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Abstract: Durum and bread wheat are widely planted cereal crops that contribute immensely to
global food security. To maintain and improve on crop yields, fertilizers are applied including
nitrogenous fertilizers. However, there is limited research focusing on the effect of nitrogen
application rate on observed and estimated durum and bread wheat yields in dryland environments.
This study investigated the application of unmanned aerial vehicle (UAV) multispectral bands and
vegetation indices using artificial neural networks (ANN) and multiple linear regression (MLR)
models to estimate yields of durum and bread under different nitrogen fertilizer application rates.
The ratio vegetation index (r = 0.29; P < 0.05) and normalized difference vegetation index (r = 0.26; P
<0.05) showed a low, but significant correlation with bread yield under 48 kg/ha nitrogen application.
The ANN model outperformed MLR for yield prediction under all nitrogen rates and produced
highest accuracy of R? = 0.7753, RMSE = 0.0825 t/ha under 24 kg/ha nitrogen application for durum.
The key findings from this study highlight that UAV datasets and ANN models can be used to predict
durum and bread yields in real-time which is beneficial for crop nutrient management. The methods
from this study should be explored with more robust machine learning and larger datasets for
optimal crop yield estimation.

Keywords: wheat yield; unmanned aerial vehicle; vegetation indices; artificial neural networks;
multiple linear regression

1. Introduction

Crop yield is the measure of the average net output of agricultural product on a given area of
land and it is a critical metric for assessing agricultural performance (Fischer, 2015). Crop yields are
influenced by biotic factors including genetic parameters of seeds, and abiotic factors including
rainfall and temperature, socioeconomic conditions, and agronomic practices (Tandzi and
Mutengwa, 2020). Wheat, one of the most cultivated crops in the world, continues to experience
production and yield fluctuations caused by several interacting factors (Saeed et al. 2015). Yield
reductions are affected by abiotic factors such as high temperatures (Shew et al. 2020) and yield
potential is compromised by certain traits that have been bred out of hybrids. Hybrids are more
susceptible to new strains of disease-causing organisms, exaggerated by the changing environment
(Rauf et al. 2015). Due to breeding, yield stability is reduced (Calderini and Slafer, 1999), however
attempts are being made to reintroduce the genetic variability from landraces (Adhikari ef al. 2022).
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In the face of the global increase in food demand, due to rapid human population growth, crop
yields need to be significantly improved. Hence, crop yield estimation remains a research hot topic
(De Beer 2022; Fischer 2015; Tandzi and Mutengwa, 2020). Accurate estimation of crop yields can
help identify areas that need improvement, such as seed breeding, agronomic practices and climate
adaptation, amongst other yield-determinants (Reynolds et al., 2015).

Different yield estimation methods have been investigated and operationalized. These methods
include field surveys, crop physical models, empirical models, and remote sensing (Paudel et al.,
2021). Field surveys are physical estimates of the yield of a field or farm that is conducted by a farmer
to estimate the potential yield for insurance and food security purposes. The method followed is to
harvest the ears for a predetermined row length and estimate the yield by considering the intra row
spacing. The limitation is grain moisture content, as it determines the seed density, which in turn will
affect the estimated yield (Benson & Fermont 2011; Tandzi and Mutengwa, 2020). Crop physical
models describe the process of crop growth and development as a function of weather, soil conditions
and crop management. The limitations include the models” parameters, accuracy to predict weather
conditions and the plants physical growth. Empirical models (models of land use and land-use
change) are critical for testing theories of land use and informing policies aimed at managing land-
use change. Empirical models have been used to identify the causes of a particular distribution of
land use and the factors that drive land-use change. For example, these models can be used to test
the extent to which net returns to alternative uses and physical characteristics of land (i.e., land
quality) influence land-use decisions (Plantinga & Irwin, 2006).

Crop yield estimation based on ground field surveys are generally destructive to crops, costly,
inconvenient and inefficient to operate on large-scale farms (Reynolds, et al., 2000; Zeng et al., 2021;
Bian et al., 2022). Moreover, meteorological and growth-based models need a lot of historical data to
support yield predictions which is not always available for small scale farms (Yu et al,, 2024). In
general, crop growth yield models have been limited by spatial information about field conditions in
real-time (Kasampalis et al., 2018). However, remote sensing-based models have been successfully
used to calculate crop yield effectively and accurately in real-time. Furthermore, remote sensing
methods are non-destructive and applicable to large-scale crop yield predictions (Ren et al., 2008).

The remote sensing platforms are based on ground, low and high-altitude mounted sensors.
Analytical spectral devices (ASD), LabSpec spectrometer and FieldSpec spectroradiometers are
ground remote sensing sensors that have high spectral resolution and multiple bands to characterize
high-throughput phenotyping in crops and predict yield (Mishra, 2021; Feng et al., 2022; Silva et al.,
2023). High altitude remote sensing is based on satellites and aerospace. This includes Advanced
Very High-Resolution Radiometer (AVHRR), Moderate Resolution Imaging Spectroradiometer
(MODIS), Landsat, and Sentinel satellites that have low-medium resolutions. Furthermore, these
satellites are suitable for monitoring crop biophysical parameters at large-scale. However, their
application is limited by bad weather conditions, longer revisit times and are unreliable for small-
scale farms. Low altitude remote sensing is based on Unmanned Aircraft Systems (UASs) such as
Unmanned Aerial Vehicles (UAVs) or drones. The adoption of remote sensing application of low
altitude UAVs in agriculture has been increasing to monitor field crop biophysical and biochemical
parameters (Lu et al., 2018; Pazhanivelan et al., 2023; Chiu et al., 2024). UAVs are flexible to operate
and offer higher spectral resolutions with customized revisit time. These attributes have made low
altitude remote sensing overcome limitations associated with high altitude remote sensing and
ground based remote sensing, thereby making it a promising option for precision agriculture
technology (Li et al., 2012; Zhang et al., 2021).

Several vegetation indices, machine learning and statistical regressions have been investigated
for crop yield prediction using UAV datasets and have achieved satisfactory accuracy. For instance,
normalized difference red edge (NDRE) dynamic model produced more than 90% accuracy for rice
grain yield estimation using active portable sensor RapidScan CS-45 Spectral reflectance data (Zhang
et al., 2019). The wide dynamic range vegetation index (WDRVI) has produced 92-96% estimation
accuracy for corn grain yield using multispectral and red—green—blue (RGB) UAV datasets (Maresma

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202502.1307.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 February 2025 doi:10.20944/preprints202502.1307.v1

3 of 19

et al., 2016; Garcia-Martinez et al., 2020; Ramos et al., 2020). Random forest (RF) has attained 78%
accuracy for wheat yield estimation using combined UAV multispectral datasets for jointing,
heading, flowering, and filling growth stage (Fu et al., 2020). The ensemble learning framework of
support vector machine (SVM), Gaussian process (GP), ridge regression (RR) and RF have attained
63% of wheat grain yield prediction accuracy based on UAV multispectral datasets at mid-grain
filling stages (Fei et al., 2021). Green-red vegetation index (GRVI) has produced 93% of wheat yield
prediction using UAV RGB imagery at the flowering stage under different levels of nitrogen fertiliser
application (Zeng et al., 2021). Gaussian process regression (GPR) has achieved 88% of field-scale
wheat yield prediction using UAV multispectral derived vegetation indices that has extremely strong
correlations with yield from flowering and filling growth stages (Bian et al., 2022). The multiple linear
regression (MLR) model has achieved 84% accuracy of winter wheat yield estimation using UAV-
based hyperspectral data from all growth stages (Liu et al., 2023). Also, the Random Forest (RF) has
demonstrated 88% accuracy for durum wheat yield on UAV multispectral vegetation indices under
the mediterranean basin in Italy (Badagliacca et al., 2023). These findings have shown comprehensive
feasibility of UAVs to monitor crop yield and other crop parameters in agricultural remote sensing.
Crop type and growth conditions are complex, which necessitates monitoring of crop yields for
different cultivars and conditions.

Bread is the most cultivated wheat across the world and susceptible to hot dry conditions.
Durum wheat is more drought tolerant and resilient to the hot dry conditions (Hassan et al., 2018).
Nitrogen is a dynamic element, but still vital to healthy plant growth. Nitrogen is an important plant
nutrient, applied as a fertilizer, but with crops having a low nitrogen use efficiency of about 33%,
resulting in leaching, run-off and volatilization, with associated negative effects on the environment
(Dimkpa et al. 2020). A trial was conducted with two low nitrogen application rates to determine the
wheat varieties that have a high nitrogen use efficiency. Using UAV data with different indices
provide useful reflectance information about crop biophysical parameters to estimate yield (Gitelson
et al. 2003, and Gitelson et al. 2005).

The impact of low nitrogen application rate on bread and durum wheat yields is not well
documented and understood within dryland environments. This information is critical for breeding
programs aiming to maximize wheat yields while reducing nitrogen input. Therefore, it is important
to investigate both bread and durum wheat yield estimation from dryland production regions.
Furthermore, assessment of the impact of nitrogen fertiliser application on wheat yield and its
estimation is essential. In this study, the field-scale bread and durum wheat yield were predicted
under different nitrogen fertiliser application rates (N = 28 kg/ha and 48 kg/ha) from UAV
multispectral datasets using artificial neural networks (ANN) and MLR. The vegetation indices and
raw bands were extracted from processed UAV imagery and correlated with yield data. The ANN
and MLR models were trained using multiple vegetation indices and raw band datasets. Other
studies have shown the efficiency of MLR and ANN to handle both linear and nonlinear datasets for
estimating crop yield (Garcia-Martinez et al., 2020; Liu et al., 2023). The originality of the study
focuses on examining and comparing the impact of low nitrogen application rates on field-scale bread
and durum wheat yield estimates under dryland environments.

2. Materials and Methods

2.1. Study Area

The study was conducted on the ARC - Brits research farm (-25.3748 E, 27.5897 S) situated in the
Northwest province of South Africa (Figure 1A & B). Brits research farm receives, on average, 360
mm rainfall annually. The minimum and maximum temperatures in the summer season are 17 and
31 °C, respectively. During winter, temperatures range between 3 and 21 °C (ARC-ISCW, 2004).
Durum and bread wheat were planted on Brits research farm. The trial layout was designed in a
randomized block design (RBD) (Liu et al., 2023). The experimental RBD was planted with 10 bread
and 10 durum wheat varieties (Table C1), with a split-plot following a treatment design (Figure 1C).
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The trial was divided by a high and low nitrogen treatment and sub-plots bread or durum. Each
wheat type had different European wheat varieties planted randomly in the sub-plots. The wheat
varieties were planted in 5.6 m by 1.4 m plots with a 0.5 m space between plots and 1.2 m between
blocks. After planting, white 20% shade net was placed over the plots to prevent birds from eating
the wheat seeds. The shade netting was removed post germination. The bread and durum seeds were
planted in triplicate with high (48 kg N ha') and low (24 kg N ha) nitrogen application at tillering
and flowering stages. Table 1 shows the planted bread and durum wheat varieties.
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Figure 1. Map of South Africa (A), Northwest Province (B), and ARC — Brits research farm with the trial layout
©-

Figure 2 shows the average rainfall and temperatures received by Brits research farm monthly
in 2023. This meteorological data was provided by the Agricultural Research Council (ARC) from the
Amalgamated Beverages Industry (ABI) weather station located at Beestekraal near Brits. The
research farm experienced high temperatures during summer months and relatively high rainfall
particularly in February and December 2023. However, average temperatures dropped below 20 °C
in winter with low levels of rainfall. The month of August had zero rainfall which corresponded with
the planned UAYV flights.
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Figure 2. ARC-ABI - Beestekraal - WS1 weather station data showing monthly average rainfall and temperatures
from February 2023 to December 2023.

2.2. UAV Field Data Collection and Data Processing

The UAV data was collected in August 2023 during the flowering/heading growth stage. The
flight was planned at 60 m altitude, and both frontal and lateral overlaps at 75%. The UAV was
operated under moderate wind speed and clear sky conditions, acquiring fine spatial resolution
images of 8 cm. The collected UAV imagery data was processed following standard procedures in
Pix4Dmapper software 4.8.0 version (Pix4D SA, Lausanne, Switzerland).

The multi-rotor system of UAV DJI-Matrice 600 Pro with a MicaSense RedEdge-MX
multispectral sensor and calibration reflectance panel (CRP) with serial number: RP04-1918107-OB
are shown in Figure 2 a and b, respectively. Additionally, Table 2 describes the wavelength (475-840
nm) and bandwidth (20-40 nm) of UAV MicaSense RedEdge-MX sensor.

RP04-1918107-08
S ] | S |
SR R TR TR

O 0

Figure 2. Multi-rotor DJI-Matrice 600 Pro UAV (a) and Calibration Reflectance Panel (b).

Table 1. Characteristics of UAV MicaSense RedEdge-MX sensor.

UAYV bands Centre wavelength Bandwidth
Blue 475 20
Green 560 20
Red 668 10
Rededge 717 10
Near Infrared 840 40

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 2. Crop yields under the two nitrogen application rates (Durum and Bread wheat).
. Ton
o Wheat Yield (grams) Total Average  Ave
N application Jolot  mass/ per
rate (kg/ha)  Replicate Replicate Replicate rr(1a;;s mas(s )p ha () ha
e  2@) 3@ ° i ®  (yna)
Durum wheat
48 19.19 20.46 20.47 59.24 19.75 730693  0.73
24 18.52 16.26 19.26 54.04 18.01 666462  0.67
Bread wheat
48 22.31 21.21 2541 68.93 22.98 850101  0.85
24 20.38 19.68 19.94 60.01 20 740066  0.74

2.3. Summary of Wheat Yield Data

A total of 120 crop yield samples were collected from subplots under the two nitrogen
application rates during the harvest period. Table 2 summarises the durum and bread wheat yield
under the two nitrogen fertilizer application rates. Each subplot had three replicate subsamples,
which were averaged to get a representative subplot yield. Durum yield increased from 0.67 to 0.73
ton per hectare (t/ha) under 24 kg/ha and 48 kg/ha nitrogen application, respectively. Additionally,
bread yield increased from 0.74 to 0.85 t/ha as well under the same nitrogen application rate.

2.4. Selected Spectral Vegetation Indices

Spectral vegetation indices have been widely used to predict wheat yields (Zeng et al., 2021; Bian
et al., 2022; Badagliacca et al., 2023; Yu et al., 2024). Table 4 provides the list of selected spectral bands
and indices considered for wheat yield estimation in this study.

Table 3. Summary of selected spectral vegetation indices.

Vegetation indices Equation Reference
NIR — R
Normalized Difference Vegetation NIKT R Rouse et al,
Index (NDVI) 1974
NIR — RE
Normalized Difference RedEdge Index NIRT RE Barnes etal,
NIR - G .
Green normalized difference vegetation NRTG Gitelson et al.,
index (GNDVI) 2003
G-B Hunt et al.,
Green — Blue vegetation index (GBVI) G+ B 2005
. . G-B Kawashima et
Difference Vegetation Index (DVI) al, 1998
Red-edge difference vegetation index NIR -RE
(REDVI)
Modified Triangular Vegetation Index 1.2* [1.2(NIR-G)-25R-G)] Haboudane et
(MTVI) al., 2004
NIR d tal.,
Ratio Vegetation Index (RVI) = Jor i;;; a
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Red-edge ratio vegetation index
(RERVI)

Green Ratio Vegetation Index (GRVI)

Chlorophyll Vegetation Index (CVI)

Wide dynamic range vegetation index
(WDRVI) *

Enhanced vegetation index 2 (EVI 2)

Red Blue ratio index (RBRI)

Modified chlorophyll absorption in
reflectance index (MCARI)

Optimized Soil adjusted vegetation
index (OSAVI)

Modified Chlorophyll Absorption Ratio
Index (MCARI 2)

Green Normalized Difference RedEdge
Index (GNDRE)

Red Edge Triangulated Vegetation
Index (RTVI)

Soil adjusted vegetation index (SAVI)

Soil adjusted vegetation index
(RESAVI)

Excess green index (EXG)

Renormalized Difference Vegetation
Index (RDVI)

Green chlorophyll index (GCI)

Chlorophyll Index Red Edge (CIRE)

NIR NIR
*
G G
«.NIR — R

o.NIR+ R
2.5+ NIR—-R

NIR+ 24*R+1

R

B

RE
[(RE- R)- 02+ (RE- G) * —]

1.16 *x NIR—R
NIR + R+ 0.16

1.5  [1.2 (NIR- G) - 1.3 (NIR - G)]

V(2NIR + 1)2 — (6NIR — 5R) - 0.5

RE—- G
RE + G

100 (NIR - RE) -10 (NIR - G)

NIR — R

NR+ R+05 - 1)

NIR — RE

NR+ RE+05 = ()

2xG-R-B
NIR - G
VvNIR+ R
NIR
G

NIR
RE

Vogelmann et
al., 1993

Sripada et al.,
2006;
Zenget al.,
2021
Vincini et al.,
2011

Gitelson et al.,
2004
Jiang et al,,
2008

Sellaro et al.,
2010

Daughtry et
al., 2000
Steven et al.,
1998; Yue et
al., 2019
Haboudane et
al., 2004

Cao et al,,
2021

Chen et al.,
2010
Rondeaux et
al., 1996

Sripada et al.,
2006

Woebbecke et
al., 1995
Roujean et al.,
1995

Gitelson et al.,
2005

Gitelson et al.,
2005

*oc = 0.1, B = Blue, G= Green, R= Red, NIR= Near Infrared, RE = Red Edge

2.5. Pearson Correlation Calculation

R-software (version 4.3.3) was used to calculate Pearson’s correlation coefficients (R) between
crop yield, spectral bands and indices. The R coefficient is useful in determining the relationship
between response and predictor variables. Pearson’s correlation coefficient is calculated according to

equation 1.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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. Yicag = X)W —y)
VI G — X)X — ¥)?

The r denotes the correlation coefficient, n is the number of samples, x; and y; signify the

M

sample values, X and y are the average values of the sample datasets. The higher the value of r
means high correlation between x and y.

2.6. Nonlinear and Linear Regression Models

2.6.1. Multivariable Linear Regression

Multivariable Linear Regression (MLR) is a regression technique that explains the goodness of
fit between one dependent variable and two or more independent variables. This study relates wheat
yield with multiple vegetation indices. MLR usually performs better than linear regression. MLR in
this study was used to construct wheat yield prediction models of vegetation indices and validate the
prediction accuracy. The MRL was calculated using equation 2 (Fu et al., 2020).

Y = K]_Xl + KzXz + K3X3+.. .+ Kan + b (2)
Where Y = yield, X;~X, is assigned to vegetation indices and K;~K, is the

coefficient of the corresponding independent variable.

2.6.2. Artificial Neural Networks

Artificial Neural Networks (ANN) is made up of the interconnected mathematical functions
which imitate biological neural networks to understand nonlinear relationships (Mas et al., 2008;
Jensen et al., 2009; Rossel et al., 2010). ANN can process large and complex datasets for statistical
modelling due to its robust learning capacity. ANN has three layers with logistic regression to
process information from input, hidden and output layer. In the ANN, this study used a sigmoid
activation function hyper-parameter (Fu et al., 2020). Figure 3 shows the basic ANN self-organizing

structure.
é Hidden 20 ) ( Output 1)
Input o = Output
=
28 N > 1 = ]
\ J y,

Figure 3. ANN self-organizing structure in MATLAB R2024a environment used in this study.

Figure 4 demonstrates the flowchart methods executed in this study. The UAV multispectral
bands and computed vegetation indices were used for supervised learning of MLR and ANN
regression modelling to estimate durum and bread wheat yield within MATLAB R2024a
environment (The Mathworks ® nc., Natick, MA, USA). The modelling datasets were separated into
70% training, 15% validation and 15% testing.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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: UAV multispectral bands |
: and Vegetation indices

i i Training 70%
K-fold (10) : i Validation 15 %
: ' Testing 15%

Training algorithms i Design of network
architecture

_____________ W o e icrrasrnern e
b Tl irotals e :Number of neurons: 20
S T Training algorithms . Number of hidden
l 5 network: 1

lterates
Model evaluation | 5 ANN and MLR Output: Durum and ;
: R S :

R2 ,RMSE, MSE ! i model selection ! i bread wheat yield

Figure 4. Summarised flowchart for methodology used in this study to estimate yields.

2.8. Model Evaluation

The two-layered feedforward neural network with sigmoid hidden neurons, linear output and
using error back propagation-Levenberg-Marquardt (BP-LM) algorithm was applied for ANN
regression modelling wheat yield estimation. The ANN modelling performance was evaluated using
mean square errors (MSE), Root mean square error (RMSE) and coefficient of determination (R?)
equations as summarized below from 3 to 5:

1 n
__E I )2
MSE —n._l(y y) 3)
1 n
= |- e 2 4
RMSE - ._El(y y) (4)
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R2:< n(Eyy) - ENEY) )
VInZy?—E»AhXIy? - Ey"H

where y and y' represent the measured and estimated values, respectively and # is the number of
datasets of samples.

3. Results

3.1. Wheat Yields Descriptive Statistics

Descriptive statistics analysis of the dry weight measurements of wheat yields is summarised in
Table 4 for both durum and bread varieties. Durum yield ranged from 0.04 to 1.58 gram per 1 m? and
bread yield ranged from 0.26 to 1.34 gram per 1 m2 Both durum and bread had higher mean yield
values under 48 kg/ha nitrogen, which suggests the influence of nitrogen application on yield. Other
features such as standard deviation (SD) and coefficient of variation (CV) varied in both wheat
varieties.

Table 4. Wheat yields (gram per 1 m?) descriptive statistics under two nitrogen fertilizer application rates

(multiply by 107 for ton per ha).

Nitrogen Wheat Number Min- Max- Mean  Standard CV (%)
application  variety of samples imum imum Deviation
rate (kg/ha) (SD)
48 Durum 30 0.04 1.58 0.73 0.32 43.84
24 Durum 30 0.34 1.07 0.67 0.16 23.88
48 Bread 30 0.34 1.34 0.85 0.23 27.06
24 Bread 30 0.26 1.32 0.74 0.24 32.43

3.2. Wheat Yield and UAV Datasets Correlation Matrix Analysis

The study shows Pearson correlation matrix of durum and bread yield with multiple vegetation
indices. The correlation matrix shows that only RVI (r = 0.29; P < 0.05) and NDVI (r = 0.26; P < 0.05)
had a low but significant correlation with bread yield under 48 kg/ha nitrogen application at a 95%
level (Figure Al). Additionally, the bread yield correlated positively with the following vegetation
indices GNDRE, EXG, RESAV], EVI 2, CVI, GNDVI, GRVI, GCI, DVI, OSAVI, RDVI, SAVI, MTV],
NDRE, CIRE, RTVI, WDRVI RBRI, NIR and RedEdge. These vegetation indices had insignificant
correlation values ranging between r = 0.01- 0.22, P > 0.05. However, Figure A2 shows that durum
yield had positive correlation with RBRI and GBVI (r = 0.22; P > 0.05) under 24 kg/ha nitrogen
application. GNDRE (r = 0.03-0.19), GNDVI (r = 0.06-0.21) and RBRI (r = 0.12-0.22) had common
weak positive correlation with both durum and bread yields, respectively.

3.3. Wheat Yield Estimation Model Performance

The ANN and MLR regression model performance statistics for wheat yield were calculated
using multispectral UAV bands and vegetation indices. Table 5 and Table B1 provide a summary of
ANN and MLR models under different nitrogen application rates. ANN produced higher accuracies
(R?=0.7753, RMSE = 0.0825) under 24 kg/ha nitrogen application in comparison to MLR (R?=0.6441,
RMSE = 0.1133) for durum yield prediction with training set of multispectral UAV datasets.
Furthermore, ANN achieved higher accuracies (R? = 0.6303, RMSE = 0.1721) under 48 kg/ha nitrogen
application in comparison to MLR (R? = 0.4609, RMSE = 0.1965) for bread yield estimation with
training set of UAV datasets. The nitrogen application had minimal impact on durum yield ANN
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and MLR model estimation. While, increasing nitrogen application had positive impact on ANN and
MLR estimation for bread yield.

Table 5. Wheat yield prediction accuracy using ANN model.

Nitrogen Wheat Training Validation
application Type
Model R? MSE RMSE R? MSE RMSE
rate (kg/ha)
48 Durum ANN 0.7375 0.0247  0.1572 05032  0.0771  0.2776
24 Durum ANN 0.7753 0.0068  0.0825  0.3753  0.0206  0.1435
48 Bread ANN 0.6303 0.0296¢ 01721 03662  0.0373  0.1931
24 Bread ANN 0.2477 0.0861  0.2934  0.1436 ~ 0.1629  0.4036

Scatterplots were produced based on high training accuracy of ANN model for both durum and
bread yield. The scatterplots show the multicollinearity between predicted and observed wheat
durum and bread yield under 24 and 48 kg/ha nitrogen application rates, respectively (Figure 5). The
data points grouped alongside regression line indicate a good agreement between predicted and
observed yield values for ANN regression model using multispectral UAV datasets. ANN (R? =
0.7753, RMSE = 0.0825) training accuracy performed better than ANN (R? = 0.6303, RMSE = 0.1721)
for durum and bread yield at a 95% confidence interval, respectively.
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Figure 5. ANN scatter plots under 24 kg/ha durum yield (a), and bread yield under 48 kg/ha (b).

4. Discussion

The UAV multispectral bands and vegetation indices have been commonly used to estimate crop
yield applying machine learning methods (Ramos et al., 2020; Paudel et al., 2021; Chiu et al., 2024).
In this study, multiple vegetation indices calculated using UAV multispectral bands were examined
using ANN and MLR models for field-scale durum and bread wheat yield prediction under different
nitrogen fertilization rates. The study correlated vegetation indices, multispectral bands with both
bread and durum wheat yields. The findings showed that UAV spectral band and vegetation indices
datasets correlate with wheat yield which is consistent with previous studies. For instance, this study
has demonstrated that RVI (r = 0.29; P < 0.05) and NDVI (r = 0.26; P < 0.05) had a weak positive and
significant correlation with bread yield. Additionally, GNDRE (r = 0.03-0.19), GNDVI (r = 0.06-0.21)

and RBRI (r = 0.12-0.22) had weak positive correlation with both durum and bread yields,
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respectively. The GCI had insignificant correlation (r = 0.22) with bread yield. Similar study findings
have highlighted weak to strong positive correlation of GNDRE (r = 0.03-0.99), GNDVI (r = 0.04-0.99),
RVI (r=0.17-0.99), and RERVI (r = 0.01-0.99) with durum yield (Badagliacca et al., 2023). In contrast
to our study, GNDVI, GCI and RVI (r = 0.86) were strongly and positively correlated with bread
wheat (Hassan et al., 2018). Also, NDVI (r = 0.75; p < 0.0001) had strong positive and significant
correlation with wheat grain yield from UAV multispectral data (Roy Choudhury et al., 2021).

Furthermore, RBRI (r=0.8), RVI (r=0.82), NDVI (r=0.82) were found positive and strongly correlated
with wheat yield (Bian et al., 2022). Traditionally, NDVI is the widely used index for crop yield estimation
(Mashaba et al., 2017; Mirasi et al., 2021; Darra et al., 2023). Therefore, when more indices correlate with
wheat yield, avenues are unlocked to use multiple indices for wheat yield estimation.

Several machine learning, deep learning and statistical models have been investigated
simultaneously and independently to estimate crop yield with remote sensing data (Darra et al.,
2023). The ANN (Fieuzal et al., 2017; Feng et al., 2022) and MLR (Zhou et al., 2017; Liu et a., 2023)
have demonstrated their capacity to predict crop yield in previous studies. This study focused on
investigating both ANN machine learning and MLR statistical model approach for wheat grain yield
estimation under different nitrogen fertiliser rates. The findings showed that ANN outperformed the
MLR models in all experiments for durum yield estimation under 24 kg/ha and 48 kg/ha nitrogen
application. ANN model attained highest accuracy of R2= 0.7753, RMSE = 0.0825 t/ha and MLR
achieved R?=0.6441, RMSE = 0.1133 t/ha for durum yield estimation under 24 kg/ha nitrogen
application. Furthermore, ANN obtained R?= 0.6303, RMSE = 0.1721 t/ha and MLR achieved R?=
0.4609, RMSE = 0.1965 t/ha accuracy for bread yield under 48 kg/ha nitrogen fertiliser rate. The poor
performance of MLR modelling accuracy could be linked to multicollinearity. The nonlinear ANN is
not affected by multicollinearity which may suggest the higher prediction accuracy (Chan et al,,
2022). Furthermore, the results of this study showed that ANN and MLR model precision decreased
for durum yield estimation when nitrogen fertiliser rate increased. This may suggest that higher
nitrogen application of 48 kg/ha reduced durum yield. In contrast, the higher nitrogen application of
48 kg/ha improved the ANN and MLR model estimation accuracy for bread yield. For the APSIM
model showed yield was more sensitive to variables that control water availability or variables that
control nitrogen availability, depending on which was more limiting (Hao et al. 2021).

Similar trends were observed in this study as with previous studies for crop yield estimations.
For instance, ANN outperformed MLR model for wheat and barley yield prediction using different
datasets from arable farms of New Zealand and Iran, respectively (Safa et al., 2015; Mokarram et al.,
2016). ANN has obtained slightly better wheat yield estimation accuracy of R?= (.77 in comparison
to R2=0.75 of MLR model at the flowering stage in China (Fu et al., 2020). A similar study revealed
that ANN model has achieved R2= 0.62 for winter wheat yield estimation using UAV multispectral
imagery in Japan (Zhou et al., 2021). The research conducted in sodic soil of northeastern Australia
revealed that ANN have attained R?= 0.74 —0.88 for wheat grain yield estimation from UAV
multispectral and hyperspectral spectroradiometer datasets (Roy Choudhury et al., 2021). Other
researchers have reported that ANN model has achieved R? =0.79 for winter wheat yield estimation
at the filling growth stage in China. In contrast, MLR has attained R? = 0.76 and R? = 0.73 accuracy at
the booting and heading stages for rice yield using multispectral and digital UAV imagery in China
(Zhou et al.,, 2017). Furthermore, MLR has achieved r = 0.74 and r = 0.75 wheat yield estimation
accuracy during the late flowering and ripening stage in southeastern Australia (Feng et al., 2020).
Recently, MLR model has achieved r=0.75, and r = 0.84, for winter wheat yield estimation using UAV
multispectral and hyperspectral imagery, respectively (Liu et al, 2023). Other studies have
demonstrated that ANN has better accuracy in comparison to MLR model for potato crop yield
estimation in Tunisia and Poland (Abrougui et al., 2019; Piekutowska et al., 2021). The performance
of ANN and MLR crop yield estimation accuracy varies in all regions. Therefore, it is important to
estimate crop yield using more field measurements to validate these models and others.

Our study has demonstrated similar result trends as with other previous studies. However, it
was limited to the local experimental farm results of Northwest province in South Africa which may
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suggest the lack of holistic findings. This warrants more crop yield research of similar and different
environments for validation. In this study, MLR and ANN models were produced with a small
number of yield samples which may have affected the estimation accuracies. Future research may
consider more in-situ yield measurements and grey level co-occurrence matrix to increase dataset for
robust modelling estimation. Data fusion of high-resolution sensors and ensemble learning
approaches of multiple machine learning regressions should be explored which may enhance
modelling prediction capacity. Further validation on different crops is required to strengthen remote
sensing models on research on crop yield and guide policy decisions for crop breeding.

5. Conclusions

This study investigated UAV multispectral dataset using ANN and MLR models for bread and
durum wheat yield estimation under two nitrogen fertiliser application rates. The results showed
that UAV derived vegetation indices had weak positive correlation with both bread and durum
wheat yield. The findings revealed that ANN outperformed MLR under all nitrogen application rates
for bread and durum wheat. Additionally, findings revealed that the nonlinear model improved the
accuracy of wheat yield estimation. Further, findings revealed that increasing nitrogen fertilization
rate reduced durum yield prediction, while it improved the bread yield estimation. Moreover,
findings revealed that UAV datasets and nonlinear models may predict crop yield in real-time and
improve decision making in planting more tolerant wheat with minimal nitrogen application. The
methods investigated in this study should be integrated with satellite datasets for medium to larger
scale cropping area application in precision agriculture.
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Figure Al. Bread yield correlation with vegetation indices and raw bands under 48 kg/ha nitrogen application.
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Figure A2. Durum yield correlation with vegetation indices and raw bands under 24 kg/ha nitrogen
application.
Appendix B
Table B1. Wheat Yield Prediction Accuracy using MLR model.
Nitrogen Wheat
application rate Type Model R? MSE RMSE
(kg/ha)
48 Durum MLR 0.4167 0.0812 0.2849
24 Durum MLR 0.6441 0.0128 0.1133
48 Bread MLR 0.4609 0.0386 0.1965
24 Bread MLR 0.1990 0.0628 0.2507
Appendix C
Table C1. The wheat varieties planted for the trial.
Type  Wheat variety Label Type Wheat variety Label
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Russello_SG7 D1 WAT238 B1
Kyperounda_L28 D2 WAT496 B2
Tettra-IPK251 D3 WAT579 B3
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