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Abstract: Accurate and timely prediction of oilseed rape yield is crucial in precision agriculture
and field remote sensing. We explored the feasibility and potential for predicting oilseed rape yield
through the utilization of a UAV-based platform equipped with RGB and multispectral cameras.
Genetic algorithm—partial least square was employed and evaluated for effective wavelength (EW) or
vegetation index (VI) selection. Additionally, different machine learning algorithms, i.e., multiple
linear regression (MLR), partial least squares regression (PLSR), least squares support vector machine
(LS-SVM), back propagation neural network (BPNN), extreme learning machine (ELM), and radial
basis function neural network (RBFNN), were developed and compared. With multi-source data
fusion by combining vegetation indices (color and narrow-band VlIs), robust prediction models of
yield in oilseed rape were built. The performance of prediction models using the combination of VIs
(RBENN: Rpye = 0.8143, RMSEP = 171.9 kg/ hm?) from multiple sensors manifested better results than
those using only narrow-band VIs (BPNN: Ry = 0.7655, RMSEP = 188.3 kg / hm?) from a multispectral
camera. The best models for yield prediction were found by applying BPNN (Rp = 0.8114, RMSEP
= 172.6 kg/hm?) built from optimal EWs and ELM (Rpre = 0.8118, RMSEP = 170.9 kg/ hm?) using
optimal VIs. Taken together, the findings conclusively illustrate the potential of UAV-based RGB and
multispectral images for the timely and non-invasive prediction of oilseed rape yield. This study also
highlights that a lightweight UAV equipped with dual-image-frame snapshot cameras holds promise
as a valuable tool for high-throughput plant phenotyping and advanced breeding programs within
the realm of precision agriculture.

Keywords: data fusion; machine learning algorithms; oilseed rape; remote sensing; unmanned aerial
vehicle (UAV); yield prediction

1. Introduction

Crop yield hinges on the growth and differentiation of crops, as well as the distribution
and accumulation of photosynthetic products, constituting a pivotal area of study in crop
science. The precise and early prediction of crop yield consistently stands as one of the
most important areas of investigation in precision agriculture [1]. Oilseed rape (Brassica
napus L.) is a significant global oil crop that can be used to produce high-quality feed,
cooking oil, dishes, biodiesel, and so on [2,3]. The timely and accurate yield prediction of
oilseed rape is of guiding significance for agricultural producers to carry out cultivation,
breeding, production, and sales activities reasonably and effectively. Conventionally, the
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prevalent approaches for estimating crop yield involved establishing correlations between
agronomic or climatic factors and crop yields through manual surveys or employing
statistical analysis methods [4,5], which were not uniform, time-consuming and laborious.
At present, the large-scale commercial breeding of oilseed rape has led to a sharp increase
in the combination of breeding materials. It was difficult to ensure the uniformity and
timeliness of data for estimating yield. Therefore, there is an urgent need to devise a swift,
dependable, and non-invasive method capable of accurately forecasting oilseed rape yields
on a field scale.

Remote sensing is a real-time means of obtaining phenotypic information for crops,
with a large monitoring range and low damage to crops, so it was widely used in agricul-
tural information acquisition [4]. The demand for the timely and non-destructive evaluation
of crop yield across diverse scales has resulted in the growing acceptance of remote sens-
ing technologies [5]. Utilizing unmanned aerial vehicles (UAVs) for remote sensing has
overcome the limitations associated with satellites, aircraft, and ground-based platforms.
UAVs enable frequent flight tests at specific locations and times, facilitating the monitoring
of crops through multi-scale and multi-temporal images. This capability allows for the
observation of fine-scale spatial patterns in a more efficient manner [6]. UAVs equipped
with sensors offer advantages such as high resolution, flexibility, and cost-effectiveness,
making them well suited for integration with remote sensing technology. The utilization of
low-altitude remote sensing by UAVs, equipped with spectral imaging sensors, in field-
based crop phenotyping has gained prominence and is on the rise [7]. A number of studies
have been conducted on crop yield prediction models based on RGB cameras or multispec-
tral cameras by UAV-based platforms. Models were constructed by plant height, leaf area
index, growth period length, chlorophyll content, biomass, and other physiological and
biochemical indicators, as well as spectral reflectance and vegetation indices obtained by
remote sensing platforms [3,8]. Li et al. [6] used the leaf abundance and vegetation indices
of oilseed rape to predict yield with unmanned aircraft system visual-band imagery. More
research has focused on the spectral reflectance characteristics specific to crops, utilizing the
construction of remote sensing quantitative models that incorporate multiple vegetation
indices to achieve crop yield prediction [9,10]. For example, Lukas et al. [11] utilized an
UAV platform equipped with a multispectral camera to obtain a good prediction model
for oilseed rape yield according to the color vegetation indices including blue normalized
difference vegetation index (BNDVI) and normalized difference yellowness index (NDYI).
Zhang et al. [12] achieved predictions of flowering number and yield based on spectral
information and multispectral vegetation index obtained from multispectral cameras.

All of these have demonstrated the potential and feasibility of UAV-based platforms
with imaging sensors for yield prediction. Additionally, the premise of large-scale appli-
cation of the UAV remote sensing platform is to continuously improve the adaptability
and accuracy of the yield prediction models. However, the prediction models of many
studies were based on univariate modeling with a single vegetation index [12-14] or simple
linear multivariate modeling such as multivariate linear regression (MLR) and partial
least squares regression (PLSR) [15-17]. Multivariate-based vegetation index modeling
was better than using a single vegetation index for predicting crop phenotypic informa-
tion [18], and individual vegetation indices such as the normalized difference vegetation
index (NDVI) may be saturated under moderate to high-biomass conditions or late crop
growth stages [19,20]. As a high-density crop, it is essential to explore the sensitivity of
other vegetation indices to yield an estimation of oilseed rape. Moreover, the above studies
lack information mining of UAV remote sensing data and the application of advanced
machine learning algorithms. It is especially crucial to dig out more vegetation indices
and use a variety of advanced machine learning algorithms to increase the accuracy and
robustness of predictive models [16].

Predicting the yield of oilseed rape presents challenges due to its distinct devel-
opmental stages such as seedling, bolting, flowering, and pod formation. The spectral
characteristics vary in different periods, which increases the uncertainty of yield predic-
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tion [21]. In particular, the yellow flowers of the canopy during flowering reduced the
accuracy of oilseed rape phenotypic prediction [21]. Choosing the appropriate period of
oilseed rape is paramount for yield prediction. About 2/3 of the dry matter of oilseed
rape is provided by green horns. The pod filling stage is the key growth stage for material
synthesis and nutrient accumulation and is a substantial stage of oilseed rape reproductive
growth. The final yield is determined by three crucial factors: the number of seeds per
pod, the number of pods per plant, and the 1000-seed weight, as identified by Li et al. [22],
who showed that the spectra at the pod filling stage by an ASD field portable spectrometer
accurately predicted the yield of oilseed rape. Consequently, this research focused on the
pod filling stage to predict the yield of oilseed rape, which can save manpower and material
resources and reduce the number of flights of UAVs.

Currently, researchers have begun exploring the use of drones equipped with RGB
cameras and multispectral sensors for crop yield estimation, significantly expanding the
depth and breadth of agricultural remote sensing research. Unlike traditional methods that
typically relied on a single sensor, this multi-sensor integration strategy captures abundant
growth information, providing comprehensive data support for crop assessment [23,24].
By analyzing RGB images, researchers can identify crop growth stages, health status, and
potential pest and disease issues. Meanwhile, multispectral cameras capture the spectral
reflectance of the crops, helping to assess physiological conditions such as chlorophyll
content and water status. This spectral data not only revealed crop growth dynamics
but also reflected the impact of soil and environmental factors on crop growth, enabling
high-precision growth assessment. By combining RGB and multispectral data, researchers
can build more complex and accurate analytical models, which comprehensively evaluate
crop growth potential, leading to more accurate yield predictions [25-27]. This is of great
significance for optimizing the crop yield estimation process and providing scientific
support for decision-making in modern agricultural management.

Therefore, this study aims to investigate the feasibility of estimating oilseed rape
yield using a dual-camera platform (RGB and multispectral cameras) mounted on drones.
Through the fusion of RGB and multispectral camera data, we will systematically analyze
the complementarity of these two sensor types in capturing oilseed rape growth informa-
tion. This analysis will focus particularly on the pod filling stage to explore the relationship
between growth characteristics and yield, thereby improving the accuracy of yield predic-
tions. The specific objectives are as follows: (1) based on the full-band information provided
by the multispectral camera, we will establish an effective oilseed rape yield prediction
model using various machine learning algorithms (such as the extreme learning machine,
support vector machine, and partial least squares regression); (2) through systematic analy-
sis and comparison, we will identify the best vegetation indices (VIs) for yield estimation
and multivariate fusion modeling to enhance model performance; (3) we will compare the
effectiveness of models based on single-sensor (multispectral camera) versus dual-sensor
fusion (RGB and multispectral cameras) in yield prediction, analyzing the degree to which
data fusion improves prediction accuracy; (4) by selecting appropriate variable selection
algorithms, we will identify effective wavelengths (EWs) and optimal VI combinations,
further simplifying the prediction model to enhance its interpretability and practicality.

2. Materials and Methods
2.1. Field Site and Crop Management

A comprehensive field campaign was undertaken to gather RGB and multispectral
images using UAVs, along with ground-truth phenotypic metrics. The campaign was
conducted at an experimental oilseed rape field situated at the agricultural research station
in Hangzhou, China. Figure 1 illustrates the overall location of the experimental site and
provides an overview of the image captured by the UAV remote sensing platform in the
oilseed rape field at Zhejiang University. The experiment consisted of two sets of replicates.
The original test field had 47 rows, within which 3 incomplete rows were removed. The
area and line spacing of each line were 24.4 m x 1.4 m and 0.3 m, respectively. There
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were 10 sampling plots in each row, and each sampling plot had an area of 2.4 m x 1.4 m.
Because of the protection lanes, there were about 420 plots in total. Various nitrogen (IN)
fertilizer treatments were administered across all plots, ranging from NO to N3 (0, 75, 150,
and 225 kg/hm?). Additionally, all subplots received consistent amounts of phosphorus
(P) (60 kg/ hm?) and potassium (K) (150 kg/ hm?). The N fertilizers were applied in
two stages, with 60% in mid-December and the remaining 40% in mid-February. On the
contrary, phosphate and potash fertilizers were administered as a single-base treatment.
The prevailing cultivar for the majority of subplots was ZD630.
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Figure 1. The general location of the experimental site and an overview of the image obtained
by an unmanned aerial vehicle (UAV) remote sensing platform for the oilseed rape field at
Zhejiang University.

The data collection and processing workflow of the inorganic remote sensing system is
illustrated in Figure 2. The process can be broadly divided into the following steps. Firstly,
RGB images and multispectral images (MSs) of winter oilseed rape at the pod-filling stage
were collected in agricultural fields by using a drone equipped with RGB and multispectral
cameras. This was followed by preprocessing steps, including radiometric correction,
geometric correction, noise removal, and image stitching. Subsequently, features such
as effective wavelengths and vegetation indices were extracted. Modeling and analysis
were then conducted using methods such as ELM, BPNN and PLSR. Based on the above
methodology, we evaluated the relationships between the selected EWs, VIs, and oilseed
rape yield, thereby verifying the feasibility of yield estimation through the model. Finally,
the model was validated against actual yield data, and yield enhancement suggestions
were made while continuously optimizing the model to improve prediction accuracy and
application effectiveness.
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Figure 2. Research technology flowchart.

2.2. Data Acquisition

Upon the maturity of the oilseed rape, harvesting of all oilseed rape plots took place
in May. Each plot underwent destructive measurements of the final yield, where above-
ground plant materials were cut and placed in seed net bags. Subsequently, the collected
materials were dried, and the actual yield of the sample plot was precisely measured. After
sun exposure for 10 days for seed threshing, the seeds underwent cleaning and were placed
in an oven at 60 °C until their weight stabilized (approximately 4 days). Subsequently,
the total weight of all dried seeds was measured, and the plot yield was computed as the
ratio of this cumulative weight to the ground area (kg/hm?). Due to human factors, the
yields of some plots in the measurement and production process were missing, leading to
373 effective plots for data analysis.

The UAV-based platform with an RGB camera (NEX-7, Sony, Tokyo, Japan) and
multispectral imaging system (CMV2K; IMEC, Inc., Leuven, Belgium) was developed by
Zhejiang University, as shown in Figure 3. The image sensors were carried by a lightweight
and portable eight-rotor UAV, which employed advanced lithium-ion polymer batteries
with a height of 0.35 m, a diameter of 1.1 m, a maximum takeoff weight of 8 kg, a maximum
flight speed of 75 km/h, a flying height of up to 500 m, and a maximum flight time of
25 min under optimal weather conditions.

The drone platform includes an RGB camera with a spatial resolution of 6000 x
4000 pixels and a 25-band multispectral camera (679.15, 693.12, 718.58, 732.10, 745.14,
758.49, 771.28, 784.34, 796.27, 808.11, 827.03, 838.54, 849.10, 859.69, 870.74, 879.83, 889.10,
897.51.914.69, 922.27, 931.37, 936.54, 944.14, 950.60, and 955.72 nm). The multispectral
camera consists of a multispectral imaging sensor, a lens, and a front optical filter, weighing
a total of 123 g, with dimensions of 25.4 mm x 25.4 mm x 30.7 mm. The multispectral
imaging sensor (IMEC, Leuven, Belgium) is a new type of snapshot imaging sensor (pack-
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aged hyperspectral mosaic snapshot imager) that features a resolution of 409 x 216 and
an output frame rate of 42 fps, capable of capturing 25 narrow-band multispectral images
(600-1000 nm) within 1/340 s.

Figure 3. The UAV platform and integrated sensors: (a) POS system; (b) RGB and multispectral
imaging sensors; (c) ground control system; (d) flight of the UAV system.

The platform was equipped with a POS system providing illumination information, a
three-axis brushless head, radiometric calibration, and an image transmission system. The
platform can realize the zero-delay high-definition back-transmission of images, radiation
correction, and the geometric correction of remote sensing images. Flight campaigns were
conducted during the pod filling stage between 2:00 and 4:00 pm, maintaining a flight
attitude and speed of 50 m and 3 m/s, respectively. Weather conditions were optimal with
clear skies, minimal cloud cover, and low wind speeds. The UAV platform software Mission
Planner (ver. 1.3.74, ArduPilot Development Team, Ballarat, VIC, Australia) generated the
flight route. To ensure effective image stitching, forward and side overlaps were set at 70%
and 60%, respectively. To prevent anomalies in remote sensing images, the camera exposure
time was adjusted based on brightness measurements obtained from an illuminometer
(MQ-200, Apogee Instruments, Logan, UT, USA).

2.3. Image Preprocessing

Image stitching is the key technology for remote sensing image processing. Because the
obtained single RGB image or multispectral image from the UAV-based platform has a small
coverage and a large number of images, it is indispensable to splicing a plurality of images
with a certain degree of overlap into a complete remote sensing image. Herein, full-spliced
RGB and multispectral images were acquired by image stitching software Agisoft Photoscan
(ver. 1.2.6, AgiSoft LLC, St. Petersburg, Russia) with rich point cloud information. The
process mainly included the following steps: add photos, align photos, build dense cloud,
build meshes and textures, and build and export orthomosaic. The quality of the point
cloud was set to the highest to ensure the image maintained sufficient spatial resolution,
which facilitated subsequent image processing. For each UAV flight operation, Agisoft
Photoscan was used to quickly splice the original image data obtained. When it was found
that the image stitching quality was poor or the stitching was not successful, the flight plan
would be adjusted according to the condition of the UAV. Figure 4 shows a multispectral
orthophoto image (at the wavelength of 889 nm) of the oilseed rape field with a low altitude
of 50 m using Agisoft Photoscan.
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Figure 4. The stitching grayscale image of the multispectral image at 889 nm by Agisoft Photoscan.

2.4. Radiation Calibration

Radiation calibration was performed using four grayscale targets with a reflectance of 5%,
15%, 30%, and 55%, each measuring 0.6 m x 0.6 m x 1.2 cm. The spectral reflectance curve
of the grayscale targets was acquired with a marine optical portable spectrometer (QE65000,
Ocean Optics, Dunedin, FL, USA) while the drone was operating. The QE65000 has a spectral
range of 350-1025 nm and a sampling interval of 1.377 nm. The average reflectance spectral
data of the canopy of the oilseed rape under different nitrogen gradients were obtained by the
calculation formula of the radiation calibration coefficient (Equation (1)):

Ri=kixDN;+b;(i=1,---,25) (1)

where R; is the reflectivity measured on the ground of four gradient grayscale targets, DN;
is the DN value of the target multispectral image obtained by the UAV remote sensing
system, the gain, k;, is the slope parameter of the linear equation, and the offset b; is a
linear regression intercept parameter, which is expressed around the radiation response
introduced by the environment. According to the principle that the sum of squared
residuals of the least squares algorithm is the smallest, the radiometric scaling coefficients
k; and b; corresponding to the i-th band were obtained. Finally, the radiometric calibration
coefficients (k and b) calculated by the grayscale targets were applied to the multispectral
remote sensing image of oilseed rape, and the spectral reflectance data were calculated.

2.5. Feature Extraction from Imagery

A variety of vegetation indices were extracted from orthorectified RGB and multi-
spectral images (Table 1). The color vegetation index is the visible light vegetation index,
highlighting a special color, such as the green color of plants, which is a relatively intuitive
feeling for humans. Vegetation indices obtained from RGB cameras are especially sensitive
to the greenness of plants. These indices have been employed to extract green vegeta-
tion and calculate vegetation coverage, identify crop growth periods [28], estimate LAI,
biomass [29], and chlorophyll content [30], and identify weeds [31], such as VDVI, NGRD],
VARI, GRRI, VEG, etc. Some improved vegetation indices such as ExGR, the Woebbecke
index, and several combined vegetation indices were also used to explore the feasibility
of predicting yield. These color vegetation indices have been widely cited and used in
recent research [32]. Due to the band limitation of multispectral cameras, the multispectral
narrow-band vegetation indices used in this study were mainly SRI, DVI, NDVI, SAVI, and
several modified vegetation indices (OSAVI, MSAVI, EVI2, RDV], and MSR). The technique
known as the first derivative transformation is used to reduce background signals or noise
and distinguish overlapping spectral features. Additionally, it effectively improves the
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correlation between spectral data and target parameters. In this sense, NDSI and RSI were
computed based on the first derivative spectrum for yield estimation.

Table 1. List of vegetation indices (VIs) extracted from RGB and multispectral images.

Vegetation Indices Formula References
RGB camera—Color Vis

visible-band difference vegetation index, VDVI VDVI = (2G—R—B)/(2G+ R+ B) [30]
visible atmospherically resistant index, VARI VARI = (G—R)/(G+R—-B) [33]

normalized green-red difference index, NGRDI NGRDI = (G —R)/(G+R) [28,34]
normalized green-blue difference index, NGBDI NGBDI = (G - B)/(G + B) [35]
red-green ratio index, RGRI RGRI = R/G [36]
green-red ratio index, GRRI GRRI = G/R [35]
modified green-red vegetation index, MGRVI MGRVI = (G2 — R?)/(G? + R?) [37]
excess green index, ExG ExG=2G—-R-B [31]
color index of vegetation, CIVE CIVE = 0.441R — 0.881G + 0.385B + 18.78745 [38]
vegetation, VEG VEG = G/(R? x B1-3)),a = 0.667 [39]
excess green minus excess red, EXGR EXGR = ExG — ExR = ExG — 14R - G [40]
Woebbecke index, WI WI=(G—-B)/(R-G) [31]
combination, COM COM = 0.25ExG + 0.3ExGR + 0.33CIVE + 0.12VEG [41]
combination 2, COM2 COM2 =0.36ExG + 0.47CIVE + 0.17VEG [42]

Multispectral camera-- narrow band VIs
simple ratio index, SRI SRI = R)1/R)2 [43]
normalized difference vegetation index, NDVI NDVI = (Ry1 — Rpa2)/(Ra1 + Ry2) [44]
enhanced vegetation index, EVI2 EVI2 =25 x (Ry1 — Rj2)/(14+ Ry1 +24R)3) [45]
optimized soil-adjusted vegetation index, OSAVI OSAVI = 1.16 x (Ry1 — Ry2)/(Ra1 + Ry2 +0.16) [46]
soil-adjusted vegetation index, SAVI SAVI = 1.5 x (Ry1 — Rj2)/(Ra1 + Rz +0.5) [47]
difference vegetation index, DVI DVI = Ry — R)» [43]
renormalized difference vegetation index, RDVI RDVI = (Rj; — Ra2)/+/(Ry1 + Ry2) [48]
modified simple ratio, MSR MSR = Rar/Rpp—1 [49]
(\/ RM/RAz*l)

modified soil-adjusted vegetation index, MSAVI MSAVI = 0.5 x <2R/\1 +1-— \/ (2Ry; + 1)2 —8x (Ry — R/\Z)) [50]
normalized difference spectral index, NDSIp, p.,y  NDSI(p | p,,) = (Da1 — Da2)/(Da1 + Daz2) [51]

ratio vegetation index, RSI<DM,DM> SI(DM,DM) =D)1/Dy, [51,52]

Note: R, G, and B denote the radiometric normalized pixel values of each orthomosaic image’s red, green, and blue
band, respectively. Ry1 and R, represent the reflectance of a variable band in the spectral range of 600-1000 nm.
D, and D, are the first derivative values at A; and A, nm over the whole spectra. PLSR can effectively deal
with multiple collinear problems and establish a linear regression model.

2.6. Machine Learning Algorithms

Machine learning algorithms are increasingly used in precision agriculture and UAV
low-altitude remote sensing [53,54], especially for image segmentation, feature classifica-
tion, and phenotypic information prediction. In this study, six machine learning algorithms
were employed, i.e., MLR, PLSR, least squares support vector machine (LS-SVM), back
propagation neural network (BPNN), extreme learning machine (ELM), and radial basis
function neural network (RBENN).

MLR is simple and easy to explain, and establishes the relationship between the
spectrum and the measured index in the form of a linear equation [55]. That is, the
procedure builds a model between the output variable Y (phenotypic information such as
physiological and biochemical indices) and the input variable X (spectral data).

PLS simultaneously decomposes the spectral data (X-matrix, Negmples X Kuwavelengths)
and the physical or chemical indicators (Y-matrix, Nggmples ¥ 1) obtained from traditional
measurements, aiming to optimize the covariance between Y and the linear combination
of X [56]. PLSR transforms the original variables into mutually orthogonal dimensions,
generating principal components or factors referred to as latent variables (LVs). These LVs
encapsulate maximum information and covariance between spectral data and index values.
Typically, leave-one-out cross-validation was utilized on the calibration set to ascertain the
optimal number of LVs.

LS-SVM is derived from a standard support vector machine but employs a set of linear
equations instead of quadratic programming problems to identify the support vectors.
Furthermore, LS-SVM diverges from the empirical risk minimization principle typical in
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traditional neural networks, instead favoring the structural risk minimization principle to
counteract overfitting [57]. In contrast to conventional chemometric approaches, increasing
research indicates that LS-SVM effectively tackles both linear and nonlinear multivariate
analysis issues [58—-60]. BPNN primarily utilizes the error backpropagation algorithm to
adjust the network connection weights after each training period. This process continues
until the error between the actual output and the predicted output is minimized [61]. When
the input set is determined, BPNN needs to set the number of hidden layers and nodes,
learning algorithm and rate, transfer function, and training termination conditions. The
neuron transfer function of BPNN generally includes threshold function, linear function and
Sigmoid function. The implementation steps of BPNN can be found in the literature [62].

ELM is widely used in various classification and regression problems. ELM exhibits
robust generalization capabilities within feedforward neural networks, utilizing a single-
layer architecture. This approach involves randomly selecting input weights and biases for
the hidden layer, effectively addressing challenges such as overfitting and local minima [63].
Furthermore, ELM achieves an optimal solution known for its fast learning and strong
generalization. The algorithm’s steps involve (1) randomly generating input weights and
biases for hidden layer neurons, (2) computing the hidden layer’s output matrix, and
(3) determining the output weights. To achieve the optimal ELM model, the number of
hidden layer nodes was fine-tuned incrementally.

RBENN is a three-layer feedforward neural network comprising an input layer, a hid-
den layer, and an output layer [64]. RBFNN is a widely used machine learning algorithm
with many advantages such as arbitrary approximation, strong generalization ability, fast
training speed, and easy implementation. RBFNN uses RBF as the activation function.
However, RBFNN has poor interpretability and requires massive training data. The opti-
mization process may have data ill-conditioned phenomena when applying RBFNN. At
present, based on the basic RBFNN algorithm, different improvements can be made and
the appropriate algorithm can be selected according to need.

2.7. Variables Selection Algorithm

Genetic algorithm—partial least squares (GA-PLS) is a proficient variable selection
technique introduced by Leardi [65], combining the advantages of the GA algorithm and
PLS algorithm. GA-PLS is good at global searching and is not constrained by the restrictive
assumptions of search space. It enables us to find the global optimal solution from discrete,
multi-extreme, and noisy high-dimensional problems with great probability. The GA-
PLS method selects sensitive wavelengths and optimizes the number of evaluations per
run using the PLS algorithm. It aims to minimize cross-validation RMSECYV or variance
as fitness criteria. Additionally, GA-PLS determines the final subset frequency using a
weighted average of frequencies. Increasing iterations and reducing selected variables
enhance GA-PLS stability. In this study, 500 iterations were set to improve stability and
accuracy. Recorded variables and their weighted frequencies across 500 runs were analyzed.

2.8. Model Evaluation

For the quantitative analysis models, we primarily utilized the correlation coefficient
(R) and root mean square error (RMSE) to assess the model performances. The R is mainly
used to measure the fitting effect of the model. An R-value closer to 1 usually indicates
better fitting performance. The RMSE is used to calculate the standard deviation of the
reference value and the model prediction value. It measures the prediction error of the
model; therefore, a smaller RMSE value close to 0 is desirable. The stronger predictive
ability of the model can be represented by a higher R of calibration (R.;) and prediction
(Rpre), and a lower RMSE of calibration (RMSEC) and prediction (RMSEP). Below are the
definitions of the statistical parameters used:

YN W —0) (i — )
VI -9 -7

R= )
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RMSE = || <3 (y— i) )
N _ 1 = 1 1
where y; is the actual value, §; is the predicted value of the yield in sample number i, and N
is the number of spectra (samples).

The spectral data were extracted using ENVI 4.6 (ITT, Visual Information Solutions,
Boulder, CO, USA). Statistical analyses, including one-way analysis of variance and corre-
lation analysis, were carried out using SPSS (ver. 21.0, IBM-SPSS Inc., Chicago, IL, USA).
Computation and implementation of machine learning algorithms were facilitated by Un-
scrambler X (ver. 10.1, CAMO AS, Oslo, Norway) and Matlab (ver. R2014b, The MathWorks,
Natick, MA, USA) for chemometric analysis.

3. Results
3.1. Descriptive Statistics of Measured Yield

The statistical analysis based on the measured yield of oilseed rape under different
nitrogen gradients is shown in Table 2. The yield range of 373 samples spanned from 2217.3
to 3586.3 kg/hm?. The samples were randomly divided into calibration (248 samples)
and prediction sets (125 samples) at a 2:1 ratio. The calibration set was used to develop
the prediction model, while the prediction set was used to evaluate its performance. It
can be seen from Table 2 that under different nitrogen fertilizer gradients, the yields of
different sampling plots have obvious differences, and the sample sets (the calibration
set and prediction set) cover a similar range of yield values, which is conducive to the
establishment of stable quantitatively prediction models.

Table 2. Statistics of measured yield values of oilseed rape under different nitrogen gradients by
standard methods.

Minimum Maximum 2 Standard
Sample Sets Number (kg/hm?) (kg/hm?) Mean (kg/hm*) Deviation (SD)
Calibration set 248 2217.30 3586.30 2942.68 274.23
Prediction set 125 2217.30 3526.80 2947.24 292.97

3.2. Characteristics of Spectral Profiles

Figure 5 illustrates the average reflectance spectra and standard deviation of the oilseed
rape canopy across various nitrogen treatments based on the 25-band UAV multispectral
imaging system. The band range is 679-956 nm. It can be seen that the average spectral
change trend of the canopy with different nitrogen gradients was consistent. At 680760 nm,
the reflectivity increased sharply with wavelength and maintained a high reflectance
between 760 and 900 nm. At 900-950 nm, the reflectance gradually decreased. Although
the location and size of peaks and valleys were specific, the overall trend was similar to
the spectral curve of other green plants such as tobacco [66], maize [67], and tomato [68].
The main peaks were located at 859.69 nm, 922.27 nm, and 944.14 nm, while the main
troughs were found at 771.28 nm, 796.27 nm, and 936.54 nm. According to Weber et al. [67]
and Zhang et al. [69], crop reflectance primarily correlates with photosynthetic capacity
(495-680 nm), the red edge (680-780 nm), and plant water status (970 nm). Therefore, the
peaks and troughs could be related to the pigment content and water status of oilseed
rape and the red edge effect. There were obvious differences between different nitrogen
gradients, especially in the range of 750-900 nm. The reflectance of the spectral curve with a
high-nitrogen application rate in this range was higher than that with low-nitrogen fertilizer.
The differences may be related to the effects of canopy structure, pods (intercellular spaces,
cell alignment), leaf dip, leaf area index, biomass [70], and water status since the pod
moisture content during the pod-filling period was high.
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Figure 5. The average reflectance spectra and standard deviation (SD) of the oilseed rape canopy
under different nitrogen treatments of ‘0 kg/hm?’, ‘75 kg/hm?’, “150 kg/hm?’, and ‘225 kg/hm?’
based on the UAV multispectral imaging system.

3.3. Yield Prediction with Full Spectra from the Multispectral Camera

Different machine learning algorithms are based on different principles. Regression
analysis of data from different angles and selection of appropriate regression analysis
models will be beneficial to realizing yield estimation. The full wavelengths from the
25-band multispectral camera were used as an input to establish regression models with
various machine learning algorithms to predict the yield. The specific parameter settings
and final results are shown in Table 3. The PLSR, MLR, LS-SVM, BPNN, ELM, and
RBFNN models all had satisfactory performance, with R, and Ry both greater than
0.78. The optimal prediction model was BPNN with R, and Ry values of 0.8145 and
0.8232, respectively, and RMSEC and RMSEP values of 158.7 kg/ hm? and 166.9 kg/ hm?,
respectively. The LS-SVM and ELM models also achieved good results. The Ry, and
RMSEP values of LS-SVM were 0.8005 and 176.3 kg/hm?, respectively. The R, and
RMSEP values of ELM were 0.8023 and 170.3 kg/hm?, respectively. The above analysis
showed that the nonlinear models (BPNN, LS-SVM, and ELM) were slightly better than
the simple linear models (PLSR and MLR) based on multiple machine learning algorithms.
The selection of advanced data mining algorithms was beneficial to improving the accuracy
of estimation models.

Table 3. The results for yield prediction using different machine learning algorithms based on the full
spectra of the UAV multispectral imaging system.

Machine Learning . Calibration Prediction
. ull Spectra Parameter ?
Algorithms Real RMSEC Ryre RMSEP
PLSR 25 7 0.7920 167.2 0.7918 179.0
MLR 25 - 0.8144 160.0 0.7880 179.8
LS-SVM 25 (4.7 x 10%, 6.8 x 10%) 0.8212 156.2 0.8005 176.3
BPNN 25 4 0.8145 158.7 0.8232 166.9
ELM 25 27 0.8066 161.8 0.8023 170.3
RBENN 25 85 0.8273 153.7 0.7750 184.5

2 Parameters: number of LVs for partial least squares regression (PLSR), (y, 02) for least squares support vector
machine (LS-SVM), number of hidden neurons for extreme learning machine (ELM), and number of neurons in the
hidden layer for back propagation neural network (BPNN) or radial basis function neural network (RBFNN). The
RMSEC and the RMSEP values are both expressed in kilograms per hectare (kg/hm?). The same applies below.
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3.4. Narrow-Band VI Extraction from the Multispectral Camera

VI has been widely used to obtain and analyze crop phenotypic information. The
RGB color VI contained a fixed band combination, while the multispectral narrow-band
VI utilized all the bands in the 600-1000 nm spectra of the best VI applicable to yield
estimation. In this study, we utilized Pearson correlation analysis, a widely employed
method for assessing the correlation between variables. Initially, we computed Pearson
correlation coefficients (r) between vegetation indices and in situ data. Subsequently, we
identified indices that exhibited a relatively strong and statistically significant correlation
for further modeling analysis [71]. The contour maps of the correlation coefficients (absolute
values) between yield and narrow-band VIs (SRI, NDVI, EVI2, OSAVI, SAVI, DVI, RDVI,
MSR, MSAVI, NDSI(px1, pa2), and RSIipa1, pa2)) using the thorough combinations of two
wavebands at A1 and A2 nm based on the UAV multispectral imaging system are plotted
in Figure 6. The intersection point in the maps correspond to the absolute value of the r
between the vegetation index calculated by the reflectance spectrum or the first derivative
of each pair of bands and the yield. The color bar shows the value of . A redder color
corresponds to a larger r, and a bluer color represents a smaller ». From the correlation
coefficient maps, the optimal band combination and the wavelength width for estimating
the yield of oilseed rape can be obtained.

ACCOI‘diI’Ig to Figure 6, for the MSAVI(R)LL RA2)s RDVI(R/\L RA2)s EVIZ(RAL RA2) and
SAVIRra1,rA2), the best correlation of the band combination is at 944 nm and 808 nm.
Additionally, the absolute values of the » were up to 0.5444, 0.5413, 0.5320, and 0.5233,
respectively. The optimal band combination obtained by DVIra1, ra2), OSAVIRA1, RA2),
SRI(R/\L RA2)/ MSR(R/\L RA2)/ and NDVI(RAL RA2) Was 871 nm and 796 nm. The absolute
values of the correlation coefficient were up to 0.4968, 0.4722, 0.4644, 0.4635, and 0.4625,
respectively. For the NDSI(p,1, pa2) and RSI(p,1, pro) of the first derivative spectrum, the
best correlation of the bands was 937 nm and 732 nm, where the absolute values of the
r were 0.5158 and 0.5115, respectively. Thus, based on these contour maps, the optimal
VIs were available for MSAVI(gogl 944), RDVI(944, 808)/ EV12(944, 808)/ SAVI(944/ 808)/ DVI(871/ 796)7
OSAVI(g71,796), SRI(871, 796), MSR (871, 796), NDVI(871, 796), RSL(D937, D732), and NDSl(pos7, p732)-
Based on the multispectral narrow-band VlIs selected above, it is necessary to verify the
correlation and perform the one-way variance test. Table 4 lists the absolute values of the r
between the eleven narrow-band VIs and yields in descending order. It can be seen that
the correlation coefficients varied between 0.463 and 0.544 (p < 0.01), indicating strong
correlations between the yield of oilseed rape and UAV imagery-based VIs. The absolute
values of all Pearson correlation coefficients were higher than 0.4, and the F-test value
corresponding to the vegetation index with a large Pearson correlation coefficient was
also larger. Therefore, the 11 preferred VIs for the above were all used for the input of the
post-machine-learning algorithms.

Table 4. The correlation coefficient between canopy vegetation index and yield of oilseed rape based
on multispectral images.

Pearson Correlation Pearson

Vegetation Index Coefficient Significance Vegetation Index Correlation Coefficient Significance
MSAVI g0g, 944 0.544 ** 0.000 DVIg71, 796) —0.497 ** 0.000
RDVI944, 808) 0.541 ** 0.000 OSAVIg71,796) —0.472 ** 0.000
EVI2(944, 808) —0.532 ** 0.000 SRlI(g71, 796) —0.464 ** 0.000
SAVI(944, 808) 0.523 ** 0.000 MSRg71, 796) —0.464 ** 0.000
RSI(pos7, D732) —0.516 ** 0.000 NDVIg71, 796) —0.463 ** 0.000
NDSI(po37, p732) —0.511 ** 0.000

Note: ** indicates significance at the 0.01 alpha level.
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Figure 6. Contour maps of the correlation coefficients between yield and narrow-band vegetation
indices using the thorough combinations of two wavebands at A1 and A2 nm based on the UAV
multispectral imaging system.

3.5. Color VI Extraction from the RGB Camera

Table 5 compiles the associations between oilseed phenotypic traits (yield) and remote
sensing indices derived from RGB imagery. Pearson coefficients (r) were calculated using
IBM SPSS software, version 29.0.2. Notably, 12 color VIs exhibited an absolute r greater than
0.5 (p < 0.01, n = 373), signifying robust correlations between field measurement data and
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UAV imagery-based indices. Furthermore, one-way analysis of variance was performed
on VIs and yield to ensure that the preferred VIs also had a higher F test value. At the
statistical significance level of sig = 0.05, the results of one-way ANOVA are shown in
Table 6. The results of VI ranking based on correlation analysis and one-way ANOVA
were not completely consistent, but the ranking results were similar. A large correlation
coefficient corresponded to a large F value. Based on the results of correlation analysis and
one-way ANOVA, and considering the simplification of the later model, the first 12 color
vegetation indices (17| > 0.5) were selected as the input of the later machine learning
models, namely CIVE, VEG, GRRI, VDVI, NGRDI, MGRVI, RGRI, VARI, COM2, NGBD],
ExG, and EXGR. Among them, CIVE had the highest correlation with r = 0.626. Most of the
color VIs were positively correlated with the yield of oilseed rape.

Table 5. The correlation coefficient between the canopy vegetation index and yield of oilseed rape
based on the RGB camera.

. Pearson Correlation C o . Pearson Correlation s
Vegetation Index Coefficient Significance Vegetation Index Coefficient Significance
CIVE —0.626 ** 0.000 VARI 0.611 ** 0.000
VEG 0.614 ** 0.000 COM2 0.609 ** 0.000
GRRI 0.613 ** 0.000 NGBDI 0.603 ** 0.000
VDVI 0.612 ** 0.000 ExG 0.599 ** 0.000
NGRDI 0.612 ** 0.000 ExGR —0.582 ** 0.000
MGRVI 0.612 ** 0.000 CcoM —0.257 ** 0.000
RGRI —0.611 ** 0.000 WI —0.024 0.646
Note: ** indicates significance at the 0.01 alpha level.
Table 6. The results of ANOVA using vegetation indices based on the RGB camera.
Vegetation F Value Significance Vegetation F Value Significance
Index Index

RGRI 2.836 0.000 VDVI 2.647 0.000

VARI 2.821 0.000 COM2 2.613 0.000

NGRDI 2.818 0.000 ExGR 2.577 0.000

MGRVI 2.817 0.000 NGBDI 2.378 0.000

GRRI 2.799 0.000 ExG 2.339 0.000

VEG 2.704 0.000 COM 1.226 0.101

CIVE 2.690 0.000 WI 0.127 1.000

3.6. Yield Prediction with VIs Using Machine Learning Algorithms

The stability of the estimation models based on a single vegetation index could have
been affected by the presence of fewer features. Compared with univariate analysis, mul-
tivariate analysis can effectively reduce the impact of samples and fluctuations between
points and can extract effective information for modeling. Therefore, based on the above-
mentioned preferred vegetation index combinations as inputs, quantitative prediction
models were established by different machine learning algorithms (PLSR, MLR, LS-SVM,
BPNN, ELM, and RBFNN), and the parameter settings were as described. Table 7 shows
the prediction results of yield based on the multispectral vegetation index, RGB and multi-
spectral VI fusion with different machine learning algorithms.

It can be seen from the table that the PLSR, MLR, LS-SVM, BPNN, ELM, and RBFNN
models have good prediction results based on the regression analysis models established
by the 11 VIs of the multispectral camera, while R, and Ry, are both greater than 0.70.
The LS-S5VM and BPNN models were superior to the others; Rpre and RMSEP of LS-SVM
were 0.7502 and 193.2 kg/hm?, respectively. BPNN performed the best according to
the comprehensive results; the Rye and RMSEP values were 0.7655 and 188.3 kg/ hm?,
respectively. Meanwhile, we attempted to establish regression analysis models with all color
VIs. The correlation coefficients for both the calibration set and the prediction set hovered
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around 0.7, suggesting a constrained contribution of RGB cameras to yield estimation.
Consequently, the main comparison of this study was between the multispectral camera
and dual sensors. Based on the quantitative models established by the fusion of VIs from
the multispectral camera and RGB camera, PLSR, MLR, LS-SVM, BPNN, ELM, and RBFNN
all achieved promising prediction results, where Ry, was greater than 0.75. Moreover, the
Reqr and Rype values of BPNN, ELM, and RBFNN were all greater than 0.80, especially for
the ELM and RBFNN estimation models. RBFNN performed best with the R,. and RMSEP
being 0.8143 and 171.9 kg/hm?, respectively. Overall, the regression models based on the
VIs of UAV-based dual sensors were better than those only using narrow-band Vls.

Therefore, multi-sensor fusion in UAV systems should be suggested for crop pheno-
typic information analysis.

Table 7. The combination of vegetation indices for yield prediction by different machine learning
algorithms based on the RGB and multispectral imaging system.

Camera Vegetation Indices Machine EW. P e Calibration Prediction
Learnin; s arameter
Sensor Type Algorithias Ra  RMSEC Ry  RMSEP
PLSR 11 6 07075 1935 07166  204.1
MSAVI(s0s, 944), RDV1(944, 508), EV12(944, 508), MLR 11 - 07216 1894 07220 2022
Multispectral ~ SAVIga4, 808), DVIs71, 796), OSAVI(g71, 796), LS-SVM 11 (4.2,22.4) 07732 1736 07502 1932
camera SRlIg71, 796), MSR(g71. 796), NDVIig71 796, BPNN 11 6 07603 1778 07655 1883
RSI "NDSI ELM 11 17 07270 ~ 1882 07149 2045
(Dsr, D732) (bsar, Dre2) RBFNN 1 103 07298 1879 07110  205.6
CIVE, VEG, GRRI, VDVI, NGRDI, MGRV], PLSR 23 4 07211  189.6 07751 1845
Multispectral KGRI VARL COM2, NGBDI, EXG, EXGR; MLR 23 - 07808 1710 07690  187.0
MSAVI ,RDVI JEVI2 , 7
camera, RGB (808, 944) (044,808), ° 1 2044, 805) LS-SVM 23 G610 7937 1667 07582 1903
camera SAVI(944, 08), DVI(871, 796), OSAVI(g71, 796), 3.8 x 10°)
SRIg71, 796), MSR(g71. 796), NDVIig71. 796, BPNN 23 6 08013 1639  0.8080 1733
RSI(pos7, p732), NDSIpos7, pra) ELM 23 71 08033 1630 08153  171.0

RBENN 23 18 0.8137 159.1 0.8143 171.9

a Parameters and abbreviations are the same as in Table 3.

3.7. Variable Selection and Model Simplification Based on GA-PLS

Excessive VIs or wavelengths are prone to multiple collinearity and overfitting prob-
lems. In order to further simplify the prediction models, the 25 bands based on the
multispectral camera and the 23 VIs based on the fusion of the multispectral camera and
the RGB camera were selected by the genetic algorithm. Prioritizing the significance of
variables is essential for variable selection and model simplification. GA-PLS achieves
this by sorting the importance of variables according to their selection frequency. As illus-
trated in Figure 7, Figure 7a depicts the frequency distribution of the selected wavelengths.
The automatically generated frequency map had two horizontal lines, which represented
different variables” modeling. The model with 18 variables was superior, so the effective
wavelengths depended on the selected frequency size and importance: 950.6, 870.7, 808.1,
859.7,796.3, 944.1, 879.8, 936.5, 827.0, 784.3, 849.1, 838.5, 955.7, 888.1, 693.1, 897.5, 914.7,
718.6 nm. It was indicated that the above 18 variables were dominant in the yield estimation
of oilseed rape. Similarly, Figure 7b indicates the frequency of the selected VIs, and the
lower horizontal line indicates that the selected characteristic VI number was 9, accord-
ing to the selected frequency size and importance, including RDVI 944, 808), EVI2(944, 808),
OSAVI(871, 796)s DVI(871, 796)s SAVI(944, 808)~ NGRDI, NGBDI, EXG, and VDVL

Different machine learning algorithms were compared with fewer variables (EWs or
VIs) selected by GA-PLS. The results are shown in Table 8. Regression models (PLSR, MLR,
LS-SVM, BPNN, ELM, and RBFNN) based on 18 EWs achieved satisfactory prediction
results, with Ry and Ry values greater than 0.78. In particular, the estimated models
of BPNN and ELM outperformed the others. Among them, BPNN manifested the best
performance, for which R, and RMSEP were 0.8114 and 172.6 kg/ hm?, respectively.
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Figure 7. Selection of effective features by genetic algorithm—partial least squares according to
smoothed frequency of selections: (a) wavelengths; (b) vegetation indices.
Table 8. The effective features for yield prediction by different machine learning algorithms based on
the RGB and multispectral imaging system.
Camera . Machine A Calibration Prediction
Sensor Type Features of Variables A%geziﬂlﬁﬁ . EWs/VIs Parameter R, RMSEC R RMSEP
PLSR 18 7 0.7855 169.8 0.7851 180.9
200.6,870.7, 808.1,8%9.7, MLR 18 - 0.7903 167.7 0.7898 1792
Multispectral 796.3,944.1, 879.8, 936.5, 48 x 10*
827.0,784.3,849.1, 838.5, LS-SVM 18 : / 0.8082 161.3 0.7995 176.8
camera 955.7,888.1, 693.1, 897.5, 6.1 x 10%)
914.7,718.6 (nm) BPNN 18 4 0.8087 160.9 0.8114 172.6
ELM 18 27 0.8052 162.3 0.8082 173.0
RBENN 18 67 0.8075 161.5 0.7984 177.0
PLSR 9 4 0.7285 187.9 0.7767 183.9
Multispectral RDVI(944, 808), EVI2944, 808), MLR 9 - 0.7536 180.0 0.7983 177.1
OSAVI] , DVI, , 6
camera, RGB (871, 796), L7 (871, 796) LS-SVM 9 @2>x10°% o750 1781 0.7870 180.9
camera SAVI(944, 808)/ NGRDL 50 X 104)
NGBD], ExG, VDVI BPNN 9 4 0.7977 165.1 0.8113 173.4
ELM 9 39 0.8125 159.6 0.8118 170.9
RBENN 9 3 0.8186 157.4 0.8002 175.2

a Parameters and abbreviations are the same as those in Table 3.

BPNN, ELM, and RBFNN models based on the nine selected VIs obtained promising
prediction results, with Ry, being greater than 0.8. Moreover, the ELM model was prefer-
able, for which Ry, and RMSEP were 0.8118 and 170.9 kg/hm?, respectively. Compared
with the models with full wavelengths, for all VIs, the performance of partial models based
on selected variables was improved, indicating that sorting the importance of variables fa-
cilitated improvements in and simplification of the estimation models of yield. The optimal
prediction models based on the full wavelengths, all the vegetation indices, selected EWs,
and selected VIs are shown in Figure 8. Overall, the performance of the optimal estimation
models based on effective variables was slightly inferior to that of the full wavelengths or
all VIs; nonetheless, the number of wavelengths was reduced by 28%, and the number of
vegetation indices was reduced by 61%. The selected variables reduced the operation time
and facilitated speed in the process of establishing the models.
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Figure 8. The scatter plot of predicted yield values vs. measured yield values: the optimal models
with full wavelengths (a) and selected EWs (c) from the multispectral camera; the optimal models
with all the vegetation indices (b) and selected VIs (d) from the dual cameras.

4. Discussion

In this study, we thoroughly examined the effectiveness of various VIs in predicting
vegetation growth conditions, expanding the research scope compared to that of previous
studies that relied solely on a single VI. Through one-way analysis of variance (ANOVA)
and Pearson correlation analysis, we identified VIs that performed particularly well in
predicting phenotypic information. This process not only improved the predictive accuracy
and efficiency of the model but also provided high-quality data input for subsequent
machine learning algorithms. Compared to traditional methods like MLR and PLSR,
we introduced advanced machine learning algorithms such as BPNN, LS-SVM, ELM,
and RBFNN. These algorithms excel in modeling nonlinear relationships, significantly

improving the accuracy and robustness of the models (see Tables 3, 7 and 8).

Notably, the application of GA-PLS for optimizing VI combinations not only signifi-
cantly increased computational speed but also further enhanced the predictive capabilities
of the models. From the optimal VI combination selected by GA-PLS, we found that the
first five variables were narrowband vegetation indices, while the last four were color
vegetation indices. This selection strategy provided strong support for a deeper under-
standing of the multidimensional characteristics of crop growth. For instance, narrowband
vegetation indices are closely related to physiological traits such as chlorophyll content and
water status. However, color vegetation indices more intuitively reflect changes in canopy
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greenness [28,72]. These findings are consistent with those of previous research, such as the
study by Zhang et al. [73], which highlighted the high sensitivity of color vegetation indices
based on RGB images in detecting canopy temperature. Similarly, the work of Haboudane
et al. [74] confirmed the significant role of multispectral narrowband VIs in reflecting crop
physiological traits.

This study further validated the dominant role of multispectral cameras in yield pre-
diction. Compared to using only RGB images, multispectral cameras can capture richer
spectral information, thereby improving the accuracy of predictions. This is also reflected
in the study by Ashapure et al. [75], where the introduction of multispectral data signifi-
cantly enhanced the monitoring of crop growth conditions. Additionally, the inclusion of
near-infrared spectral information was particularly beneficial for estimating biochemical
traits, which is consistent with the findings of Zheng et al. [76]. Although RGB imagery
offered advantages in agricultural monitoring due to its low cost and ease of acquisition, its
limited spectral bands resulted in less comprehensive reflection of crop growth and phys-
iological information [77]. Most previous studies have primarily relied on multispectral
and hyperspectral imaging technologies to extract more detailed spectral features, which
were closely related to crop physiological status and growth conditions. For instance, the
NIR band was effective for estimating crop water content and chlorophyll levels, while
the SWIR band aided in monitoring crop nutrient status [34]. In accordance with the
objectives of this paper, we employed a UAV remote sensing system equipped with both
RGB and multispectral cameras to capture more detailed spectral and image data of oilseed
rape. This approach helped improve the accuracy of estimating oilseed rape growth status
and yield, as demonstrated by Zheng, who enhanced the estimation of crop leaf nitrogen
concentration through remote sensing techniques [76]. Using the RGB and multispectral
data collected by the UAV system, we developed a series of robust predictive models such
as the RBFNN and BPNN. These models exhibited excellent predictive performance and
robustness when processing both RGB and multispectral data. Wan et al. [26] demonstrated
that integrating multi-source data with advanced modeling algorithms greatly enhances
the accuracy of monitoring crop growth conditions.

Notably, our study integrated a dual-sensor strategy combining RGB and multispectral
imaging. This fusion not only compensated for the spectral limitations of solely using
RGB imagery but also supplemented the spatial and temporal details of multispectral data
through the high spatial resolution of RGB images. This multi-source data fusion method
demonstrated broad prospects in agricultural applications. For example, Li et al. [78]
showed that models combining RGB and multispectral data outperformed single models in
crop disease detection and yield prediction. Further combinations of RGB and multispectral
data demonstrate that dual-sensor fusion results can improve yield estimation and can
also be extended to monitor growth-related characteristics in other field crops. This also
underscores the need for utilizing the commercial RGB camera mounted on a drone for
oilseed rape yield estimation. The UAV-based platform equipped with a RGB camera can
significantly reduce equipment costs compared to multispectral cameras [79]. Additionally,
RGB images with high spatial resolution can visually understand the dynamics of field crop
growth, which has been reported in previous studies [80,81]. Therefore, the above studies
demonstrated the feasibility of using micro-miniature UAV remote sensing systems based
on RGB and 25-band multispectral images to predict yield, and the great potential of this
UAV system to predict other high-throughput plant phenotypes and advanced breeding
programs in precision agriculture. In addition, multi-sensor data fusion is critical for UAV
applications and can significantly extend the phenotypic information analysis of sensors
and platforms for more crops.

5. Conclusions

We demonstrated the feasibility and potential of using data fusion from UAV-based
RGB and multispectral imagery with different machine learning algorithms to improve
yield prediction. The key findings of this research are as follows: (1) Using spectral data
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collected during the pod filling stage of oilseed rape from the multispectral camera, we
successfully developed high-accuracy and robust yield prediction models (Rpr > 0.78),
confirming the feasibility of early yield forecasting in oilseed rape fields using low-altitude
remote sensing technology. (2) Through systematic analysis and comparison of various
VIs in yield estimation, we identified the optimal VlIs for oilseed rape yield estimation and
multi-source data fusion. The inclusion of these VIs significantly improved the performance
of the prediction models (Ry, > 0.81). (3) Additionally, we found that the models based
on a fusion of data (EWs, color VIs and narrowband VIs) from dual sensors not only
improved yield prediction accuracy but also enhanced the reliability of the models in
practical applications.

It was proven that the lightweight UAV equipped with RGB and multispectral cameras
was advantageous in obtaining phenotypic information on oilseed rape. A technical
route was proposed for the low-altitude remote sensing of UAV: image acquisition, image
stitching and processing, effective wavelength or vegetation index selection, and the use
linear and nonlinear prediction models using machine learning algorithms. For future
research, it is of great importance and an urgent need to establish a universal model and a
low-altitude UAV-based remote sensing database with more characteristics and phenotypic
information related to the growth of oilseed rape in different varieties and different regions.
It is important to ensure that the analytical accuracy of the model meets the needs of
decision-making about oilseed rape breeding.
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