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Abstract: Accurate yield estimation before the wheat harvest is very important for precision manage-
ment, maintaining grain market stability, and ensuring national food security. In this study, to further
improve the accuracy of winter wheat yield estimation, machine learning models, including GPR,
SVR, and DT, were employed to construct yield estimation models based on the single and multiple
growth periods, incorporating the color and multispectral vegetation indexes. The results showed
the following: (1) Overall, the performance and accuracy of the yield estimation models based on
machine learning were ranked as follows: GPR, SVR, DT. (2) The combination of color indexes and
multispectral vegetation indexes effectively improved the yield estimation accuracy of winter wheat
compared with the multispectral vegetation indexes and color indexes alone. The accuracy of the
yield estimation models based on the multiple growth periods was also higher than that of the single
growth period models. The model with multiple growth periods and multiple characteristics had the
highest accuracy, with an R? of 0.83, an RMSE of 297.70 kg/ hm?2, and an rRMSE of 4.69%. (3) For the
single growth period, the accuracy of the yield estimation models based on the color indexes was
lower than that of the yield estimation models based on the multispectral vegetation indexes. For the
multiple growth periods, the accuracy of the models constructed by the two types of indexes was
very close, with R? of 0.80 and 0.80, RMSE of 330.37 kg/hm? and 328.95 kg/hm?, and rRMSE of 5.21%
and 5.19%, respectively. This indicates that the low-cost RGB camera has good potential for crop
yield estimation. Multi-temporal and multi-sensor remote sensing data fusion can further improve
the accuracy of winter wheat yield estimation and provide methods and references for winter wheat
yield estimation.

Keywords: UAV; remote sensing; multiple growth periods; vegetation index; color index; yield

1. Introduction

Accurate yield estimation prior to the maturity of the wheat harvest is important for
precision management, maintaining the stability of the grain market, and ensuring national
food security. Micro unmanned aerial vehicles (UAVs) are UAVs that are less than 15 cm
in size, have an endurance of 20 min to 2 h, and can carry a day/night camera. With the
development of supporting technologies, micro unmanned aerial vehicles have exhibited
improved maneuverability and decreased costs, offering advantages such as superior
coverage compared with ground machinery for single remote sensing image acquisition.
These UAVs possess high spatiotemporal resolution and efficiency [1]. Consequently, in
recent years, the application scope of low-altitude remote sensing data acquisition tech-
niques based on micro UAVs in the agricultural sector has gradually expanded, becoming
one of the primary methods for the rapid acquisition of crop information in agricultural
fields [2]. These technologies have been widely used for crop growth monitoring and yield
estimation [3-7].
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Typically, simple regression equations are used to estimate crop nitrogen content and
yield [8]. One approach is to directly use remote sensing bands as independent variables,
employing single or multiple bands as model driving factors to establish estimation models
for nitrogen content and yield. This method was applied in the earlier stages of remote
sensing applications. Another approach involves combining remote sensing bands into
various forms of indexes, often formed by combining two bands. These indexes are used to
create simple empirical models for estimating nitrogen content and yield and have become
the primary method for estimating crop information [9]. Plant type, moisture content, and
canopy characteristics have different effects on the reflected light in each spectral band [1].
Researchers from both domestic and international studies have conducted extensive re-
search and have summarized various vegetation indexes and color indexes that exhibit
strong correlations with crop nitrogen content and yield. Based on the UAV remote sensing
platform, the use of resolved images to obtain vegetation indexes and the combination of
machine learning algorithms can provide efficient and effective large-area yield estima-
tion of crops to overcome the shortcomings of traditional methods. The literature [10,11]
utilized UAVs carrying various sensors to construct yield estimation models based on
different algorithms, and the machine learning algorithms improved the accuracy of yield
estimation compared with the traditional regression methods. Machine learning has the
capability to handle multi-source and multi-type data, including multi-type remote sensing
images, weather data, soil data, crop data, irrigation data, and fertilization data [12,13]. It
can also process a large number of variables and often exhibits robust performance when
studying agricultural features through image analysis, making it a valuable tool in yield
prediction and crop growth monitoring [13,14]. Presently, some studies have successfully
employed machine learning for winter wheat yield estimation based on multi-sensor data
fusion, such as combining color and texture features [15-17], as well as color, texture, and
spectral features [18], all of which have yielded promising results. For instance, Song
et al. [18] used machine learning to combine data from multispectral sensors and RGB
cameras to estimate wheat yield at the filling stage. Their results demonstrated that the
fusion of multi-source data could effectively enhance the accuracy of wheat yield estimation
compared with the models based solely on single sensor data. Utilizing remote sensing
information from multiple growth periods of crops for yield estimation can reflect crop
growth dynamics and provide more useful information, subsequently improving yield
estimation accuracy. Research by Cheng et al. [19] found that machine learning models
built for multiple growth periods of winter wheat outperformed those constructed solely
for a single growth period in terms of yield estimation accuracy. Han et al. [20] utilized
vegetation indexes from multiple growth periods of maize for yield estimation, achieving
higher accuracy compared with the yield estimation models based on the single growth
period. Zhou et al. [21] constructed the rice yield estimation models based on visible color
indexes and multispectral vegetation indexes for multiple growth periods, respectively, and
the accuracy was higher than that in a single growth period. All the above studies estimated
yields for multiple growth periods or multi-source data. The review of the literature [22,23]
shows that the influence of multi-source data fusion with large areas and multiple time
windows on winter wheat yield estimation has been studied and the importance of each
prediction variable has been analyzed. Bian et al. [24] investigated the effect of color indexes
and multispectral vegetation indexes on the yield estimation at five key growth stages of
winter wheat at field scale and, finally, chose the color indexes, multispectral vegetation
indexes, and growth periods that have a strong correlation with yield, ignoring the effects
of multiple growth periods and other parameters on crop yield. For example, the accuracy
of the full-parameter-based RF estimation model at the filling stage was higher than that of
the RF estimation model based on the highly correlated vegetation indexes. Wan et al. [25]
used visible and multispectral vegetation indexes, plant height, and cover of the multiple
growth periods to construct the random forest-based rice yield prediction models, with
higher accuracy than the yield estimation model constructed with the single growth period
and single parameter.
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However, up to now, there has been a lack of research on the interaction between RGB
color indexes and multispectral vegetation indexes of winter wheat in multiple growth
periods, and the method that can make low-cost RGB cameras achieve the maximum
yield prediction effect needs to be further explored. In this study, a UAV remote sensing
platform carrying the RGB camera and multispectral sensors was used to acquire RGB
images and multispectral images of winter wheat at the multiple growth periods, and based
on the machine learning methods, the yield estimation models based on the color indexes,
multispectral vegetation indexes, and multispectral vegetation indexes + color indexes
at the single growth period and multiple growth periods were constructed to compare
the performances and accuracies of each model. The main objectives of this study are as
follows: (1) to analyze the correlation and change of winter wheat RGB color indexes and
multispectral vegetation indexes with yield among multiple growth periods, as well as the
effect of combining features at single and multiple growth periods on the accuracy of yield
estimation of winter wheat, to improve the accuracy of the yield estimation of winter wheat,
and to provide a basis for decision-making for precision management; (2) to compare the
accuracy of three machine learning-based yield estimation models for winter wheat and to
determine the best model for winter wheat; and (3) to explore the capability of low-cost
RGB cameras in crop yield estimation.

2. Materials and Methods
2.1. Study Area Overview

The study area is located in Jiangjiazhuang Village, Duanpolan Town, Jimo District,
Qingdao City, China (longitude range: 120°14’ to 121°07/, latitude range: 36°31’ to 36°63').
This area falls within a warm-temperate continental monsoon climate zone. The wheat
variety cultivated is Jimai 22, with sowing typically taking place in the middle to late
October, and harvest occurring in late June of the following year. The experimental area
size was approximately 0.92 ha, and the experimental area was divided into five nitrogen
fertilizer levels: deficient nitrogen, appropriate nitrogen, and excessive nitrogen, while
phosphorus and potassium fertilizers were applied at normal rates. Each fertilization
plot measured 10 m x 10 m. The normal excessive nitrogen application rate used by
farmers was 202.50 kg /ha (N5), while the appropriate nitrogen application rates were set at
180.00 kg/ha (N4), and the insufficient nitrogen application rates were set at 157.50 kg /ha
(N3), 135.00 kg /ha (N2), 112.50 kg /ha (N1). Each treatment had 14 repetitions, resulting in
a total of 70 plots (as shown in Figure 1), all of which were managed in accordance with
standard field management practices.
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Figure 1. Location of experimental area.

2.2. Data Collection
2.2.1. Remote Sensing Data Acquisition and Preprocessing

UAV remote sensing monitoring of wheat growth was conducted from 11:00 to 12:00 on
29 April 2021, at the heading stage; on 15 May 2021, at the filling stage; and on 30 May 2021,
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at the maturity stage. This monitoring aimed to obtain wheat growth trend information.
The UAV used for this purpose was the DJI Phantom 4 (as shown in Figure 2), which
was equipped with a top-mounted multispectral radiometric sensor. This sensor collected
real-time solar irradiance data and performed reflectance calibration of the UAV remote
sensing images using calibration boards. The flight path of the UAV was set in an S-
shaped pattern, with a flight altitude of 80 m, a forward overlap rate of 70%, and a side
overlap rate of 80%. The UAV was equipped with both a multispectral sensor and an
RGB visible light sensor, capable of capturing crop information in blue (B, wavelength
450 + 16 nm), green (G, wavelength 560 + 16 nm), red (R, wavelength 650 £+ 16 nm),
red-edge (RE, wavelength 730 + 16 nm), near-infrared (NIR, wavelength 840 £ 26 nm),
and RGB visible light. The images were radiometrically calibrated, orthorectified, and
stitched using DJI Terra 3.1.4 software (D]I Sky City, Shenzhen, China)to create a mosaic
of the entire study area. Subsequently, ArcGIS 10.7 software (Esri, Redlands, CA, USA)
was employed for image alignment, masking, cropping, segmentation, and calculation to
obtain various color indexes and multispectral vegetation index information.

Figure 2. UAV remote sensing system and flight path.

2.2.2. Winter Wheat Yield Determination

On 21 June 2021, winter wheat was harvested and yield was measured using a LOVOL
4L.Z-8M combine harvester produced by WEI CHAI LOVOL HEAVY INDUSTRY CO.,LTD
in Weifang City, Shandong Province, China, Which was equipped with an impact-type
yield monitor system. During the harvesting process, the yield measurement sensor was
calibrated to ensure accurate yield measurements for the entire field. The sensor had a
sampling frequency of 1000 Hz, and the harvester had a working width of 2.75 m, with a
maximum feeding rate of 8.0 kg/s.

2.3. Calculation and Selection of Color Indexes and Multispectral Vegetation Indexes

In this study, multiple vegetation indexes and color indexes were constructed for
research purposes. These include the normalized difference vegetation index (NDVI),
normalized difference red edge index (NDRE), optimal soil-adjusted vegetation index
(OSAVI), green normalized difference vegetation index (GNDVI), as well as modified
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green-red vegetation index (MGRVI), extra green-red difference index (EXGR), extra red
vegetation index (EXR), normalized difference index (NDI), visible light atmospherically
resistant vegetation index (VARI), and other indexes. The formulas for calculating each
index are provided in the Table 1.

Table 1. Multispectral vegetation indexes and color indexes.

Serial Number Index Formulas Reference
1 NDVI (NIR — R)/(NIR + R) [26]
2 NDRE (NIR — RE)/(NIR + RE) [27]
3 GNDVI (NIR — G)/(NIR + G) [28]
4 OSAVI (NIR — R)/(NIR + R + 0.16) [29]
5 LCI (NIR — RE)/(NIR + R) [30]
6 RVI NIR/R [31]
7 Clgrg NIR/RE — 1 [32]
8 SIPI (NIR — B)/(NIR — R) [33]
9 MGRVI (g2 —12)/(g% +1?) [34]
10 EXGR ExG — ExR [35]
11 EXR l4r—g [36]
12 NDI (g—1/(g+1) [17]
13 VARI (g—1)/(g+r—D) [18]
14 ExG 2g —b—r [35]
15 GLI 2g—b—-1)/(2g+b+1) [37]
16 RGBVI (g2 — br)/(g? +br) [38]

Note: B is the reflectivity in the blue band; G is the reflectivity in the green band; R is the reflectivity in the
red band; RE is the reflectivity in the red edge band; NIR is the reflectivity in the near-infrared band; r is the
normalized red index; g is the normalized green index; b is the normalized blue index.

2.4. Data Analysis Methods

Differences in fertilization levels can impact the growth and development of winter
wheat, resulting in variations in growth trends that subsequently affect final yields. Mid-
season multispectral vegetation indexes and color indexes can be used to characterize
these growth differences in crops. In this study, a significance test was used to quantify
the degree of correlation between various indexes and yield. Decision trees (DT), support
vector regression (SVR), and Gaussian process regression (GPR) were employed to construct
models for estimating winter wheat yield. Five-fold cross-validation was conducted to train
and validate the models, and the coefficient of determination (R?), root-mean-square error
(RMSE), and relative root-mean-square error (rRMSE) were used to evaluate the estimation
accuracy of the different methods.

3. Results
3.1. In-Field Measurement of Winter Wheat Yield

After calibration, the yield measurement sensor was used to harvest and measure the
yield of winter wheat across the entire field. During the harvesting operation, centralized
harvesting was performed in different areas, and the harvested yields were weighed. This
analysis was conducted to assess the field environment yield measurement accuracy of the
yield measurement sensor. Field yield measurement data are presented in Figure 3. The
sensor’s yield measurement error was less than 5%, with a relative root-mean-square error
of 3.25%, meeting the requirements for field yield measurement accuracy and field yield
mapping of winter wheat.

The correspondence between different nitrogen application treatments and yield
is shown in Figure 4, while linear, quadratic polynomial, power function, exponential,
and logarithmic regression models of nitrogen application and yield were constructed,
respectively, and the best model was the quadratic polynomial regression model (Figure 5),
with R? =0.79, and RMSE = 339.31 kg/hm?. By constructing the model of yield estimation of
winter wheat in the early season and based on the relationship between nitrogen application
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and yield model, it is possible to diagnose the nitrogen nutrition of winter wheat in mid-
season and, thus, make nitrogen application decisions.

1100
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Figure 3. Data of field test.
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Figure 4. Yield statistics based on different nitrogen fertilizer treatments.
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Figure 5. Relationship model between nitrogen application rate and yield.

3.2. Significant Analysis of the Effect of Multispectral Vegetation Indexes and Color Indexes
on Yield

The linear model and F-test were used to assess the significance of the effect of each
predictor variable at different growth periods on the yield. From Table 2, it can be seen that
there was a significant effect of different multispectral vegetation indexes and color indexes
at different growth periods on the yield. The F-test was used to rank the importance of
each index at different growth periods, and the importance ranking of each index is shown
in Figure 6.
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Table 2. Significance test of multispectral vegetation indexes, color indexes, and yield.

Heading Stage Filling Stage Maturity Stage
Parameters
F Value p Value F Value p Value F Value p Value
Model/NDVI 213.180 <0.0001 ** 140.713 <0.0001 ** 47.409 <0.0001 **
Model/GNDVI 216.379 <0.0001 ** 146.275 <0.0001 ** 55.111 <0.0001 **
Model/NDRE 176.709 <0.0001 ** 119.775 <0.0001 ** 51.462 <0.0001 **
Model/LCI 196.093 <0.0001 ** 123.689 <0.0001 ** 47.713 <0.0001 **
Modell/OSAVI 98.312 <0.0001 ** 88.011 <0.0001 ** 47.464 <0.0001 **
Model/RVI 185.758 <0.0001 ** 86.690 <0.0001 ** 23.820 <0.0001 **
Model/SIPI 104.440 <0.0001 ** 186.709 <0.0001 ** 72.952 <0.0001 **
Model/Clgg 159.583 <0.0001 ** 104.977 <0.0001 ** 43.072 <0.0001 **
Model/MGRVI 34.500 <0.0001 ** 78.490 <0.0001 ** 8.571 0.005 **
Model/EXGR 38.905 <0.0001 ** 67.754 <0.0001 ** 8.743 0.004 **
Model/EXR 30.283 <0.0001 ** 80.210 <0.0001 ** 8.264 0.005 **
Model /NDI 34.534 <0.0001 ** 78.409 <0.0001 ** 8.529 0.005 **
Model/VARI 28.617 <0.0001** 79.277 <0.0001 ** 8.755 0.004 **
Model/ExG 17.728 <0.0001 ** 50.837 <0.0001 ** 8.892 0.004 **
Model/GLIL 17.885 <0.0001 ** 51.331 <0.0001 ** 8.885 0.004 **
Model/RGBVI 12.672 0.001 ** 43.256 <0.0001 ** 8.892 0.004 **

Note: ** indicates significant at the 0.01 level.

Indexes

GNDVT at heading stage
LCI at heading stage
NDVT at heading stage
RVT at heading stage
SIPI at filling stage
GNDVI at filling stage
NDVT at filling stage

at heading stage
CI at heading stage
OSAVI at heading stage
SIPI at heading stage
NDRE at filling stage
LCI at filling stage
OSAVT at filling stage
CI at filling stage

RVI at filling stage
MGRVT at filling stage
NDI at filling stage
VARI at filling stage

EXR at filling stage
EXGR at filling stage

EXG at filling stage
GLI at filling stage

RGBVI at filling stage
RGBVT at heading stage
EXG at heading stage
GLI at heading stage
MGRVT at heading stage
NDI at heading stage
EXGR at heading stage
EXR at heading stage
VARI at heading stage

1
0 5 10 15 20 25 30 35 40 45
Importance score

Figure 6. Importance scores for each index based on the F-test algorithm.

It can be seen that the importance of multispectral vegetation indexes for yield at
different growth periods was greater than that of color indexes at the corresponding
growth periods. Among them, except for SIPI, the importance of multispectral vegetation
indexes based on near-infrared bands for yield gradually decreased between the three
growth periods. In contrast, the RGB color indexes increased and then decreased in
importance between the three growth stages. For the heading, filling, and maturity stage,
the multispectral vegetation indexes and color indexes that had the greatest impact on
yield were GNDVI and RGBVI, SIPI and MGRVI, and GNDVI and EXGR, respectively.
The importance of the two types of indexes varied considerably at the heading stage and
at the maturity stage, respectively. At the filling stage, the difference in the importance
of each type of indexes for yield was relatively small. Meanwhile, it can be seen that the



Agriculture 2023, 13, 2190

8 of 14

importance of partial multispectral vegetation indexes at the filling stage was higher than
that of partial multispectral vegetation indexes at the heading stage, and the importance
of partial multispectral vegetation indexes at the maturity stage was higher than that of
partial multispectral vegetation indexes at the filling stage. The importance of partial color
indexes at the filling stage was higher than that of partial multispectral vegetation indexes
at the maturity stage. The importance of color indexes at the heading stage was higher than
that of color indexes at the maturity stage.

These indexes can reflect the growth variations and yield characteristics of winter
wheat to some extent. Moreover, different types of indexes at different growth stages are
complementary and can be used to estimate winter wheat yield.

3.3. Yield Estimation Models Based on Multiple Growth Periods

Using the DT, SVR, and GPR methods and color indexes and multispectral vegetation
indexes at different growth periods, winter wheat yield estimation models were constructed.
Overall, the accuracy of the yield estimation models followed the order: GPR > SVR > DT.
From Table 3, it can be observed that the accuracy of the yield estimation models based on
multispectral vegetation indexes was the highest at the heading stage (R? = 0.79), followed
by the filling stage (R? = 0.78), and the lowest at the maturity stage (R? = 0.65). For the yield
estimation models based on RGB color indexes, the models constructed using color indexes
at the filling stage had the highest accuracy (R? = 0.59), followed by the heading stage
(R? = 0.53), with the lowest accuracy at the maturity stage (R*> = 0.18). In terms of yield
estimation models based on the single growth period using multispectral vegetation indexes
and RGB color indexes, the accuracy of the models based on multispectral vegetation

indexes was consistently higher than that of the models based on RGB color indexes.

Table 3. Yield estimation models based on color indexes and multispectral vegetation indexes.

SVR GPR
Index R? RMSE rRMSE R RMSE rRMSE R RMSE rRMSE
(kg/hm?) (%) (kg/hm?) (%) (kg/hm?) (%)
RGB color indexes at the multiple .o 41211 6.50 0.79 334.06 5.27 0.80 330.37 521
growth periods
RGB color indexes at the 0.49 521.09 8.22 053 502.37 7.92 053 496.89 7.84
heading stage
RGB color indexes at the filling stage 0.54 491.75 7.76 0.57 478.85 7.55 0.59 463.67 7.31
RGB color indexes at the 0.10 703.22 11.09 0.16 678.61 10.70 0.18 671.03 10.58
maturity stage
Multispectral vegetation indexesat —, 347.05 5.47 0.79 330.41 521 0.80 328.95 5.19
the multiple growth periods
Multispectral vegetation indexes at —, ¢ 354.54 559 0.78 337.32 5.32 0.79 331.82 5.23
the heading stage
Multispectral vegetation indexesat , 7, 372.53 5.88 0.77 345.37 545 0.78 343.47 5.42
the filling stage
Multispectral vegetation indexes at ) ;¢ 534.79 8.43 0.61 454.50 717 0.65 43256 6.82
the maturity stage
Multispectral vegetation indexes +
RGB color indexes at the multiple 078 336.90 531 0.82 306.41 483 0.83 297.70 4.69
growth periods
Multispectral vegetation indexes +
RGB color indexes at the 0.77 351.23 5.54 0.81 314.80 4.96 0.82 306.43 483
heading stage
Multispectral vegetation indexes +
RGB color indexes at the filling stage 0.76 354.99 5.60 078 343.42 542 0.80 321.17 5.07
Multispectral vegetation indexes +
RGB color indexes at the 0.59 462.27 7.29 0.72 386.61 6.10 0.75 363.92 5.74

maturity stage
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The accuracy of yield estimation models based on the multiple growth periods was
higher than that of the models based on the single growth period. Specifically, the yield
estimation models based on RGB color indexes at multiple growth periods showed higher
accuracy compared with the corresponding best estimation model at the single growth
period, with R? improving by 0.21. The yield estimation models based on multispectral
vegetation indexes at multiple growth periods had a slight improvement of 0.01 compared
with the corresponding best estimation model at the single growth period. The yield
estimation models based on a combination of multispectral vegetation indexes and RGB
color indexes at the multiple growth periods also showed a 0.01 improvement in accuracy
compared with the corresponding best estimation model at the single growth period. The
yield estimation models based on the various parameters and combinations at the multiple
growth periods are illustrated in Figure 7.

¥ =0.8099x + 1190
R?=0.80
RMSE=328.95kg/hm”
rRMSE=3.19%

y = 0.8049x + 1226
R>=0.83

N RMSE=297.70kg/hm>
RMSE-330.37kg/hm” . . rRMSE=4.60%
RMSE=5.21%

y=0.7593x + 1545
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Figure 7. Yield estimation model based on the multiple growth periods: (a) yield estimation model
based on the multiple growth periods and multispectral vegetation indexes; (b) yield estimation
model based on the multiple growth periods and color indexes; (c) yield estimation model based on
the multispectral vegetation indexes and color indexes of the multiple growth periods.

The accuracy of yield estimation models based on a combination of RGB color indexes
and multispectral vegetation indexes was consistently higher than that of the models
using individual types of indexes. Specifically, the yield estimation model based on the
multispectral vegetation indexes + RGB color indexes had a higher R? of 0.03 than that
of the model based on the multispectral vegetation indexes or RGB color indexes at the
multiple growth periods, respectively. At the heading stage, R?> was increased by 0.03 and
0.29, respectively; at the filling stage, R was increased by 0.02 and 0.21, respectively. At the
maturing stage, R? was increased by 0.10 and 0.57, respectively.

4. Discussion

The accuracy of the yield estimation models based on the multispectral vegetation
indexes + RGB color indexes in this study was higher than that of the yield estimation
models with the corresponding single type of indexes, and the R? was improved by
0.02-0.10 and 0.03-0.57 compared with that of the yield estimation models based on the
multispectral vegetation indexes or RGB color indexes, respectively. The accuracy of
yield estimation models based on RGB color indexes was lower than those based on
multispectral vegetation indexes. The multispectral vegetation indexes contribute more
to the models than the RGB color indexes. Near-infrared light is associated with crop
structure, moisture content, and changes in dry matter content, and it contains information
about crop physiology and structure, enabling accurate representation of crop biomass [39].
However, estimating crop information based on multispectral information from the crop
canopy has certain phenomena such as saturation of multispectral information at the later
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stages of crop growth and development, and the accuracy decreases. The correlations
between multispectral features, color features, and yield and their trends were different
during the three growth periods of winter wheat. As the growth period progressed,
the correlations between the multispectral vegetation indexes and yield were gradually
smaller, except for SIPL SIPI can minimize the confounding effects of the leaf surface and
mesophyll structure [40]. The trend of correlations between color indexes and yield was
consistent with the trend of correlation between SIPI and yield. Multiple examples in the
literature [41,42] show good correlations between color indexes and the leaf area index in
the late growing season of winter wheat. The results of this study showed that RGB color
indexes at the filling stage had a strong correlation with yield, and models constructed
based on RGB color indexes at this stage outperformed those built at the heading and
maturity stages, which is consistent with previous research findings [43]. Studies on the
topic in the literature [44] demonstrate that texture features and color features are effective
in improving the saturation problem of vegetation indexes under high-density canopies.
The research [17] has shown that combining wheat color indexes with texture features
can improve the correlation between the combined features and wheat biomass and yield.
Additionally, the research [18] has demonstrated that combining multiple sensors and
parameters can enhance yield estimation accuracy. Multi-source mapping feature fusion
can reduce the canopy structure effect and multispectral indexes saturation problem so
as to retain more detailed information of the image and improve the ability of mapping
data to be used for monitoring crop growth changes [39]. Xue et al. [26] reviewed over
100 vegetation indexes and emphasized the need to consider and analyze the advantages
and limitations of existing vegetation indexes in practical applications, applying them
selectively in specific environments.

Furthermore, yield estimation models based on multiple growth periods consistently
outperformed those based on a single growth period, which aligns with the findings
of previous studies [19,20]. In this study, the accuracy of the yield estimation model
based on the RGB color indexes of the multiple growth periods improved more than the
accuracy of the yield estimation models for the single growth period, and the R? increased
by 0.21 compared with the optimal single growth period yield estimation model, which
indicated that the color characteristics of different growth periods of winter wheat were
more complementary for the yield estimation. In contrast, the yield estimation model
based on the multispectral vegetation indexes at the multiple growth periods had a smaller
improvement in accuracy than the single growth period yield estimation model, with an
increase of 0.01 in R?, which was due to the redundancy of information in multispectral
vegetation indexes in different growth periods, and the complementarity was smaller.
Moreover, the accuracy of the yield estimation model based on the multiple growth periods
and RGB color indexes was similar to that of the yield estimation model based on the
multispectral vegetation indexes with multiple growth periods, with R? of 0.80 and 0.80,
RMSE of 330.37 kg/hm? and 328.95 kg/hm?, and rRMSE of 5.21% and 5.19%, respectively,
which indicated that the low-cost RGB camera had a good potential for winter wheat
yield estimation.

Numerous factors influence winter wheat yield, and complex nonlinear relationships
exist among multispectral vegetation indexes, color indexes, and these factors. Machine
learning is capable of handling multi-source and multi-type data, capturing the nonlinear
relationships between crop yield and its influencing factors. Given the relatively small
sample size in this study and the presence of multiple parameters for both single and mul-
tiple growth periods, GPR-based yield estimation models exhibited higher accuracy. GPR
models are suitable for addressing small-sample, high-dimensional, nonlinear problems
and can overcome issues associated with empirical algorithms. Unlike empirical models,
Gaussian process regression does not require explicit assumptions about the relationships
between yield and various modal parameters. Instead, it autonomously learns the function
form from the data and offers high flexibility in feature selection [45]. It can effectively
exploit high-dimensional features from input data and adapt well to multidimensional
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nonlinear relationships. Moreover, it has the ability to predict and analyze uncertainty in
new data. In recent years, GPR has been proven to achieve high accuracy in small-sample
feature research [44,46]. For example, the literature [24] describes utilizing six machine
learning methods including GPR, SVR, and RER to construct yield prediction models, and
the results showed that the yield estimation model constructed based on GPR had the
highest accuracy. SVR models exhibit good adaptability when handling issues such as
collinearity, small samples, nonlinearity, and overfitting, which enhances the accuracy of
yield estimation models. However, one limitation of SVR models is that the selection of
kernel functions and relevant parameters is often based on empirical knowledge, limiting
the constructed models to some extent [47]. DT models can represent complex nonlinear re-
lationships and feature relationships, with strong interpretability. However, they are prone
to overfitting, are sensitive to minor changes in input data, and exhibit model instability. In
this study, the DT-based yield estimation model exhibited the lowest accuracy.

As high spatial and temporal resolution remote sensing data have presented obvious
big data characteristics, crop growth monitoring and yield estimation based on deep
learning have become one of the important means to guide agricultural production, and
are superior to other traditional image processing techniques [48,49]. Field-scale high-
resolution remote sensing images contain rich and complex detail features, and deep
learning can extract both local and global spatially dependent features. Compared with
traditional methods that can only capture local spatial correlation, deep learning can further
improve the yield estimation accuracy. In the future, we will utilize the impulse yield
measurement system to obtain high spatial resolution data of yield and combine it with
remote sensing images to construct a yield estimation model using deep learning.

5. Conclusions

In this study, machine learning models, including GPR, SVR, and DT, were employed
to construct yield estimation models based on the single and multiple growth periods,
incorporating color and multispectral vegetation indexes. Overall, the performance and
accuracy of the yield estimation models based on machine learning were ranked as follows:
GPR, SVR, DT. The combination of color indexes and multispectral vegetation indexes
effectively improved the yield estimation accuracy of winter wheat compared with the mul-
tispectral vegetation indexes and color indexes alone. The accuracy of the yield estimation
models based on the multiple growth periods was also higher than that of the single growth
period models. The model with multiple growth periods and multiple characteristics had
the highest accuracy, with an R? of 0.83, an RMSE of 297.70 kg/hm?, and an rRMSE of
4.69%. For the single growth period, the accuracy of the yield estimation models based
on the color indexes was lower than that of the yield estimation models based on the
multispectral vegetation indexes. For the multiple growth periods, the accuracy of the
models constructed by the two types of indexes was very close, with R? of 0.80, RMSE
of 330.37 kg/ hm? and 328.95 kg/ hm?, and rRMSE of 5.21% and 5.19%, respectively. This
indicates that the low-cost RGB camera has good potential for crop yield estimation. Multi-
temporal and multi-sensor remote sensing data fusion can further improve the accuracy
of winter wheat yield estimation and provide methods and references for winter wheat
yield estimation.
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