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Highlights

¢ A structured framework to identify the optimal phenological periods for summer maize yield prediction using unmanned
aerial vehicle (UAV)-based multispectral data was proposed.

¢ The tasseling stage is the earliest suitable period for maize yield prediction.

¢ Integrating data from the tasseling, silking, and dough stages is better than either mono-temporal or full-temporal data.

Abstract

Timely and accurate forecasting of crop yields is critical for food management and trade. However, only limited research
has explored the impact of integrating crop phenotypic parameters (CPPs) with unmanned aerial vehicle (UAV) data across
different phenological stages on maize yield prediction. The extent to which multi-temporal data enhances the accuracy
and reliability of yield projections compared to mono-temporal data has yet to be systematically investigated. To attain
the proper balance between accuracy and cost in crop yield estimation, this study proposed a structured framework for
identifying the optimal phenological periods for summer maize yield prediction using UAV-based multispectral data. Three
classical methods of custom mean decrease accuracy (C-MDA), optimal parameters-based geographical detector (OPGD),
and grey relational analysis (GRA) were first used to sort and screen both the CPPs and vegetation indices (VIs) derived
from UAV-based information over six growth stages. Ridge regression models based on multi-temporal data combinations
and mono-temporal data were established separately, and their performance in yield prediction were compared to identify
the optimal phenological stages and the corresponding key factors. Our results showed that C-MDA was much better at
factor screening and ranking compared to OPGD and GRA. The green normalized difference vegetation index (GNDVI),
normalized difference vegetation index (NDVI), and normalized difference red edge index (NDRE) emerged as the top-
performing VIs, while the leaf area index (LAl) and above ground biomass (AGB) proved to be the most effective CPPs.
When predicting yield using only mono-temporal data, the dough stage delivered the highest predictive accuracy (R°=0.871,
RMSE=0.407 t ha™'), while the tasseling stage was the earliest that achieved yield estimates with acceptable precision
(R?=0.810, RMSE=0.493 t ha™). In contrast, the integration of UAV data from different crop growth stages markedly
enhanced the accuracy of yield estimation. Combinations of data from the tasseling, silking, and dough stages were
recommended as the best option (R°=0.942, RMSE=0.291 t ha™). These findings indicate that the precise estimation of
maize yields in smallholder fields may be attainable, and present both substantial theoretical insights and practical benefits
for the advancement of precision agriculture.
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1. Introduction 1992; Khaki and Wang 2019). Despite comprising over
The accurate prediction of grain crop yield is pivotal 80% of farms worldwide, small and medium-sized farms
for the development of informed food policies and the often encounter substantial obstacles in achieving food
strategic management of agricultural practices (Horie et al. security. Accurate yield prediction for these plots can assist
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agricultural producers in the early identification of low-yield
areas due to issues such as crop insects and plant diseases
or improper water and fertilizer management, enabling the
timely implementation of intervention measures to support
effective agricultural management practices (Samberg et al.
2016). Destructive sampling of field crops at multiple scales
is a common technique in traditional yield data collection,
with the goal of directly obtaining detailed information on
crop performance parameters (CPPs). However, the labor-
intensive nature, high costs, and susceptibility to variability
due to human error when using these methods hinder their
widespread application at a regional scale (Khanal et al.
2018). Recent advances in remote sensing technology
have highlighted its potential as a rapid and efficient method
for crop yield prediction. Nevertheless, implementation is
challenging due to its susceptibility to weather-related factors
and limitations in spatial resolution (Zhou et al. 2017; Schut
et al. 2018; Maimaitijiang et al. 2020).

Numerous scholars have harnessed satellite remote
sensing techniques to achieve precise crop yield forecasts
(Huang et al. 2016; Guan et al. 2017). Nevertheless, the
effectiveness of satellite-based observations is inherently
limited by the fixed revisit cycle of satellite platforms, which
constrains their ability to obtain flexible and timely data during
critical stages of crop development. Furthermore, the intrinsic
constraints posed by the resolution of satellite remote sensing
data often limit the accuracy of any predictive modeling
efforts. While satellite-based observations achieve high
accuracy at broader spatial scales, they often cannot provide
a detailed representation of dynamic changes at finer spatial
resolutions (Bian et al. 2022). The high spatial resolution and
operational agility of unmanned aerial vehicle (UAV) remote
sensing technologies facilitate frequent and high-quality
crop imagery acquisition in field trials, so they are highly
effective for crop yield prediction applications. Physiological
changes in crops during different phenological stages lead
to significant differences in the spectral characteristics of the
crop canopy, which are captured in the vegetation indices
(VIs) used for yield prediction (Dee et al. 2018; Yang et al.
2024). In the early phenological period, the remote sensing
signals are weaker due to the sparser crop canopy, so they
are susceptible to interference from external environmental
factors (e.g., shading, soil background, etc.) (Liu et al. 2023).
The mid-phenological stage is a critical growth phase, in
which photosynthesis is significantly enhanced, the canopy
density increases, and the remote sensing signals become
stable and clear. At this stage, remote sensing data can
more accurately reflect the growth status of the crop, and
the reliability of yield prediction is higher (Fu et al. 2024). In
the late phenological stage, the accuracy of yield models
decreases due to the natural senescence of leaves and the
reductions of chlorophyll content and photosynthetic activity.
However, as the crop mainly focuses on reproductive growth
during this period, it provides valuable data for final yield
estimation (Zhang M et al. 2022).

Recent studies have proven the utility of leveraging data
collected from a limited number of growth stages as sample
inputs for yield forecasting models. For instance, Gilliot et al.
(2021) gathered UAV images taken 126 days post-seeding

and found that using UAV data enhanced the precision
of predicting maize yield by 15% compared to estimates
obtained through manual field sampling. de Villiers et al.
(2024) used data from four phenological periods to identify
UAV-based calculations of VIs and grey-level co-occurrence
matrix (GLCM) textural variables as the key indicators for
predicting maize yield. Given the limited number of growth
stages in these studies, whether the inclusion of data from
additional growth stages could yield superior modeling
outcomes is not known. Moreover, an extensive body of
research has investigated crop yield prediction using data
spanning the entire growth cycle of the crop. For example,
Wan et al. (2020) used UAV image data of the whole growth
stage to form a random forest forecasting framework for
grain yield, and determined that the combination of multi-
temporal normalized difference vegetation index (NDVI),
normalized difference yellowness index (NDYI), canopy
height, and canopy cover yielded the most accurate
predictions for grain yield. Ma et al. (2022) showed that the
highest accuracy in estimating cotton yield using the RF_ELM
Model was achieved by adding textural features to the use
of VlIs. Although monitoring the entire crop growth cycle can
potentially provide a more comprehensive evaluation of crop
conditions, this approach requires substantial investments in
terms of time, effort, and financial resources. Consequently,
the identification of suitable variables and critical growth
stages is essential for the development of practical and
effective crop yield prediction models.

Different feature selection methods can provide various
perspectives and computational strategies when selecting the
appropriate variables and key growth stages. These methods
help to identify the most influential factors for crop yield
prediction in multivariate and complex systems (Yang et al.
2022). Optimal parameters-based geographical detector
(OPGD) measures the importance of variables by quantifying
the explanatory abilities of various factors in geographic
spatial data for target variables and is suitable for revealing
the spatial heterogeneity between the two (Qiao et al. 2022).
However, the g-value is dependent on spatial unit division,
which may lead to information loss (Yang L et al. 2024).
GRA assesses the importance of variables by measuring
the similarity between them, and although it is suitable for
complex system analysis, it lacks significance testing and
has weak capabilities for processing spatial data (Ikram
et al. 2020). MDA ranks variables by evaluating their impact
on model prediction accuracy. Custom mean decrease
accuracy (C-MDA) was developed on this basis, and it allows
customized accuracy degradation calculation based on the
specific problem and can be adapted to different objective
functions. However, it has high computational complexity and
may be influenced by model selection (Bénard et al. 2022).

To obtain precise crop yield forecasts, a diversity of
modeling approaches has been employed. With a better
understanding of crop physiological and ecological processes
and the continuous development of computer technology,
research on crop modelling has gradually emerged. Crop
models facilitate the quantitative description and prediction
of crop growth and development processes, along with their
dynamic interactions with the environment and technology,
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enabling the analysis of yield variations under different
scenarios. For example, Wanthanaporn et al. (2024) used
the World Food Studies Crop Model to forecast rice yields
in mainland Southeast Asia. Among the variables included
in their study, they found that temperature exerted the most
significant influence on yield predictions. Richetti et al. (2024)
demonstrated the efficacy of the APSIM Next Generation
Crop Model in predicting spatiotemporal variations in wheat
yields at the national, state, and agroecological scales. Crop
models can simulate the growth processes of various crops
in different regions. However, they often involve complexity
and require substantial input data such as meteorological
factors, soil properties, crop breeds, and agricultural
management techniques (Lecerf et al. 2019). Therefore,
compared to process-based crop models, statistical models
have proven more effective in large-scale yield prediction,
so they have achieved broader applications. The simplicity
of regression models in statistical modeling also drives their
applicability (Gong et al. 2018; Paudel et al. 2023; Sharma
et al. 2024). For example, Yuan et al. (2021) used a bilinear
spectral mixture decomposition model, combined with the
product of abundance and Vls, to provide a more accurate
prediction of rice yield. In addition, machine learning and
deep learning algorithms have garnered significant attention
from researchers for their advanced capabilities in modeling
complex relationships and conducting efficient computations
(Sun et al. 2020; Paudel et al. 2023). However, the
current machine learning yield prediction methods tend to
emphasize variations in modeling accuracy across various
machine learning algorithms, yet there are few systematic
investigations into the selection of dominant control variables
across these algorithms. Recently, Sapkota and Paudyal
(2023) reported that when estimating maize yield in the hilly
regions of Nepal, the green-red vegetation index (GRVI)
emerged as the pivotal parameter. Research by Devkota
et al. (2024) demonstrated the exceptional efficacy of using
the ratio of vegetation index (RVI) and NDVI in predicting
wheat yield.

Therefore, the novelty of this study lies in simplifying the
modeling dataset for the yield prediction model in terms of
both the phenological period and its corresponding input
control variables, which significantly reduces the detection
cost. In addition, the removal of potentially redundant data
can both lower the expenses and enhance the prediction
accuracy of the resulting model. In this study, VIs were
extracted from UAV-based multispectral imagery, and the
three CPPs of plant height (PH), leaf area index (LAIl), and
above-ground biomass (AGB) were measured in situ for
the purpose of model construction. To improve the model’s
precision and robustness, these CPP indicators were filtered
and ranked using the OPGD, GRA, and C-MDA methods.
Ridge regression models, known for their ability to manage
multicollinearity and mitigate overfitting, were employed for
both mono-temporal and multi-temporal yield estimation tasks
(Hoerl and Kennard 1970). Ultimately, the objective of this
study was to achieve a significant reduction in the various
cost inputs associated with agricultural practices by optimizing
the scheduling of UAV observations and developing a
streamlined and efficient model for yield estimation. The goal

was to answer the following questions: (1) Which specific
factors effectively enhance the performance of the maize yield
prediction model? (2) Which growth stage of maize is the
optimal observation period for yield prediction, considering
both lead time and/or accuracy? (3) Compared to mono-
stage observations, does maize yield prediction benefit more
from combined observations at multiple stages? Hopefully,
this study can provide guidance on the accurate prediction of
maize yield.

2. Materials and methods

In this study, information derived from six growth stages of
maize were systematically collected, encompassing the Vls
obtained via UAVs and CPPs acquired through ground-based
experiments. Subsequently, the three methods of OPGD,
GRA, and C-MDA were used to screen the characteristic
variables. Based on mono-temporal data, a ridge regression
model was constructed to forecast maize production. Then,
based on the selected C-MDA method, the multi-temporal
data were screened for characteristic variables, and the
model was built. The precision of the constructed model was
evaluated by the Taylor diagram and Kling-Gupta efficiency
(KGE). The main analytical process is illustrated in Fig. 1.

2.1. Study area

The research area is located in the Haiwuhuangjia Modern
Agricultural Demonstration Park in Shaanxi Province, China
(108°03°E, 34°21°'N). This region experiences a temperate
semi-humid monsoon climate, with an annual average
temperature of 12.9°C and precipitation of 596.8 mm. To
demonstrate the applicability of the research method in
the Guanzhong Plain of Shaanxi Province, no artificial
adjustments were made to water management or fertilization
throughout the entire crop-growing period. Instead, farm
workers followed the farm’s standard cultivation practices to
uniformly carry out sowing, fertilization, irrigation, pest control,
and harvesting across the entire planting area.

The maize was sown between June 20 and June 27, 2023
and harvested on September 16, 2023. The variety used
was Yanke 288, with a row spacing of 0.7 m, plant spacing
of 0.3 m, and a planting density of 48,000 plants ha™. Four
typical areas, called A, B, C, and D, were selected for the
experiment. Fields A and B were located in the east-west
direction of a branch canal, while fields C and D were on one
side of a lateral canal. The areas of fields A, B, C, and D
were approximately 12,167, 12,920, 7,040, and 10,764 m?,
respectively.

2.2. Data collection

UAV multispectral image collection A DJI Mavic 3
multispectral UAV platform (Xi'an DJI Technology Co., Xi'an,
China) was employed to capture images of maize. The
multispectral imaging system included four key spectral
bands, i.e., the green, red, red edge, and near-infrared bands.
The maize images were acquired at the six-leaf, tasseling,
silking, blister, milking, and dough stages (i.e., days of year
(DOY) 201, 214, 222, 231, 242, and 250, respectively).
Image data were collected between 10:00 and 14:00 local
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Fig. 1 Main analytical process of this study. NDVI, normalized difference vegetation index; NDRE, normalized difference red edge
index; RVI, ratio of vegetation index; MSR, modified simple ratio; LAI, leaf area index; UAV, unmanned aerial vehicle.

time in bright and unclouded weather conditions with minimal
wind interference. The UAV was flown at a height of 40 m
above the ground, achieving a ground spatial resolution of
2 cm. Flight missions were conducted with a forward overlap
of 85% and a side overlap of 75% to ensure comprehensive
coverage and data acquisition.

Determination of maize grain yield Maize yield was
assessed by harvesting one square meter of mature plants
at the time of maturity. The plants were then threshed,
cleaned, and dried to a constant weight. Grain yield (t ha™)
was subsequently calculated by dividing the dry weight by the
harvested area.

CPPs and VIs Three CPPs and nine Vls, totaling 12
indicators, were used in this study for yield estimation
(Table 1). Sampling points were set evenly within the four
fields, and three maize plants with uniform growth were
randomly selected for plant height measurements in an
area of 1 m? around each sampling point. To ensure the

representativeness of the samples and avoid sample loss,
three additional maize plants of similar size to those in the
original area were selected outside the area for cutting. The
length and maximum leaf width of all leaves were measured
and combined with planting density to obtain LAI, and all
above-ground material was then dried and weighed to
obtain AGB. Spectral indices were calculated using the
multispectral images acquired by a UAV in an area of 1 m?
around the sampling point, excluding the soil background, by
applying the formulas in Table 1.

2.3. Analysis methods

OPGD model This study used the “GD” package in R for
computation. This package allows for the comparison of
g-values obtained from different discretization methods,
including the equal interval, natural breaks, quantile,
geometric, and standard deviation methods, and it
automatically selects the method that yields the highest
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Table 1 Crop phenotypic parameters (CPPs) and vegetation indices (VIs)

Indicator

Calculation method

Reference

Plant height (PH)

Leaf area index (LAI)

Above ground biomass (AGB)

Normalized difference vegetation index (NDVI)
Ratio vegetation index (RVI)

Green normalized difference vegetation index
(GNDVI)

Modified simple ratio (MSR)

Modified soil adjusted vegetation index
(MSAVI)

GNDVI=(Ryr—Re)/(Rur+Ro)

MSR=(Ryr/Re=1)/ |/ (Rur/Rr)+1 ]

MSAVI=[2RN,R+ 1= 2Ry *+1)~8(Rur—Re) ]/2

Described in the text -
Described in the text
Described in the text -
NDVI=(R,

Zhai et al. (2024)

NIR_RR)/(R

RVI=R, /R,

+Ry) Rouse et al. (1974)
Schuerger et al. (2003)
Gitelson et al. (1997)

NIR

Chen (1996)
Qi et al. (1994)

Modified non-linear vegetation index (MNLI) MNLI=[1.5(R2 .—R)V(R% ;+R;+0.5) Peng et al. (2003)
Non-linear vegetation index (NLI) NLI=(R2 -—R)/(R2 .+ Rg) Goel and Qin (1994)
Optimization soil adjusted vegetation index OSAVI=(R, i—R)/(Rg+R:+0.16) Rondeaux et al. (1996)
(OSAVI)

Normalized difference red edge index (NDRE) NDRE=(R, x—Rze)/(RygtRge) Voitik et al. (2023)

g-value and the most optimal partitioning effect for geographic
detector analysis. In other words, this package facilitates
the identification of the best combination of spatial data
discretization methods, spatial hierarchical breakpoints, and
spatial scale parameters (Song et al. 2020). The OPGD
model encompasses factor, interaction, risk, and ecological
detection. Our investigation predominantly employed the
factor and interaction detectors. The g-value was determined
using the following equations:
L

2Noh gew
q=1-— =1- (1)
No’ SST
L
SSW= Y N,0;, SST=No? (2)
h=1

where h=1, ..., L is the strata for variable Y or factor X; N, and
N are the numbers of units in stratum h and the whole region,
respectively; o2 and o are the variances of the variable Y
for stratum h and the whole region, respectively; and SSW
and SST represent the within-group sum of squares and the
overall sum of squares, respectively. The g-value ranges
from 0 to 1. A higher g-value indicates that the independent
variable X provides more interpretive ability for feature Y.
Interaction detection evaluates if the impacts of variables X1
and X2 on Y are independent or if they synergize to enhance
or diminish the explanatory capability of the dependent
variable Y. Potential interactions between the factors can be
classified as shown in Table 2.

Grey relational analysis (GRA) method The GRA method
evaluates the levels of correlation among system factors by
examining the congruity between geometric configurations
in data series and curve forms (Li et al. 2021). In this study,
mean normalization was employed as the dimensionless
treatment method. A smaller resolution coefficient
corresponds to greater resolution, with optimal resolution
achieved when the coefficient is <0.5463. Therefore, the
resolution coefficient was set to 0.5 in this study. The primary
procedural steps of GRA are delineated as follows:

(1) The comparison sequence (evaluation objects) and
the reference sequence (evaluation criteria) were identified.
In scenarios involving m evaluation objects and n evaluation
indicators, the comparison sequence is defined as:

Table 2 Types of interactions

Judge theorem

qa(XiNX3)<Min(g-X;,q-Xz)
Min(g-X,,q-X,)<q(X,NX,)<Max(g-X,,q—X,)

Interaction
Nonlinear weakening
Single-factor nonlinear

attenuation
q(X;NX,)>Max(g—X;,g—X3) Double-factor
enhancement
a(XiNX3)=(g—X1)+(g—Xz) Independence

q(XiNX5)>(g—X,)+(g—X5) Nonlinear enhancement

xi(1) - xa(1) -~
Xi(2)  x3(2) = Xn(2)

XXX (3)

xi(n)  x(n) -
The reference sequence is:
X5=(x5(1), X5(2), *+, X5(n))" (4)
(2) Data standardization uses two commonly applied

methods: initialization and equalization. In this study,

equalization was employed for the standardization process.
(3) The correlation coefficient was calculated as:

_ min; min,|xo(k)—x(k)|+pmax; max, [xo(k)—x(K)|
[Xo(k)—x(K)|+pmax; max, |Xo(k)—x,(k)|

®)

i

where ¢(k) is the relative difference between the comparison
sequence and the reference sequence for the kth indicator;
and p is the resolution factor, generally taken as 0.5.

(4) The weighted average of the correlation coefficients
between each indicator and its corresponding element in the
reference sequence was calculated. This aggregate measure
is termed the correlation degree, denoted as:

ri=,:7— é W(k)E(K) (6)

where W(k) is the weight that corresponds to the value
of each indicator, which can be determined using the
hierarchical analysis method, the expert scoring method, or
the composite scoring method.

C-MDA method MDA serves as a feature selection technique
within machine learning frameworks like random forests
(Breiman 2001). Referring to the MDA method in that study,
this study used the C-MDA method. This method denotes the
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average change in both the root mean square error (RMSE)
and the correlation coefficient (CC) when individual indicators
are sequentially excluded from the model, relative to the
complete set of indicators used for model construction.
Construction of predictive models: ridge regression The
ridge regression method is a biased estimation technique
for analyzing multicollinear data that was initially proposed
by Hoerl and Kennard (1970). It uses L2 regularized weight
decay to address instability in the ordinary least squares
estimation caused by multicollinearity in independent
variables, with the aim of streamlining the model and
enhancing its robustness (Dar et al. 2023).

Model accuracy evaluation To comprehensively assess
the yield prediction capability of the model, a Taylor diagram
was employed to showcase the model results, with KGE
and the coefficient of determination (R?) being used as
evaluation metrics. Taylor diagrams are widely used in
model evaluation, with critical evaluation metrics including
correlation coefficient (CC), standard deviation (SD), and
RMSE (Taylor 2001). KGE integrates three factors between
the modeled and observed data: CC, RMSE, and variability,
so it is more comprehensive and accurate than any single
metric for assessing model performance (Knoben et al.
2019). The closer KGE is to 1, the more effectively the model
performs. KGE was calculated as follows:

obs IJobs
where 0, is the standard deviation of the observed data, oy,
is the standard deviation of the model, yg, is average of the

KGE=1— J (cc_1)2+(h—1 )2+( “841)2 7)

Variables
I
B A
[ AcB
[ nowi
[ JrRv
[_]oenNovi

R —— P MSAVI
o — 0504 | 1
: ' : : 6 0,655 ] ML
oS 07, I N
Qfl 99 "q N / ey _:
«95 (\} ook 0'66‘5 I osAvi
P 70, Il NoRE
o - Oy 6g
- o * Significant

Fig. 2 g-values and significance of variables during six growth
stages. V6, six-leaf stage; VT, tasseling stage; R1, silking stage;
R2, blister stage; R3, milking stage; R4, dough stage. PH, plant
height; LAI, leaf area index; AGB, above-ground biomass; NDVI,
normalized difference vegetation index; RVI, ratio of vegetation
index; GNDVI, green normalized difference vegetation index; MSR,
modified simple ratio; MSAVI, modified soil adjusted vegetation
index; MNLI, modified non-linear vegetation index; NLI, non-linear
vegetation index; OSAVI, optimization soil adjusted vegetation index;
NDRE, normalized difference red edge index.

model, and ., is average of the observed data.

3. Results

3.1. Relationship between mono-temporal data and
maize yield

OPGD analysis results The effects of the 12 factors
on maize yield varied across the six growth stages, with
their corresponding g-values presented in Fig. 2. Overall,
AGB, NDVI, RVI, and modified simple ratio (MSR)
consistently showed high g-values (>0.460) across all
stages, underscoring their robust interpretive efficacy for
maize yield. During the six-leaf stage, all factors displayed
g-values exceeding 0.500 except for modified soil adjusted
vegetation index (MSAVI) (g=0.418). Notably, NDVI and
GNDVI significantly influenced the yield in this stage (P<0.05).
As the maize progressed through the tasseling, silking, and
dough stages, four factors retained statistical significance,
while MSR was the sole factor demonstrating significance
during the milking stage. At the blister stage, various factors
showed notable g-values for maize yield, including MSR and
NLI at 0.690 each and NDVI at 0.732. However, the g-values
for the blister stage did not meet the significance threshold,
thereby limiting its explanatory power regarding yield.

The contribution proportions of the g-values for 12 factors
across various growth stages of maize are shown in Fig. 3.
At the six-leaf stage, NDRE exhibited the highest proportion,
while NDVI dominated at the blister stage. During the
milking stage, NLI and OSAVI each represented the highest
proportion at 10.984%, while MSR demonstrated the greatest
contribution during the dough stage. LAl during the tasseling
stage and AGB during the silking stage had the highest
g-value contributions in their respective growth periods and
were found to be statistically significant (Figs. 2 and 3). This
implied that these two factors are the most critical for maize
yield during the tasseling and silking stages, respectively.
At the tasseling stage, there was a notable reduction in the
contribution rate of PH, while LAl was exactly the opposite
during this stage. The contribution rate of AGB in each period
was greater than 8%, with NDVI and RVI exhibiting highly
consistent trends. GNDVI generally decreased throughout
the whole stage, while MSR, MSAVI, and NLI showed overall
increasing trends. OSAVI displayed increasing volatility in
general, with changes presenting a complex pattern. The
contribution rates of NDVI and NDRE decreased to their
lowest levels in the milking stage, while modified non-linear
vegetation index (MNLI) was exactly the opposite.

The variation in explanatory power of maize yield due to
interactions between pairs of factors (increasing, decreasing,
or independent of each other) is shown in Fig. 4. At the six-
leaf stage, the double-factor enhancement type predominated,
highlighting the effective synergistic enhancement of yield
explanatory power by multiple factors. The minimum
interaction explanatory power recorded during this period was
0.513, with only AGBNNDRE exhibiting nonlinear attenuation.
During the tasseling stage, the proportion of single-factor
nonlinear attenuation types increased. Of the seven sets of
factors exhibiting nonlinear weakening, six demonstrated an
explanatory power less than 0.050. The percentage of double-
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factor enhancement was higher during the silking stage than
in the remaining five growth stages, and the interpretive power
of the interactions between AGB and multiple factors even
exceeded 90%. The blister stage exhibited four co-interaction
types, with the explanatory power of LAINRVI reaching as high
as 0.994. At the milking stage, NDVINNDRE, RVINNDRE,
and GNDVINNDRE all exhibited nonlinear enhancement. In
these three sets of data, the interactions between the two
factors notably boosted the yield explanation, surpassing the
combined interpretive power of the individual factors involved.
The yield explanatory power of PH for the dough stage was
enhanced through its interactions with the other 11 factors.
The only instance of nonlinear enhancement observed at this
growth stage also appeared in the co-interaction of PHNLAL.
Results of GRA Grey correlations among the 12 indicators
and maize yield across the six growth stages revealed
correlation coefficients ranging from 0.510 to 0.865 (Fig. 5).
The maximum values of the correlations during the six growth
stages corresponded to GNDVI, GNDVI, PH, PH, PH, and
PH, respectively, indicating a high degree of synchronization
between these two indicators and maize yield. Throughout
all growth stages, PH and MSAVI consistently demonstrated
correlations with yield exceeding 0.650, while OSAVI
consistently surpassed 0.720. Notably, NDVI and GNDVI
consistently exhibited correlations exceeding 0.750 across all
six growth stages, underscoring their robust association with
yield and highlighting their pivotal role as significant variables
in yield estimation.

3.2. Maize yield estimation based on mono-temporal
data

Screening the mono-temporal feature variables The
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Fig. 3 Contribution proportions of the g-values of variables
in different stages. PH, plant height; LAI, leaf area index; AGB,
above-ground biomass; NDVI, normalized difference vegetation
index; RVI, ratio of vegetation index; GNDVI, green normalized
difference vegetation index; MSR, modified simple ratio; MSAVI,
modified soil adjusted vegetation index; MNLI, modified non-
linear vegetation index; NLI, non-linear vegetation index; OSAVI,
optimization soil adjusted vegetation index; NDRE, normalized
difference red edge index.

outcomes of feature variable selection for the six growth
periods employing the OPGD, GRA, and C-MDA methods
are shown Figs. 6-8. Each method used the top-ranked
variable from each stage to standardize the importance of the
other variables. The OPGD analysis outcomes indicated that
MSR and NLI consistently demonstrated elevated importance
values throughout the four phenological periods spanning
from the silking to the dough stages. This underscores
their significant association with yield, which suggests a
pronounced correlation between these variables and crop
productivity. The GRA method, focusing on the synchronized
variations of indicators with yield, identified PH as the
predominant factor throughout the four phenological periods
spanning from the silking to the dough stages. Concurrently,
the CPPs exhibited higher rankings during these intervals.
Notably, NDVI and GNDVI displayed prominent importance
values during the six-leaf and tasseling stages, and
maintained substantial values across the other growth
phases, underscoring their pivotal role as critical variables
for maize yield prediction. Negative importance values
obtained by using the C-MDA method indicated that model
performance improved when the corresponding indicators
were removed, compared to modeling with all indicators
during these growth stages.

The three methods above were used for ranking the
importance of feature variables, while the selection of
modeling variables was based on RMSE. In the variable
selection process, theoretically, the number of input variables
corresponding to the minimum RMSE is considered the
optimal variable size. However, when determining the
appropriate number of feature variables, one must consider
the accuracy, robustness, and computational efficiency of
the predictive model, with the aim of achieving high modeling
precision with a limited number of variables (Kearns and Ron
1999). Significant advances in RMSE convergence efficiency
have been attained through prioritization via the C-MDA
method. A comparative analysis revealed that indicators
ranked by the GRA method exhibit notably enhanced stability
in RMSE reduction compared to those prioritized using the
OPGD method. Within a limited number of variables, the
RMSE of the model typically decreased as the number of
input variables increased. In this context, both the robustness
of the model and the importance of the inputs were
considered when determining the number of variables for
yield prediction models at various growth stages. The OPGD
method set the numbers of variables to 7, 7, 5, 5, 4, and 3
for the six-leaf, tasseling, silking, blister, milking, and dough
stages, respectively. The GRA method set the numbers of
variables to 7, 5, 5, 6, 5, and 3, while the C-MDA method set
the numbers of variables to 7, 5, 6, 4, 3, and 6. In summary,
the variables selected and the size of model inputs differed at
each growth stage for the various methods, which indicated
that the suitability of variables for maize yield prediction is
greatly influenced by both the maize growth stage and the
feature selection methods employed.

Predictive model performance based on mono-temporal
data The precision of crop yield forecasting models after
data sorting by the three methods of OPGD, GRA, and
C-MDA through the Taylor diagram, as well as the KGE
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metrics, are shown in Fig. 9. The CC of the models obtained
from all three methods exceeded 0.7, with RMSE values
staying below 0.8 t ha™. The Taylor diagram results revealed
that among the models obtained using the OPGD method,
the model for the tasseling stage demonstrated a notable
advantage, with a CC of 0.910 and an RMSE value of 0.493 t
ha™'. Conversely, the model for the milking stage performed
the worst, with an RMSE value of 0.746 t ha™. For the

models obtained using the GRA method, the accuracies of
the models for the silking stage through the dough stage were
similar. The model for the six-leaf stage performed the least
satisfactorily among the 18 models, with a CC of 0.744. The
C-MDA method demonstrated superior overall performance
compared to the other two methods, with RMSE values
for the models at four stages remaining below 0.6 t ha™
and the CC for the dough stage reaching 0.940. The KGE
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values provided a holistic assessment of the performance
of each model. When aggregating the KGE values for the
models obtained using the three methods, the performance
across growth stages was ordered from the highest to
lowest as: dough stage>silking stage>tasseling stage>blister
stage>milking stage>six-leaf stage. The trend of R* was
consistent with KGE. The maximum values of R* obtained
from modeling the data for the six growth stages under the
three sorting methods were 0.616, 0.810, 0.804, 0.701,
0.718, and 0.871, respectively. During the dough stage,
maize rapidly accumulates starch and nutrients, making
observations during this period crucial for highly accurate
maize yield predictions. The timeliness of yield estimation
is critically important in practical production as it can directly
influence subsequent management and decision-making
processes. This indicates that the periods around flowering
are the most critical for maize yield prediction, highlighting the
significant importance of observing various indicators during
these stages for achieving high-accuracy yield estimates.

3.3. Maize yield estimation based on multi-temporal
data

Generation of multi-temporal data groups Based on the
accuracy of yield predictions across the six growth stages
detailed in Section 3.2, three multi-temporal datasets were
subsequently chosen. These datasets comprised two, three,
and four mono-temporal phases, respectively (Fig. 10).
These datasets were categorized as bi-temporal, tri-
temporal, and quadri-temporal, with 12, 24, and 36 variables,

respectively. Variables from the same growth stage are
distinguished by naming conventions; for example, R1-X12
refers to the NDRE variable for the dough stage. Building
upon the comparison of the three methods discussed in
Section 3.2, the C-MDA method was employed for indicator
selection in the multi-temporal datasets for yield estimation.
Screening of multi-temporal feature variables The top 20
indicators were selected based on their importance values
from the three datasets using the C-MDA method, and the
variation of RMSE with the number of model inputs is shown
in Fig. 11. Note that the two CPPs significantly influenced
both the bi-temporal and tri-temporal datasets. In the tri-
temporal dataset, the indicators for dough stage-AGB and
tasseling stage-PH had the greatest importance values. In
the quadri-temporal dataset, the disparities in importance
values among the top 10 indicators were less pronounced
compared to the other two datasets. The numbers of model
inputs for the three datasets were established as 11, 13, and
11, respectively. Although the RMSE generally decreased
with an increase in the amount of input data across all three
datasets, the rate of decrease was slower for the quadri-
temporal dataset when the number of model inputs was less
than 19.

Maize yield estimation based on multi-temporal data
As shown in Fig. 12, maize yield prediction models were
developed for the three multi-temporal datasets. CC ranged
from 0.860 to 0.975, while the RMSE ranged from 0.580
to 0.291 t ha™. The model constructed using data from
the dough and silking stages exhibited a CC value greater
than all the mono-temporal data modeling results in Section
3.2, while the corresponding RMSE value was just the
opposite. The combination of these two growth stages was
shown to enhance the effectiveness of the yield estimation
model. Upon incorporating data from the tasseling stage,
the model accuracy was further improved, with the RMSE
being reduced to below 0.3 t ha™ and the CC value reaching
0.974. Although the addition of data from the blister stage
continued to yield a model accuracy higher than those of
most mono-temporal modeling results, a notable decline in
performance was observed when compared to the accuracy
achieved using the bi- and tri-temporal data combinations
for model development. In the results of bi- and tri-temporal
data modeling, the KGE values were greater than 0.8,
and the R? values were 0.910 and 0.942, respectively. In
contrast, with quadri-temporal data, the R* value was only
0.737. These results indicated that the combination of the
dough, silking, and tasseling stages is crucial for ensuring
the accuracy of yield predictions.

4. Discussion
4.1. Optimizing feature variable selection

The screening and ranking of feature variables facilitate
the optimization of the modeling process and enhance
model interpretability. The use of OPGD, GRA, and C-MDA
techniques in this study effectively reduced dimensionality
and bolstered modeling efficiency. Compared to traditional
GD models, the OPGD Model employed here enables the
ideal integration of spatial data discretization methods,
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Fig. 6 Ranking of feature variable importance values based on the optimal parameters-based geographical detector (OPGD)
method and changes in RMSE with an increasing number of input variables. A, six-leaf stage. B, tasseling stage. C, silking stage.
D, blister stage. E, milking stage. F, dough stage. NDRE, normalized difference red edge index; RVI, ratio of vegetation index; LAI, leaf
area index; NDVI, normalized difference vegetation index; GNDVI, green normalized difference vegetation index; AGB, above-ground
biomass; PH, plant height; MSR, modified simple ratio; MSAVI, modified soil adjusted vegetation index; MNLI, modified non-linear vegetation
index; NLI, non-linear vegetation index; OSAVI, optimization soil adjusted vegetation index; NDRE, normalized difference red edge index.

Vs, vegetation indices; CPPs, crop phenotypic parameters.

spatial stratification interval counts, and spatial scale
variables, thereby providing a more precise, flexible, and
efficient solution for geospatial variability assessment (Zhang
et al. 2022). The OPGD Model has been used extensively
in studies on the impacts of topography, climate, and
anthropogenic activities on evapotranspiration (Ablikim et al.
2023), the kernel normalized difference vegetation index (Gu
et al. 2024), and other applications. We used the OPGD
Model for feature variable screening and ranking, which is a
new approach for applying aspects of the OPGD Model. The

results obtained from this approach showed that when only 1-2
variables were used for modeling, the RMSE of the models
was generally lower than that achieved with the two other
feature selection methods. This indicated a clear advantage
of the OPGD model in identifying the most influential factors.
Furthermore, the interaction detection results revealed that
combinations of multiple factors could significantly enhance
the explanatory power of the model for yield. Consequently, in
future research, we will consider incorporating variable pairs
with high g-values from the interaction detection phase as



2406 Qin Dai et al. | Journal of Integrative Agriculture 2026, 25(6): 2396-2413
A oso B
A Selected size A Selected size [

100 O Optimal size 078 100 O Optimal size __0'90
- ElVis [CICPPs [ - B Vis [CTCPPs | g ga
g % TS T
© r = T 90 - =
3 * F0.74 3 F0.72 "
Fo 3 = s F0.66 =
€ 70 ['4 = 3 4
I} -0.72 o
a Q 80 0.60
E r E

60 0.70 0.54

0.48

50 0.68 70

DA DDA D LR DO DD DD SR PSS PO
c 0.80 D 1.10
100 A Selected size A Selected size
7 O Optimal size L0.75 100 - O Optimal size
_ Vs CICPPs | _ 00 mmvis Cicpps [ 1-00
g L070 ~ & I ~
g 90 s 8 £
g -0.65 = ] =
8 w8 i
£ 80+ -0.60 2 < =
= 14 = 14
g L 0.55 g
E 70 E
0.50
60 - 0.45
XD DN RO N L X D DD KN O RO N
T L TF €@ VP PF TIO S FFF T EF
FP Ve TV T E VIS > VFIE T TS TN
E 1.10 F
100 A Selected size A Selected size -1.00
T O Optimal size L 100 100 + O Optimal size
— ElVis [ICPPs ) — I Vs [CICPPs |L0.90
B I X L .
g 90 F0.90 % 3 -0.80 T
g I = S 90 I <
© -0.80 w ® F0.70 w
2 80 - I @ 2 I @
I} = I =
5 Lo70® 5 -0.60 &
2 . 2 o0 -
£ 70 = 0.50
0.60 |
0.40
60 - 0.50 70 -

XD LD RSN OL
< £ O F Lo G&V RO

$
> ¥ v

> KNP\ & N R DO N &
< & ) N4 @
SO VEF s

Fig. 7 Ranking of feature variable importance values based on the grey relational analysis (GRA) method and changes in RMSE
with an increasing number of input variables. A, six-leaf stage. B, tasseling stage. C, silking stage. D, blister stage. E, milking stage.
F, dough stage. GNDVI, green normalized difference vegetation index; NDVI, normalized difference vegetation index; OSAVI, optimization
soil adjusted vegetation index; RVI, ratio of vegetation index; MSAVI, modified soil adjusted vegetation index; NDRE, normalized difference
red edge index; MSR, modified simple ratio; PH, plant height; AGB, above-ground biomass; LAI, leaf area index; MNLI, modified non-linear
vegetation index; NLI, non-linear vegetation index. VIs, vegetation indices; CPPs, crop phenotypic parameters.

feature groups in the model. Compared to the OPGD Model,
using the GRA method for feature variable ranking exhibited
a more stable trend of decreasing RMSE with an increasing
number of input variables. This stability could be attributed
to the GRA method’s advantage in uncovering underlying
structures and tendencies (lkram et al. 2020). In contrast to
the approaches of Ramos et al. (2020), who relied exclusively
on the R? metric, and Yang et al. (2022), who solely employed
the MDA metric for feature variable selection, the C-MDA
method integrated both CC and RMSE metrics to improve

the efficiency of the feature variable selection process.
The performance of the three methods exhibited distinct
advantages and disadvantages across the various growth
periods. Nevertheless, the C-MDA method had the best
sorting effect in general, indicating that the C-MDA method we
defined and adopted was a reasonable and effective sorting
method.

The feature selection results supported the selection of
both VIs and CPPs for yield estimation. In the tri-temporal
dataset, two of the CPPs had the highest importance
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Fig. 8 Ranking of feature variable importance values based on the custom mean decrease accuracy (C-MDA) method and changes
in RMSE with an increasing number of input variables. A, six-leaf stage. B, tasseling stage. C, silking stage. D, blister stage. E,
milking stage. F, dough stage. NDRE, normalized difference red edge index; AGB, above-ground biomass; GNDVI, green normalized
difference vegetation index; LAI, leaf area index; PH, plant height; MSR, modified simple ratio; RVI, ratio of vegetation index; NDVI,
normalized difference vegetation index; MSAVI, modified soil adjusted vegetation index; MNLI, modified non-linear vegetation index; NLI,
non-linear vegetation index; OSAVI, optimization soil adjusted vegetation index. Vls, vegetation indices; CPPs, crop phenotypic parameters.

among the selected variables. This result demonstrated
the importance of CPPs in guaranteeing yield forecasting
precision, which was consistent with past research showing
that PH, LAI, and AGB are effective in yield prediction (Nada
et al. 2016; Yu et al. 2019; Ji et al. 2023). As detailed in a
study by Zhang et al. (2024), CPPs were reported to exhibit
significantly positive correlations with grain filling rates.
Consequently, CPPs can be used as a supplement in cases
where Vs are saturated and sensitivity is lost during the
reproductive stage of maize (Yue et al. 2018). This finding
revealed the rationale behind the selection of CPPs for yield
prediction in this study. On the other hand, our results also

demonstrated that VIs were more influential in yield prediction
than CPPs. This was reflected in the higher importance
values assigned to VIs and the greater number of Vls
selected for the prediction model.

The optimal CPPs for yield prediction using mono-temporal
data were identified as LAl and AGB, which generally aligned
with the conclusions of Li et al. (2014) and Yu et al. (2019).
While the study by John and Reddy (2019) revealed a
substantially positive link between yield and PH, our research
demonstrated that PH had a lower impact on yield than LAl
and AGB. Among the Vls, the three most effective spectral
indices for predicting maize yield were identified as GNDVI,
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Fig. 9 Accuracy of yield predictions using mono-temporal data. A and D, results of optimal parameters-based geographical detector
(OPGD). B and E, results of the grey relational analysis (GRA) method. C and F, results of custom mean decrease accuracy (C-MDA).
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Fig. 10 Compositions of the multi-temporal datasets. V6, six-
leaf stage; VT, tasseling stage; R1, silking stage; R2, blister stage;
R3, milking stage; R4, dough stage.

NDVI, and NDRE. While the sequencing of these variables
varied between the research of Ramos et al. (2020) and Yang
et al. (2022), their top three choices were aligned with our
findings. This consistency indicates that these three variables
are important and effective for yield estimation. Whereas

AGB was the most important CPPs in multi-temporal data
in our study, RVI, MSAVI, and OSAVI also served a crucial
function in addition to NDRE and GNDVI. These results
emphasize the critical importance of using suitable CPPs and
VIs for the accurate prediction of crop yield.

4.2. UAV-based study on the optimal temporal period
for maize yield prediction

To establish a suitable data-driven yield prediction model,
data must be obtained during the growth stages that have a
decisive influence on crop yield (Qader et al. 2018). Early
developmental stages have only minimal impacts on grain
number and weight, thus exerting a lesser influence on yield
(Széles et al. 2012). This study also found that the modeling
accuracy during the six-leaf stage was the lowest among
the six growth stages considered. The dough period gave
the most accurate forecasts in this study when accuracy
was considered. In terms of optimal observation periods,
the tasseling stage was the earliest to successfully forecast
maize yield, while the adjacent silking stage demonstrated the
best performance when both accuracy and early forecasting
capability were considered. These findings agree with the
outcomes of Uno et al. (2005), Garcia-Martinez et al. (2020),
and Su et al. (2023), further underscoring the importance
of the pre-flowering and post-flowering periods for accurate
yield prediction.

The model performance demonstrated a notable
improvement with the bi-temporal data compared to the
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Fig. 11 Significant values and RMSE (t ha™") of the top 20 ranked variables in the predictive model with an increasing number of
input variables when using each of the three sets of multi-temporal data. Corresponding relationships of indicators: VT, tasseling
stage; R1, silking stage; R2, blister stage; R4, dough stage; X1, plant height (PH); X2, leaf area index (LAIl); X3, above-ground biomass
(AGB); X4, normalized difference vegetation index (NDVI); X5, ratio of vegetation index (RVI); X6, green normalized difference vegetation
index (GNDVI); X7, modified simple ratio (MSR); X8, modified soil adjusted vegetation index (MSAVI); X9, modified non-linear vegetation
index (MNLI); X10, non-linear vegetation index (NLI); X11, optimization soil adjusted vegetation index (OSAVI); X12, normalized difference
red edge index (NDRE). Vls, vegetation indices; CPPs, crop phenotypic parameters.

mono-temporal data. Specifically, the R? value increased
from 0.871 to 0.909, reflecting a 4.363% enhancement.
Concurrently, the RMSE decreased from 0.407 t ha™
to 0.342 t ha™', indicating a reduction of 15.971%.
Furthermore, the RMSE of the model built from the tri-
temporal data decreased to 0.291 t ha™', a reduction of
28.501%. This marked decline in RMSE showed that
multi-temporal observations provide more comprehensive
crop growth information and mitigate the bias of mono-
temporal observations. Integrating multi-temporal data could
significantly increase the reliability of yield estimates, and this

finding agreed with the conclusions of previous studies (Zhou
et al. 2017). Specifically, the combination of three growth
stages — tasseling, silking, and dough — reached the greatest
level of prediction accuracy with minimal observations and
was thus identified as the most effective UAV observation
set for maize yield forecasting. In contrast to our results,
Garcia-Martinez et al. (2020) concluded that the chlorophyll
concentration of foliage gradually decreased during the
dough and maturity periods as assimilates were gradually
transferred to the kernel. This process led to a gradual
weakening of the relationship between canopy spectral
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reflectance and crop production. One potential cause of this
discrepancy may be the introduction of the CPP variables
in our study. In addition, the RMSE of quadri-temporal data
was significantly greater than the modeling results based
on bi-temporal and tri-temporal data. This indicated that the
tri-temporal data were sufficient to portray the relationship
between variables and maize yield.

This study compared three methodologies for factor
screening to propose new ideas for elucidating the impacts
of CPPs and VlIs on maize yield while enabling a structured
approach to modeling input factors for yield estimation. The
optimal modeling stage was determined by the comparison of
six mono-temporal yield estimation models. Meanwhile, the
combination of mono-temporal data improved the modeling
accuracy and provided scientific guidance for field-derived
maize yield estimation. In addition, the effects of canopy
structure variability (Cen et al. 2019) and abundance (Duan
et al. 2019) on yield have also been demonstrated. Therefore,
future research will focus on a multi-year experimental
approach aimed at optimizing the number of factors and
integrating diverse variables to achieve high-precision maize
yield predictions at the earliest feasible growth stages.

4.3. Application prospects of this study for predicting
crop yield in smallholder fields

Currently, many scholars are researching yield estimation for
farms and smallholder plots, but most studies often involve
the strict control of water and fertilizer management in the
experiments (Liu Y et al. 2023; Pokhrel et al. 2023). In
contrast to this study where no special water and fertilizer
application control was implemented, Peng et al. (2021)
conducted deficit irrigation at varying degrees in the study
area, while Yang G et al. (2024) applied different amounts
of nitrogen fertilizer to the fields. These control measures
imposed certain limitations in the yield prediction capability
of the estimation methods proposed in those studies under
uniform water and fertilizer management conditions (Kumar
et al. 2023; Killeen et al. 2024). In contrast, the yield

estimation method proposed in this study identifies the key
factors and phenological stages and constructs a simplified
model, thus reducing monitoring costs while improving
the accuracy of yield estimation and enhancing farm
management efficiency.

The study area is located at the boundary area of Xianyang
City and Yangling District in Shaanxi Province. Based on
data provided by the Shaanxi Statistical Yearbook 2024
(https://tjj.shaanxi.gov.cn/tjsj/ndsj/tjnj/sxtjnj/index.html|?2024),
we compared the statistical yields, measured yields, and
estimated yields for both Xianyang City and Yangling District
(Fig. 13). The results showed that the average maize yield
in Yangling District was higher than that of Xianyang City.
The measured yield mean for the selected plots was slightly
higher than the average level in Yangling District, but the
overall difference remained within an acceptable range. The
model-estimated yields were slightly lower than the measured
yields. However, the differences between the statistical yield,
measured yield, and estimated yield all fall within the allowable
margin of error, indicating that the results of this study have a
high degree of accuracy. By using only four plots for sampling,
we successfully obtained high-precision yield estimates while
effectively reducing observation costs. This outcome provides
powerful support for smallholder farmers in developing
scientific planting plans and marketing strategies.

Although our current research primarily focuses on yield
estimation of maize in Northwest China, we hope to achieve
high estimate precision while extending the scope by
combining ground-truthing data, UAVs, and satellite remote
sensing data in future studies. In particular, more specific
and customized yield estimation information will be provided
within small farmland areas.

5. Conclusion

This study used multispectral data obtained from a UAV
to calculate Vls, while concurrently integrating CPPs
gathered from field experiments. Three methodologies
were employed to rank and filter these variables. Selected
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feature variables were used to construct ridge regression
models for the data from six mono-temporal and three
multi-temporal data groups. The potential of these data for
predicting maize yield across different growth stages was
analyzed. Among the three methods for factor selection
and ranking, the C-MDA method proved to be the most
efficient. The three optimal VlIs for predicting maize
yield were identified as GNDVI, NDVI, and NDRE, while
LAI and AGB proved effective as CPPs. In the mono-
temporal maize yield forecast, the tasseling stage was
the earliest suitable period. The yield prediction model
derived from data collected at the dough stage exhibited
the highest accuracy. The integration of UAV data from
different crop growth stages enhanced the accuracy of the
yield prediction models. Among the three multi-temporal
datasets, the model based on data from the tasseling,
silking, and dough stages exhibited the best performance.
Based on these findings, the precise estimation of maize
yields in smallholder fields should be feasible, which holds
both theoretical significance and practical value for the
advancement of precision agriculture.
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