous monitoring, which is normally performed
manually in the field [1]. Thus, the use of tools such as remote sensing may enhance crop
management [2-5]. Remote sensing (RS) provides information on objects and surfaces by
recording the electromagnetic energy absorbed or reflected by these targets using sensors
installed on platforms. According to [6], using platforms such as unmanned aerial vehicles
(UAVs) produces low-cost, high-resolution images [7,8]. In this respect, remote sensing
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techniques based on multispectral images with more than one electromagnetic image band
have been increasingly used to create estimating and yield mapping models [9].

In addition to remote sensing, vegetation indices (VIs) and machine learning (ML) have
performed well in quantifying and understanding data-intensive processes in operational
agricultural environments [10]. According to [11], vegetation indices are the most used
resource for forecasting crop yields. ML and VIs have been applied in different agricultural
contexts, such as strawberry phenotyping and crop management [12], in order to predict
leaf color [13], assess fruit quality [14], detect pests and diseases on the leaves [15], estimate
harvest time [16], forecast yield and price [17], recognize ripe strawberries [18], and carry
out automatized harvesting [19], among other applications. The authors of [20] show that
vegetation indices are good substitutes for monitoring the temporal dynamics of sweet
potato crop growth and for differentiating phenological stages.

Real-time detection of powdery mildew on strawberry plants was performed by [21]
with 87% accuracy, while [22] found Eleusine indica in strawberry and tomato crops with
93% and 77% accuracy, respectively.

The number of plants can be obtained with aerial images in order to estimate their
production [23]. According to [24], the number of strawberry plants obtained from un-
manned aerial vehicle images exhibits less than 4% prediction errors, demonstrating the
feasibility of automatically estimating strawberry crops. The authors of [25] managed to
predict tomato productivity 6 weeks before harvest, with a percentage error of 9.28% in
relation to the average production volume (154.5 tons).

The strawberry yield was predicted by [2] using high-resolution images, whereby
flower and fruit counts showed prediction errors of 26.3% and 25.7%, respectively. The
strawberry yield based on a deep neural network was predicted by [3], using high-
resolution aerial orthoimages, with an average accuracy of 83% and 72% for all the objects
detected at a height of 2 and 3 m, respectively.

Several other studies have applied RS in a cultivated area for different purposes, such
as predicting the presence of metals in the soil [26]; estimating soil moisture content [27];
spatial monitoring of agricultural drought [28]; estimating crops [29]; detecting biotic
stress in plants [30]; detecting plant nutritional status [31]; certifying organic crops [32];
monitoring pests and diseases [33]; and estimating biomass [34], among others.

Although there are a number of studies on the use of RS in strawberry cultiva-
tion [2-5,35,36], this technique may be limited to estimating yield because the plants
are relatively small with indeterminate growth patterns, that is, they exhibit leaves, stolons,
inflorescences, and fleshy fruits, with several harvests during the cycle [4]. RS has been
widely applied to estimate the production of annual crops, which have a specific ripening
period and a single harvest during the cycle [37-40].

Remote sensing makes it possible to count strawberry flowers and accurately estimate
yield [3]. Efficient and accurate strawberry production estimates would enable resource
planning for the harvest, transport, and commercialization of the product. The estimation
process is normally conducted manually, a lengthy, laborious, and subjective endeavor [3].
As such, the objective of the present study was to assess the performance of linear regression
and support vector machine algorithms in estimating the number and average weight of
fruits and the number of strawberry leaves using multispectral UAV images.

2. Materials and Methods
2.1. Field Experiment

The experiment was conducted in the experimental area of the Botany Laboratory
(LABOT) of the Federal University of Uberlandia-Monte Carmelo Campus (Universidade
Federal de Uberlandia, Campus Monte Carmelo) (located at 18°43'36.05” South latitude,
47°31'31.77" West longitude at an average altitude of 902 m) (Figure 1).
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Figure 1. Location map of the experimental area.

A randomized block design, comprising six treatments and four replications (totaling
24 experimental plots), was used. The treatments consisted of six commercial strawberry
cultivars: San Andreas, Albion, PR, Festival, Oso Grande, and Guarani. The use of differ-
ent cultivars was for generating genetic variability to test the estimation accuracy of the
algorithms.

Each experimental plot consisted of 18 plants, arranged into two rows spaced 0.3 m
apart, with a 0.3 m space between plants. The 10 central plants of each plot were considered
for evaluation. Before the installation of the experiment, the soil was sampled at a depth of
0-0.2 m and taken to the soil analysis laboratory for the determination of its chemical and
physical properties. The results obtained are shown in Table 1.

Table 1. Soil chemical characterization.
Deep pH P Meh K* H* + APt A+ Ca*t?  Mg*? SB T t v
(¢m) H,O (1:2.5) mgdm3 cmolc dm—3 %
0-20 62F 9.8 L 0345 1.90M 000Vt 2651 058M  357M  547M  357L  65M

L: Low; M: Medium; V: Very low; pH H,O = hydrogen potential in water; P meh = phosphor; K* = potassium;
H* + AP = hydrogen + aluminum; AP* = aluminum; Ca*? = calcium; Mg+2 = magnesium; SB = Sum of Bases;
T = CTC pH 7.0; t = effective CTC; V = saturation of bases; pH in H,O, Ca, Mg, Al = KCl solution (1 mol L) P,
K =0.05 mol L~ HC1 + H,S04 0.0125 mol L~ !; H + Al = SMP buffer solution (pH 7.5). Methodology source [41].
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To increase the V% to 80%, liming was performed 60 days before transplanting the
seedlings. In total, 1.7 tons of limestone per hectare was spread evenly over the entire area.
The limestone used contained 30% CaO and 8% MgO and had a total neutralization relative
power of 80%.

Fifty days after liming, four planting beds (each 21.4 m long and 1.2 m wide) were
created using a 1.20 m-wide rotary cultivator attached to a tractor. Then, planting fertilizers
were distributed in the beds. Following the guidelines of [41], a fertilizer composition of
220 kg ha~! N, 200 kg ha! P,0s5, and 80 kg ha~! K,O was applied for the entire crop
cycle, accounting for 16% of N, 100% of P,Os, and 70% of K,O, which were derived from
urea, single superphosphate, and potassium nitrate, respectively. Top-dressing fertilizer
was applied weekly through the irrigation system to distribute the remaining 84% of urea-
derived N and 30% of potassium nitrate-derived KO, totaling 23 fertilizer applications via
irrigation over the 164 days of the experiment.

On 16 March 2020, the seedlings were transplanted to the beds, which were then
covered with a black- and white-sided plastic film (mulching), with the black side facing
the soil and the white side facing outward. The seedlings were planted in holes of 75 mm
diameter, which were drilled along the entire length of the plastic film following the spatial
distribution of the plants in the experimental plots.

A drip irrigation system consisting of two dripping tubes per bed was used, with a
daily watering schedule applied. The schedule was based on recommendations for the
strawberry crop coefficient (Kc) and the daily evapotranspiration data from a weather
station located 200 m from the experiment site. The drippers were self-compensating, with
a diameter of 25 mm and flow rate of 1.6 Lh~1.

To control insect pests, the insecticide Abamectin Nortox® 400 WG, Nortox, Arapongas,
Brazil was used at a concentration of 75 mL per 100 L of solution, which was applied using
a 20 L manual backpack pump. To control microbial diseases, Metiltiofan®, Sipcam Nichino
Brazil S.A., Uberaba, Brazil (70 g per 100 L of solution) and Folicur® 200 EC, Bayer S.A., Sao
Paulo, Brazil (75 g per 100 L of solution) were applied on a weekly basis using a manual
backpack pump.

Harvesting—defined as the point when the fruits had reached 75% of their full size
and displayed a red coloration—was carried out weekly, starting 40 days after planting
(DAP) the seedlings and ending 164 DAP, which resulted in a total of 16 harvests. After
harvesting, the fruits were transported to the Botany Laboratory at the Federal University
of Uberlandia for crop productivity evaluation; namely, determining the number of fruits
per plant and the average weight of the fruits, the latter of which was calculated by dividing
the total fruit weight per plant by the number of fruits per plant. The values were expressed
in grams (g).

Additionally, the number of leaves on each plant in the useful area of all plots was
evaluated every two weeks. This was performed 11 times to allow enough time for new
leaves to develop and be counted.

2.2. Image Acquisition

The image acquisition flights were carried out weekly at peak radiation time (between
12 PM and 1 PM) for a total of four months (from April to August) during the entire crop
production cycle. Of these flights, 16 were conducted to obtain data on the number of fruits
per plant and average fruit weight, and 11 flights were conducted to obtain data on the
number of leaves per plant.

The images were captured using a Phantom 4 Pro RPA developed by Da-Jiang In-
novations Science and Technology Co., Ltd. (DJI), Shenzhen, China. The RPA was also
equipped with a Mapir Survey3W camera, which has a resolution of 12 megapixels and
green (550 nm), red (660 nm), and near-infrared (850 nm) channels with FWHM values of
40, 60, and 80 nm, respectively.

The flight plan was created using the free Drone Deploy© app, California, USA, with
a front overlap of 80% and lateral overlap of 80%. Five stripes were established, with an
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altitude of 30 m, a speed of 3 m/s, a flight time of approximately 4 min, and a photo capture
interval of 3 s. For the Mapir Survey3W camera, atmospheric correction was performed for
all flights.

2.3. Image Preprocessing
2.3.1. Mosaic Creation

For each flight, mosaics of the images captured by the Mapir sensor were created using
Agisoft PhotoScan Professional software. The program aligned the images by determining
the camera position and finding common points between them, resulting in a sparse point
cloud. A dense point cloud was then created from the sparse point cloud, and a 3D
polygonal mesh model was used to generate a surface, producing a total of 16 mosaics for
each flight and sensor.

2.3.2. Atmospheric Correction

The purpose of atmospheric correction is to reduce the impact of atmospheric and
topographical disturbances on images. In this study, this was achieved prior to each flight
by using the Mapir Survey3W camera to take a photograph of the atmospheric correction
target (Figure 2), which consisted of four pallets of known reflectance values in different
colors (white, black, light gray, and dark gray). The correction process was then carried out
using Mapir Camera Control software.

Figure 2. Atmospheric correction target for the Mapir Survey3W camera.

Atmospheric correction was achieved by inserting the mosaics into the software
program and specifying the lens (87° HFOV, 19 mm, f/2.8 aperture, —1% distortion, glass
lens) and camera filter used. The image containing the target for the flight day was
then selected. Using this information, the software program automatically performed the
atmospheric correction, producing a corrected orthomosaic with surface reflectance values
as the final output.

2.3.3. Radiometric Evaluation

The normalization process was carried out using the Environment for Visualizing
Images (ENVI) 5.0 program. First, a reference image was selected, followed by the image to
be normalized. Then, the program selected the brightest and darkest areas on the image
and extracted reflectance values from the Mapir camera’s bands (R for red, G for green,
and N for near-infrared) for each flight. Finally, for each spectral band, these values were
applied to Equation (1) as follows:

Ti=mi X xi + bi e8]

where
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mi = (Bri x Dri)/(Bsi — Dsi)

bi = (Dri x Bsi — Dsi x Bri)/(Bsi — Dsi)

Ti = normalized image reflectance

xi = reflectance of the original image to be normalized
Bri = average of the clear reference set

Dri = mean of the dark reference set

Bsi = mean of the clear set to be normalized

Dsi = mean of the dark set to be normalized

i =bands of the sensor under study

The equation was processed through the Band Math function in ENVI 5.0, which
generated separate normalized images for each spectral band. These images were then
combined using the Build Layer Stack tool in ENVI 5.0 to create a single file.

2.4. Extraction of Radiometric Data and Calculation of the Normalized Difference Vegetation Index

Radiometric data (i.e., the reflectance values captured by the Mapir camera) were
obtained from 240 plants. This process was conducted for each of the 16 flights. The
extraction was performed using the corrected orthoimages and the Region of Interest (ROI)
function in ENVI 5.0. A polygon was created over the ROI of each plant to extract the
radiometric values, which were then tabulated to form the classification data set.

The radiometric data set from 240 plants were processed to remove outliers (data
points that deviated from the pattern) in order to reduce the errors produced by classifiers.
Outliers were defined as plants that were assigned null production values. However,
this does not mean that these plants did not produce fruits; it simply indicates that no
fruits were present at the time of data collection. After removal of the outliers, a total of
150 sample data points remained.

The normalized difference vegetation index (NDVI) was calculated using the average
reflectance values from the Mapir camera (Equation (2)), as it is a popular index and is
known for its sensitivity to vegetation.

NIR — RED
NDVI = QIR T RED' @

where

NIR = the reflectance value in the near-infrared spectral range
RED = the reflectance value in the red spectral range

2.5. Supervised Regression

The tabulated reflectance values were used to train the classifier algorithms (LR and
SVM) available in the Waikato Environment for Knowledge Analysis (Weka) 3.9.4 software
program. The algorithms were applied using standard Weka settings. For the LR algorithm,
these were: attribute selection method: M5 method; batch size: 100; debug: false; do not
check capabilities: false; eliminated colinear attributes: true; minimal: false; num decimal
places: 4; output additional stats: false; ridge: 1.0 x 10~8; and use QR decomposition: false.
For the SVM algorithm, the settings were batch size: 100; c: 1.0; debug: false; do not check
capabilities: false; filter type: normalize raining data; kernel: Polykernel-E1.0-C250007;
num decimal places: 2; and reg optimizer: RegSMOimproved. The performance was
evaluated using the Cross Validation function, with the number of folds being equal to the
number of samples in the inserted data set, which was a total of 150 samples per flight.

The regression data sets were created using data collected in the field. These data
included information about the average weight of the fruits, the number of fruits per plant,
and the number of leaves per plant as well as values from radiometric data from the sensor
bands of the Mapir camera. The LR classifier and SVM algorithms of Weka were used to
analyze the average fruit weight, number of fruits, and number of leaves.
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2.6. Analysis of the Algorithms

The performances of the LR and SVM algorithms were evaluated on the basis of the
correlation coefficient (CC) and root mean squared error (RMSE) values. The CC measures
the relationship of the average fruit weight, number of fruits, and number of plant leaves
with the NDVI (near-infrared and red) spectral bands. By contrast, the RMSE indicates how
much the algorithm’s estimate deviates from the actual field measurement.

After obtaining the CC and RMSE values, the Student t-test was applied to the data
that met the required assumptions for the test (normal distribution, normality of residuals,
homogeneity of variances, and additivity) to analyze if there was a difference between the
two algorithms. Because only the “number of leaves” variable evaluated in flight 5 met
these assumptions, the Student t-test was applied for that variable and flight only.

For flights that did not meet the criteria for the Student -test, the Mann-Whitney—
Wilcoxon test was used instead. This test has the same purpose as the Student ¢-test, but
instead of examining the means of two groups for a specific characteristic, it analyzes the
medians of the groups to determine if there are any differences between them for that
variable. The tests were conducted using R Studio v.4.1.2 [42].

Analysis of the 16 flights was performed both collectively and individually. In the
overall flight analysis, the CC and RMSE values generated by the LR and SVM algorithms
were analyzed using the Mann-Whitney—Wilcoxon test to determine if there was a differ-
ence between the two algorithms in determining these two sets of values. The individual
flights were also analyzed to determine which algorithm showed the best performance
in estimating the average fruit weight, number of fruits, and number of plant leaves for
each flight.

3. Results

Figure 3A shows the experimental area immediately after strawberry seedling trans-
planting in the vegetative development phase, characterized by very small plants with a
reduced leaf area, the absence of fruits and a little apparent vegetative canopy in the image.
Figure 3B illustrates well-developed strawberry plants 40 days after transplanting, with an
apparent and more voluminous canopy in relation to Figure 3A. At this time, harvesting
and assessments were initiated, obtaining 9.28 leaves per plant, 1.57 fruits per plant and
average fruit weight of 13.40 g in the first assessment.

Figure 3. Experimental area immediately after strawberry seedling transplanting (A), 40 days after

@ ' (B)

and at the onset of assessments (B).

When comparing the CCs, which reflect the degree of association between two or
more variables, no significant difference was found between the LR and SVM algorithms in
terms of the correlation of the average fruit weight, number of fruits, or number of plant
leaves with the near-infrared and red spectral bands. With the LR algorithm, the highest
average CC value obtained was 0.82 for the number of leaves, whereas the values were 0.51
and 0.42 for the average fruit weight and number of fruits, respectively; that is, both had a
lower correlation with the spectral bands as compared with the number of leaves (Table 2).
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Table 2. Mean correlation coefficients reflecting the relationship of the average fruit weight, number
of fruits, and number of plant leaves with the spectral bands, and root mean squared error values
of the Linear Regression and Support Vector Machine algorithms for estimating the average fruit
weight, number of fruit, and number of plant leaves from the data of the 16 flights.

Average Fruit Weight Number of Fruits Number of Leaves
CC RMSE CC RMSE CC RMSE
M (p-value) 120 (0.7804™)  131(0.92607) 121 (0.8091™) 121 (0.80651) 27 (0.1797 ™) 10 (0.2403 ™)
MLR 0.5180 14.2046 0.4290 1.5022 0.8213 2.8497
MSVM 0.5427 13.9049 0.4393 1.5268 0.7032 10.2891

CC: correlation coefficient. RMSE: root mean squared error. MLR: mean of the Linear Regression algorithm.
MSVM: mean of the Support Vector Machine algorithm. M: Mann-Whitney-Wilcoxon test value at 5% significance.
p-value: probability F of Snedecor. ™: not significant.

Of the three variables analyzed, the number of leaves was found to be the one that
correlated the most with the spectral bands (CC of 0.8213 for LR and 0.7032 for SVM;
Table 2). This meant that this variable camouflaged the other two variables with regard
to the spectral reflectance of the plant. The high correlation can be attributed to the fact
that the vegetative canopy absorbs a low amount of energy, especially in the near-infrared
region, and therefore reflects a high amount of light. When the number of leaves was
correlated with the NDVI bands, it stood out as the most significant agronomic variable
compared with the average fruit weight and number of fruits.

During the strawberry production cycle, the strongest correlations between the
red /near-infrared spectral bands and the average fruit weight (Figure 4A) and number of
fruits (Figure 4B) were found in flights 1-5 and 10-16, whereas the weakest correlations
were found in flights 6-9. During the same period, the CC values for the number of leaves
(Figure 4C) were greater than 0.8, indicating that the reflectance associated with this vari-
able is more closely linked to the leaf features than to the spectral behaviors of average fruit
weight and number of fruits.

This is confirmed by the fact that during the same time window, the correlations
between the red /near-infrared spectral bands and the number of leaves were higher (LR:
0.82; SVM: 0.70), while those between the spectral bands and the average fruit weight (LR:
0.51; SVM: 0.54) and the number of fruits (LR: 0.42; SVM: 0.43) were lower. These results
are due to the fact that during flights 6-9, there was an increase in the number of leaves
per plant and hence the leaf area index, which affected the reflectance of the plants in the
near-infrared region.
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Figure 4. Correlation coefficient values for the average fruit weight (A), number of fruits (B), and
number of leaves (C) estimated using the Linear Regression (LR) and Support Vector Machine (SVM)
algorithms for six strawberry cultivars during all flights.

With regard to the RMSE, which reflects the difference between the field-measured
values and the algorithm-estimated ones, there was no significant difference found between
the LR and SVM algorithms for the variables studied (Table 2). For the average fruit weight,
the RMSE of the estimates generated with the LR and SVM algorithms were 14.2 and
13.9 g plant !, respectively. By contrast, the RMSE values of the LR- and SVM-determined
estimates were, respectively, 1.5 and 1.53 fruits plant ! for the number of fruits and 2.8 and
10.28 leaves plant ! for the number of leaves.

The error between the field-measured number of leaves and the SVM-determined
estimate was high (45.83 leaves plant’l) for the flight 3 data (Figure 5C). This could be due
to the presence of an outlier in the data set, which caused an increase in the RMSE value
for this variable. However, the LR algorithm estimated the number of leaves effectively,
generating a low average RMSE value of 2.84 leaves plant ! for the same flight. Considering
that the SVM algorithm was able to estimate the number of leaves with low error values for
flights 1, 2, and 4-11 and that the LR algorithm was also able to estimate this variable with
low errors using the same data set, we can conclude that the increase in RMSE in flight 3
was caused by the presence of an outlier.

Flights 1-6, 10, and 13-16 showed lower RMSE values for estimating the average fruit
weight. There were peaks in flights 7, 8, 9, 11, and 12 where the estimation error of the
actual fruit weight was higher (Figure 5A). During this time, the correlation between the
average fruit weight and the spectral bands was lower (Figure 4A) and the number of
leaves per plant increased (Figure 4C). This indicates that the plants were going through a
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period of increased energy investment in vegetative development, with more energy and
nutrients being directed toward leaf production.

30.00
25.00
20.00
15.00
10.00

5.00

0.00

ight (g)

RMSE for average frut wei

1 2 3 4 5 6 7 8 9 101112 13 14 15 16
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LR ——SVM

(A)
3.50
3.00
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1.50
1.00
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RMSE for number of fruits

1 2 3 4 5 6 7 8 9 10111213 1415 16
Flights

—IR —SVM
(B)
50.00
40.00
30.00
2000

10.00

EMSE for number of leaves

Figure 5. Root mean squared error (RMSE) values for the average fruit weight (A), number of fruits
(B), and number of leaves (C) estimated using Linear Regression (LR) and Support Vector Machine
(SVM) algorithms for six strawberry cultivars during all flights.

In the near-infrared region, the reflectance will increase if the leaf area index increases.
This is because most of the energy reflected in this part of the electromagnetic spectrum is
attributed to the internal structure of the leaves. This may have reduced the plant’s spectral
behavior in relation to the average fruit weight.
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With regard to the variable numbers of fruits per plant, the two algorithms generated
similar estimates, with errors ranging from 1 to 2 fruits plant~! for most flights, except for
flights 12 and 16, which had errors above 2 fruits plant~! (Figure 5B). By contrast, the RMSE
values for number of leaves were below 5 leaves plant~! throughout the analyzed period,
except for flight 3, where the SVM algorithm had a peak error of 45.83 leaves plant ™!
(Figure 5C).

By comparing the average fruit weight measured in the field with the mean values
estimated using the LR and SVM methods, it was found that both algorithms were effective
in estimating this variable, generating results that were very close to those obtained in the
field. With regard to the performance of the algorithms per flight, the LR algorithm was
found to show greater accuracy in estimating the average fruit weight for most flights. For
flights 1, 2,5, 7,12, 14, and 15, the LR and SVM algorithms did not differ significantly. For
this variable, the LR and SVM estimates differed the most significantly for flights 9, 10, and
13, whereas the values were not significantly different for flights 1,2, 5, 7, 12, 14, and 15
(Figure 6).
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Figure 6. Average fruit weights estimated by the Linear Regression (LR) and Support Vector Machine
(SVM) algorithms for flights 9 (A), 10 (B), and 13 (C), as a function of the field-measured values.
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The LR algorithm was found to be more effective than the SVM algorithm in deter-
mining the number of fruits per plant, generating estimates that were closer to the actual
measured values. Despite this, both algorithms performed similarly when estimating this
variable from the data sets of flights 1, 2, 3, 8, and 10.

For both algorithms, the most accurate estimates for the number of fruits per plant
were generated using the data of flights 4-7, 9, and 11-16. However, only the estimates for
flights 13 and 16 are shown herein (Figure 7).

2 4 6 g 10 2 4 6 8 10

Field-measured average number of fruits Field-measured average number of fruits

SVM

2 4 6 8 10 12 0 2 4 6 g 10 12

Field-measured average number of fruits Field-measured average number of fruits

(B)

Figure 7. Average number of fruits estimated by the Linear Regression (LR) and Support Vector
Machine (SVM) algorithms for flights 13 (A) and 16 (B), as a function of the field-measured values.

Both the LR and SVM algorithms effectively estimated the amount of leaves per plant,
with no significant statistical difference between them. However, for the flight 1 data set,
the LR algorithm outperformed the SVM algorithm in estimating this variable (Figure 8).

SVM

5 10 15 20 25 30 0 5 10 15 20 25 30

Field-measured average number of leaves per plant Field-measured average number of leaves per plant

Figure 8. Average number of leaves estimated by the Linear Regression (LR) and Support Vector
Machine (SVM) algorithms for flight 1, as a function of the field-measured values.
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The comparison of the total estimate with the field values showed that the LR algo-
rithm was more accurate in estimating the fruit weight. The total fruit weight measured in
the field was 48.08 kg in an area of 21.6 m?, which is equivalent to 22,259.26 kg ha—!. The
LR algorithm estimated the fruit weight to be 48.04 kg, or approximately 22,240.74 kg ha™!,
which was 99.91% of the actual value. By contrast, the SVM algorithm estimated the fruit
weight to be 43.09 kg, or approximately 19,949.07 kg ha~!, which was only 89.62% of the
actual value.

In total, 4585 fruits were obtained from the field. The LR algorithm generated the
best estimate for this variable, with a result of 99.55% of the actual number of fruits. By
contrast, the SVM algorithm estimated the number of fruits to be approximately 84.26%
of the actual total. Both algorithms were able to estimate the number of leaves with a
high degree of accuracy. Compared with the 10,366 leaves measured in the field, the
LR algorithm estimated 10,360.31 leaves (99.4% of the actual count), whereas the SVM
algorithm estimated 10,171.89 leaves (98.12% of the actual number).

In Figure 9, the NDVI images from the first and last flights are displayed to show the
difference in the spectral properties between the two time periods analyzed. When the
plants appear green in color, it indicates a low fruit yield at the time of image acquisition.
By contrast, a more intense red coloring of the plants indicates higher levels of leaf and
fruit area yield. This allows us to differentiate the more productive from the less productive
areas as well as the spectral changes in the plants during different stages of the strawberry
production cycle. Figure 9A shows the results from the first flight that took place during the
early developmental stage of the crop, which was characterized by growth and vegetative
development. Figure 9B represents the high fruit yield phase.

a‘.

L3 [ 3
B Absence of production

Lower yield level
Bl Higher yield level

Figure 9. Normalized difference vegetation index image of the experimental area for flights 1 (A) and
16 (B).

The use of tools that efficiently and accurately estimate strawberry production enables
resource planning for the harvesting, transport, and commercialization of the product.
It also lowers labor costs, since this estimation process is carried out manually, which is
lengthy, laborious, and subjective.
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4. Discussion

The RL and SVM algorithms estimated the variables analyzed, exhibiting no dif-
ferences between the correlation coefficients and RMSE after analysis of all the flights.
However, when the flights were analyzed separately, the RL algorithm more accurately
estimated average weight and number of fruits, and for the number of leaves variable,
there was no significant difference between the algorithms for most of the flights. Similarly,
ref. [43] estimated potato biomass and yield using machine learning and remote sensing,
obtaining estimated biomass (RMSE = 5.8) and yield (RMSE < 20%), and the better analysis
method was RL, which was more accurate in estimating the tubercle formation phase.

The strawberry fruit weight was estimated by [44] using machine learning. They found
that the RL prediction model was slightly more accurate than support vector regression
(SVR) models in estimating fruit weight, indicating a linear relationship between the
number of pixels and fruit weight. The authors report that this method has advantages
since it is not destructive, in addition to being economical for the regular monitoring of
strawberry weight. According to [44], more strawberry samples from several crops should
be studied to improve model performance in estimating fruit weight. The author of [44]
also inferred that the shape of strawberry cultivars might affect the number of pixels in the
captured images, which are directly related to fruit weight.

In addition, ref. [45] predicted the total soluble solid (TSS) content and pH of strawber-
ries using machine learning, where the results indicated that the SVM models performed
better than their LR counterparts, explaining 84.1% of TSS and 78.8% of pH. Similarly,
ref. [46] estimated strawberry plant water content, obtaining a correlation coefficient of
0.82 and RMSE of 0.0092 g, SVM maturation classification with 99.7% accuracy for ripe
fruits and 94.9% for their green counterparts [46]. Analysis of the studies showed that RL
algorithms estimated fruit weight and leaf area better, while their SVM counterparts were
superior in estimating physiological parameters such as TSS, pH and water content.

Among the parameters assessed, number of leaves displayed the highest correlation
with the spectral bands (SVM: 0.70 and RL: 0.82), possibly because the vegetation canopy
of plants, mainly in the near infrared region, absorbs a low amount of energy, causing high
reflectance. When the number of leaves is correlated with the bands applied by NDVI, this
parameter stands out in relation to average weight and number of fruits. According to the
results obtained by [4], the VIs of the infrared region are good biomass predictors. This
is likely because these VIs may be sensitive to gaps in the plant canopy and changes in
senescence and may therefore effectively reflect the differences in canopy density or in leaf
weight between strawberry plants [4].

The correlation values for the average weight and number of fruits show a low cor-
relation with the spectral bands in flights 6 to 9, and in this same time interval, a high
correlation was observed with the number of leaves. This likely occurred due to the high
potential to reflect energy in the spectral bands in question, with greater energy expression
for this variable when compared to the spectral response to average mass and number of
fruits. This may be because the strawberry plant undergoes several stages simultaneously
(presence of leaves, fruits and inflorescences), hampering characterization of the plant’s
spectral response to certain agronomic parameters.

The RMSE values for the average weight and number of fruits is low, demonstrating
that both algorithms can estimate these variables. For the number of leaves, the error
between the average field value and that estimated by the SVM algorithm was high,
because the presence of an outlier in the database resulted in a high error in the number
of leaves (45.83 leaves plant!) in flight number 3 (Figure 5C), thereby raising the RMSE
of this variable. For this same variable and flight, the RL algorithm estimated an average
error of 2.84 leaves plant 1. Given that the SVM algorithm estimated the number of leaves,
with low error values for flight 1 to 11, except flight 3, and that the RL algorithm, using
the same database as SVM, estimated the number of leaves with a low error rate, it can be
inferred that the increase in RMSE caused by flight 3 is due to the presence of an outlier
that was not identified in the database.
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Strawberry yield was predicted by [3], using a deep neural network and high-resolution
aerial orthoimages, obtaining an average accuracy of 91.0% in detecting ripe Sensation
fruits, on a 2 m-high image, and 84.1% for fruit count. This demonstrates the feasibility
of using high temporal resolution images to extract information on canopy size, number
of fruits and flowers to predict strawberry production throughout the crop cycle. The
strawberry yield was also predicted by [2], using images, with errors of 26.3 and 25.7% for
flower and fruit counts, respectively.

Analysis of the flights separately showed that the RL algorithm is more efficient than
SVM for average weight and number of fruits, while both algorithms are efficient for the
number of leaves.

Assessing machine learning algorithms in predicting corn yield, ref [47] concluded
that linear algorithms (Linear discriminant analysis—LDA and Logistic Regression—LR)
predicted the corn yield closest to those observed when compared to their nonlinear
counterparts Naive Bayes (NB), K-nearest neighbor (KNN), Classification and regression
trees (CART), and Support Vector Machine (SVM). In general, the LDA algorithm was the
best tool and SVM the worst in predicting corn yield.

5. Conclusions

This study underscored the ability of remote sensing techniques to accurately pre-
dict the yield of strawberries that exhibit high phenological dynamics, that is, vegetative
development occurring at the same time as phenological changes, given that phenologi-
cal changes caused in different amounts of cover and green biomass on the soil surface
throughout the crop cycle influence spectral behavior in the images.

Linear regression and support vector machine algorithms can estimate strawberry
production and the number of fruits and leaves, using multispectral UAV images.

Linear regression was the most efficient in estimating crop yields, with 99.91% accuracy
for the average fruit weight, 99.55% for the number of fruits and 99.94% for the number of
leaves.

SVM was 89.62% accurate for the average fruit weight, 84.26% for the number of fruits
and 98.12% for the number of leaves.

Studies similar to the present investigation showed that yield prediction models are
constructed from images collected in a single crop development phase, but the models
presented here can accurately predict total strawberry yield, since images were taken
throughout the crop development phases. Thus, the models presented were more effective
in predicting when constructed with a historical series of images, that is, those taken
between the first and last harvest.

One of the study limitations is that the prediction models were constructed based on
a single experimental area. For future investigations, a larger number of cultivated areas
under different biotic and abiotic conditions should be used, making it possible to create
more robust and less biased models.

It is important to note the following advantages and disadvantages of using this
methodology: the use of images to monitor yield may provide an important source of
georeferenced monitoring of the strawberry crop, allowing specific management in different
crop development phases; the prediction models consist of a limited number of plant
samples, mitigating the need for in loco monitoring of all the plants; and the use of
wavelengths such as the near infrared, in the composition of prediction models may provide
information that is not collected in classic yield control and crop quality techniques.
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