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Abstract

Grain yield is one of the most critical indicators for evaluating the performance of wheat
breeding. However, the assessment process, from early-stage breeding lines to officially
registered varieties that have passed the DUS (Distinctness, Uniformity, and Stability)
test, is often time-consuming and labor-intensive. Multispectral remote sensing based
on unmanned aerial vehicles (UAVs) has demonstrated significant potential in crop phe-
notyping and yield estimation due to its high throughput, non-destructive nature, and
ability to rapidly collect large-scale, multi-temporal data. In this study, multi-temporal
UAV-based multispectral imagery, RGB images, and canopy height data were collected
throughout the entire wheat growth stage (2023-2024) in Xuzhou, Jiangsu Province, China,
to characterize the dynamic growth patterns of both breeding lines and registered cultivars.
Vegetation indices (VIs), texture parameters (Tes), and a time-series crop height model
(CHM), including the logistic-derived growth rate (GR) and the projected area (PA), were
extracted to construct a comprehensive multi-source feature set. Four machine learning
algorithms, namely a random forest (RF), support vector machine regression (SVR), extreme
gradient boosting (XGBoost), and partial least squares regression (PLSR), were employed
to model and estimate yield. The results demonstrated that spectral, texture, and canopy
height features derived from multi-temporal UAV data effectively captured phenotypic
differences among wheat types and contributed to yield estimation. Features obtained
from later growth stages generally led to higher estimation accuracy. The integration of
vegetation indices and texture features outperformed models using single-feature types.
Furthermore, the integration of time-series features and feature selection further improved
predictive accuracy, with XGBoost incorporating VIs, Tes, GR, and PA yielding the best
performance (R2 =0.714, RMSE = 0.516 t/ha, rRMSE = 5.96%). Overall, the proposed multi-
source modeling framework offers a practical and efficient solution for yield estimation in
early-stage wheat breeding and can support breeders and growers by enabling earlier, more
accurate selection and management decisions in real-world production environments.
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1. Introduction

One of the greatest challenges of the 21st century will be to improve crop production
and crop quality to meet the growing demands for food from the growing population and
increasing affluence. The most environmentally friendly way to meet these demands is
through crop breeding programs to develop new crop varieties with improved traits [1,2].
The rationale of a breeding program is to select among a large number of varieties with
superior phenotypes for better yield and quality, tolerance to biotic and abiotic stresses,
and high efficiency in cultivation, harvesting and processing [3,4]. Field-based phenotyp-
ing can be promising for gathering information about the plant traits per plot, which is
important for the identification and description of breeding lines and registered varieties in
agricultural practices [5].

Wheat (Triticum aestivum L.) is one of the most extensively cultivated cereal crops
globally and plays a critical role in ensuring food security [6,7]. As population growth
and climate change continue to intensify, increasing wheat yield has become a primary
objective in breeding research [8,9]. In contemporary breeding programs, phenotypic
trait and yield evaluation of wheat genotypes, from early-stage breeding lines to officially
registered varieties that have passed the Distinctness, Uniformity, and Stability (DUS) test,
still depend largely on destructive sampling, labor-intensive practices, and repeated field
measurements [10,11]. These traditional methods constrain the scalability, efficiency, and
cost-effectiveness of selection processes, particularly in large breeding populations and
multi-location trials [12].

To overcome these limitations, high-throughput phenotyping (HTP) technologies
have advanced rapidly in recent years, offering an efficient means of acquiring large-
scale, quantitative trait data [13,14]. Among available approaches, multispectral remote
sensing using unmanned aerial vehicle (UAV) has gained particular attention due to its
low cost, non-destructive operation, high efficiency, and ability to capture multi-temporal
information across extensive field areas [15-17]. Vegetation indices (VIs) derived from
multispectral images are widely used to monitor canopy greenness, biomass accumula-
tion, and photosynthetic activity [18-20]. Meanwhile, texture parameters (Tes) extracted
from RGB imagery, including contrast, entropy, homogeneity, variance, and correlation,
quantify the spatial organization of canopy surfaces. These metrics characterize variation,
structural complexity, and uniformity within the canopy, and they provide informative
signals that are linked to agronomic traits such as tiller density, growth vigor, and lodging
susceptibility [21-23]. Additionally, canopy height information reconstructed from three-
dimensional point cloud data, typically represented as crop height model (CHM), provides
valuable structural indicators of crop development [24,25].

While numerous studies have demonstrated the value of UAV-derived features for
monitoring crop growth and estimating biomass, the integration of multi-source and multi-
temporal data for yield prediction remains limited, particularly for early-stage breeding
lines and officially registered varieties [26,27]. Moreover, conventional static modeling
approaches often overlook the explanatory power of growth dynamics in differentiating
genotypes. Capturing phenotypic variation throughout the entire growing season contin-
ues to pose a significant challenge. Growth curve models offer a solution by quantifying
temporal trajectories of phenotypic traits and enabling the extraction of physiological pa-
rameters such as growth rate and acceleration, which are closely linked to genotypic vigor
and developmental timing [28-30]. To fully exploit the potential of high-dimensional phe-
notypic data, machine learning provides a flexible and powerful modeling framework that
can capture non-linear relationships, accommodate high-dimensional inputs, and handle
complex feature interactions, making it well-suited for yield estimation applications [31,32].
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Machine learning has become an essential component of modern crop phenotyping be-
cause it enables the modeling of complex, nonlinear relationships between remotely sensed
parameters and actual agronomic indicators. Unlike traditional linear regression methods,
machine-learning algorithms can capture high-dimensional interactions among spectral,
textural, and structural features, which are common in UAV-based phenotyping datasets.
Recent studies demonstrate that machine-learning models, especially gradient boosting
frameworks, can substantially outperform traditional approaches when integrating multi-
temporal UAV features for yield prediction [33,34]. However, relatively few studies have
systematically compared different machine-learning methods using multispectral, textu-
ral, and structural traits simultaneously, particularly in the context of early-generation
breeding lines and officially registered varieties. This gap highlights the need for a com-
prehensive evaluation of machine-learning models under multi-source, multi-temporal
phenotyping conditions.

This study aims to establish a multi-source and multi-temporal framework for phe-
notypic monitoring and yield estimation of wheat breeding lines and registered varieties.
UAV-based multispectral imagery and canopy height data were collected across key wheat
growth stages during the 2023-2024 growing season in Xuzhou, Jiangsu Province, China,
to characterize full-season growth dynamics. Using these datasets, four machine learning
algorithms were employed to model and estimate yield: Random Forest (RF), Support
Vector Machine Regression (SVR), Extreme Gradient Boosting (XGBoost), and Partial Least
Squares Regression (PLSR). The specific objectives of this study were (1) to characterize
the growth dynamics of different types of wheat genotypes, including breeding lines and
registered varieties in the Huang-Huai-Hai region; (2) to evaluate the contribution of differ-
ent feature types and growth stages to yield prediction performance; and (3) to determine
which UAV-based modeling strategies are most effective for supporting large-scale wheat
breeding and variety evaluation.

2. Materials and Methods
2.1. Study Region Experimental Design

The field experiment was conducted during the 2023-2024 winter wheat growing
season at the wheat breeding base of the Xuzhou Academy of Agricultural Sciences, located
in Jiangsu Province, China (34°18’ N, 117°11’ E). The region has a warm temperate monsoon
climate, with an average annual temperature of approximately 14.5 °C and an average
annual precipitation of about 850 mm, making it well-suited for winter wheat cultivation.
All wheat plots were planted on 10 October 2023, marking the beginning of the 2023-2024
growing season. Three experimental fields were established, designated as fields A, B, and
C (Figure 1). Fields A and B were used for breeding trials and were planted with early-
generation wheat lines under selection. Field C was used for variety trials and contained
officially registered cultivars with granted plant variety rights, which were undergoing
demonstration and regional adaptation testing. All fields followed a consistent plot design,
with each plot measuring 7.5 m in length and 1.5 m in width, and a row spacing of 0.23 m,
resulting in approximately 6 rows per plot. Throughout the growing season, irrigation
was applied as needed based on crop growth and weather conditions to prevent drought
stress. Weed, pest, and disease management was carried out in a timely manner according
to field observations, using chemical or manual control methods recommended by local
agronomic guidelines.
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Figure 1. Location of study area. From left to right, the subfigures show the geographical location of
the study area and the internal layout of the experimental station, where (A—C) correspond to the
three experimental fields included in this study.

2.2. UAV Data Collection and Characterizing Growth and Estimating Yield Workflows

The overall technical workflow of this study is illustrated in Figure 2 and consists of
four main stages: data collection, data processing, data analysis, and model development
and validation. First, multi-temporal UAV-based remote sensing data of the wheat canopy
were acquired, including multispectral imagery, RGB images, and canopy height data.
These datasets were then preprocessed and used to extract multi-source phenotypic features,
forming a comprehensive feature set. In the analysis stage, growth dynamics of both
breeding lines and registered cultivars were characterized, and key temporal traits and
physiological parameters were extracted. Finally, yield prediction models were developed
based on the integrated multi-source and multi-temporal features, followed by model
evaluation and comparative analysis of prediction accuracy. Finally, yield prediction
models were developed using the integrated multi-source dataset, which included VlIs,
texture parameters, and canopy height derived temporal traits such as growth rate (GR)
and projected area (PA). Model performance was then evaluated and compared across
feature combinations to assess prediction accuracy.

2.3. Data Acquisition
2.3.1. UAV Data Collection and Preprocessing

UAV-based data acquisition was conducted at key growth stages of wheat using the
DJI Mavic 3 Multispectral UAV platform equipped with RTK (SZ DJI Technology Co.,
Ltd., Shenzhen, China). Flights were carried out on 8 January 2024 (overwintering), 14
February 2024, 26 February 2024 (regreening), 19 March 2024 (jointing), 30 March 2024
(booting), 18 April 2024 (heading), 26 April 2024 (flowering), 2 May 2024, and 7 May 2024
(grain filling). The UAV platform is equipped with a multispectral camera containing four
narrow-band sensors in the green (560 nm + 16 nm), red (650 nm =+ 16 nm), red-edge
(730 nm £ 16 nm), and near-infrared (840 nm + 26 nm) wavelengths, as well as an RGB
visible light camera. It also supports structured light data acquisition for terrain modeling,
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enabling the generation of canopy height information. Before each flight, reflectance
reference targets with 25%, 50%, and 75% calibrated reflectance were captured on the
ground to obtain white-panel information. Images were taken at 20 m above ground
level at the speed of 2 m/s, following the set path to cover each plot with the overlap of
85% to ensure high-quality image stitching and accurate three-dimensional reconstruction.
All flights were conducted on clear, windless days between 10:00 and 14:00 to minimize
shadow interference and ensure consistent lighting conditions across datasets.
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Figure 2. The schematic diagram of data processing, model architecture. (A) UAV data acquisition and
raw imagery collection across multiple wheat growth stages; (B) Extraction of VIs, texture parameters,
and temporal features from multispectral, RGB, and canopy height data; (C) Whole growth period
analysis, including temporal trend exploration and nonlinear growth curve fitting; (D) Construction
of yield prediction models using different feature combinations and machine-learning algorithms;
(E) Model evaluation using predicted and measured yield with R?, RMSE, and rRMSE; (F) Ground
truth yield measurements collected from field plots.

The collected multispectral imagery was processed using DJI Terra 3.4.0 software (SZ
DJI Technology Co., Ltd., Shenzhen, China) for image stitching, fusion, and radiometric
correction, resulting in orthorectified reflectance maps within a unified coordinate system.
RGB imagery was processed using Pix4Dmapper 4.5.6 software (Pix4DSA, Lausanne,
Switzerland), to generate orthomosaic images and three-dimensional CHM. To enable
accurate data extraction, we manually delineated vector boundaries for each plot in a GIS
environment (ArcMap 10.7, ESRI, Redlands, CA, USA) according to the actual spatial layout
of the breeding and variety trial fields. These vector regions, defined as regions of interest
(ROI), were applied to batch-extract multi-temporal data from the multispectral images,
RGB imagery, and canopy height layers [25]. The extracted data provided a consistent basis
for multi-source phenotypic feature calculation and time-series analysis.

2.3.2. Measurement of Wheat Yield Data

At crop maturity, corresponding to the wax maturity to full maturity stage of wheat,
each plot was manually harvested. Grain yield was measured after threshing and natural
air-drying, and the final yield per plot was standardized to a moisture content of 13%,
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expressed as tons per hectare (t/ha). These measurements were used as ground-truth
data for model training and validation. To ensure data quality, plots with missing plants,
lodging, or mechanical errors were excluded. After quality control, 230 plots from Field 1,
398 plots from Field 2, and 272 plots from Field 3 were retained for subsequent analysis.

2.4. Extraction of Multi-Source Features
2.4.1. Spectral Features

Based on the radiometrically corrected multispectral images acquired by the multi-
spectral platform, reflectance values from the original spectral bands were extracted. Eight
VIs were then calculated using various band combinations (Table 1). These indices play
a vital role in characterizing crop growth conditions, monitoring canopy dynamics, and
identifying physiological traits. They are also considered key variables for predicting yield
in other studies and crops [35-37].

Table 1. Vegetation indices and its calculation formula.

Abbreviation Full Name Formula
NDVI Normalized difference vegetation index (NIR — Red)/(NIR + Red)
GNDVI Green normalized difference vegetation index (NIR — Green)/(NIR + Green)
RVI Ratio vegetation index NIR/Red
DVI Difference vegetation index NIR — Red
NDRE Normalized difference red edge index (NIR — Red_edge)/(NIR + Red_edge)
NDVI_redg Normalized difference vegetation index red-edge (Red_edge — Red)/(Red_edge + Red)
NRI Nitrogen reflectance index (Green — Red)/(Green + Red)
SAVI Soil adjusted vegetation index 1.5 (NIR — Red)/(NIR + Red + 0.5)

Note: Green, red, Red_edge and NIR denoted spectral reflectance at green, red, red-edge and near-infrared
bands, respectively.

2.4.2. Texture Features

Texture parameters were extracted from the orthomosaic RGB images using the gray-
level co-occurrence matrix (GLCM) method. This method quantifies the spatial structural
variation in an image by analyzing the grayscale relationships between adjacent pixels and
is commonly used to characterize canopy uniformity, surface roughness, and structural
complexity [38]. Texture calculations were performed in ENVI 5.3 software (Exelis Visual
Information Solutions, Boulder, CO, USA) using the “Co-occurrence Measures” tool. A
moving window size of 3 x 3 pixels was applied for GLCM computation, and eight texture
parameters were extracted accordingly (Table 2). These features have demonstrated strong
potential for describing canopy structural variation across different growth stages and have
been shown to serve as effective supplementary variables for yield prediction [21,39,40].

2.4.3. Canopy Height Features

Canopy height for each plot was derived from the CHM generated using RGB imagery.
Both the digital surface model (DSM) and digital terrain model (DTM) were produced
through a Structure-from-Motion (5fM) workflow, including image matching, bundle ad-
justment, and dense point-cloud reconstruction. DSMs were generated for each growth
stage, while the DTM was created using images acquired soon after sowing when the
soil surface was exposed. Canopy height was then calculated as the difference between
the DSM and DTM for each plot [41]. This features reflects the vertical growth status
of the plants and serves as an important phenotypic indicator of crop vigor and canopy
structure [42]. Canopy height was extracted at seven key growth stages and fitted using
logistic growth curve (Equation (1)) to characterize the growth dynamics of different wheat
genotypes. To further quantify growth dynamics, the first and second derivatives of the
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logistic curve with respect to DAS were calculated. The first derivative describes the instan-
taneous growth rate, and the second derivative describes the acceleration or deceleration
of canopy height increase [43]. From these curves, three critical time points were extracted:
Dx, corresponding to the time of maximum growth acceleration; Dy, corresponding to the
time of minimum growth acceleration; and M, located between Dx and Dy, representing the
time of maximum growth rate. An illustrative example of these critical points on a logistic
growth curve is shown in Figure 3. The fitting of the logistic growth function as well as the
computation of the first- and second-order derivatives in this study were performed in a
Python 3.0 environment.

W(g) = WI/[1 + exp — k(g — M)] (€))

where W(g) is plant height at time g, Wf is the maximum value (upper asymptote), k is the
relative growth rate in M, g denotes days after sowing (DAS), and M is the DAS at which
the growth rate reaches its maximum (inflection point of the curve).

Table 2. Texture parameters and its calculation formula.

Abbreviation Full Name Formula
MEA Mean Py
VAR Variance Zf\g ézP (i — mean)?
HOM Homogeneity Zl\j (1) 1+(Izlj])
CON Contrast ZN “oiPij(i— i)
DIS Dissimilarity ZN 0iPyli — |
ENT Entropy Zﬁ[ 11P i(—InP;j)
SEC Second moment Zf\g (1)1P2
COR Correlation Z L iP; (i—mean) (j—mean)
i,j=0"" 1] \/variance; xvariance;
Note: P;; = szlv V;; denotes the brightness value of the pixel located at the i-th row and j-th column, and

N represents the size of the moving window used for calculating the texture measures.

2.5. Yield Estimation Model Development

To effectively estimate wheat yield, this study employed four commonly used machine
learning algorithms for regression modeling, including RF, SVR, XGBoost, and PLSR. RF
is a non-parametric ensemble learning method based on decision trees, known for its
strong ability to model nonlinear relationships and its robustness against overfitting [34].
SVR performs regression by constructing an optimal hyperplane and is well-suited for
small-sample, high-dimensional datasets [44]. XGBoost is a gradient boosting framework
that efficiently utilizes input features and demonstrates excellent generalization perfor-
mance [45]. PLSR combines dimensionality reduction and regression, making it particularly
suitable for datasets with severe multicollinearity among features [46].

Initially, yield estimation models were developed separately for each of the seven key
wheat growth stages using VIs as the sole input features. Subsequently, the models were
reconstructed by combining VIs with texture parameters to evaluate the predictive perfor-
mance of the integrated feature sets at each stage. For whole growth period modeling, all
spectral and texture features from multiple growth stages were aggregated independently.
Feature selection was then performed using the feature importances_attribute, and the eight
most informative VIs and texture features were retained from each category [47]. These
selected features were further integrated with canopy height traits to form a multi-source
dataset for model development. Finally, all four machine learning algorithms were trained
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using the integrated feature set, and their prediction accuracies were compared to evaluate
the effectiveness of different modeling strategies.
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Figure 3. Examples of critical points as a function of growth curve, growth rate curve, and growth
acceleration curve of VIs. Critical points represent the moment when the accelerated growth of the
VIs is maximized (Dx) and minimized (Dy), M is the DAS at which the growth rate is maximized.

For each modeling scenario, the dataset was randomly divided into a training set
and a validation set, with two thirds of the samples used for model training and one
third reserved for independent validation. Within the training set, hyperparameters of the
four algorithms (RE, SVR, XGBoost, and PLSR) were tuned using grid search combined
with ten-fold cross-validation. For RF, the number of trees and maximum tree depth were
optimized. For SVR, the regularization parameter and kernel-related parameters were
adjusted. For XGBoost, key hyperparameters such as the number of boosting rounds,
learning rate, maximum tree depth, subsampling ratio, and column sampling ratio were
calibrated. For PLSR, the optimal number of latent components was determined based on
the minimum cross-validated prediction error. The final models were retrained on the full
training set using the optimal hyperparameters and then evaluated on the validation set
to compare the predictive accuracy of different feature combinations and algorithms. All
model training, parameter tuning, and validation procedures were implemented in Python
3.0 using the scikit-learn machine-learning library.

2.6. Model Evaluation

To quantitatively assess the performance of different models in wheat yield estimation,
two-thirds of the total samples were used for training and the remaining one-third for
validation. Model accuracy was evaluated using three indicators, namely the coefficient
of determination (R?), root mean square error (RMSE) and relative root mean square
error (rRMSE) [48]. R? quantifies the proportion of variance in the measured yield that is
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Yield (t/ha)

explained by the model, with values closer to 1 indicating a higher level of goodness of
fit. RMSE measures the average deviation between predicted and measured yields, where
lower values reflect higher accuracy. The rRMSE, defined as the ratio of RMSE to the mean
measured yield, provides a normalized measure of error, facilitating comparison across
models. R?, RMSE, and rRMSE were calculated using Equations (2), (3) and (4), respectively.

R?=1-3" (yi — 9:)*/ Zy (yi — 9) @
RMSE = \/ T (y; — 9:)%/n 3)
+rRMSE = RA;SE x 100% 4)

where y; and §J; represent measured values and predicted values of yield, respectively; y is
the average value of yield; and 7 is the number of samples.

3. Results
3.1. Distribution of Measured Yield Data

Figure 4 illustrates the yield distribution of wheat across the three fields. Overall,
the mean yields among the fields were relatively close, but their distribution patterns
and degrees of dispersion differed. Field 1 had a yield range of 5.0-10.5 t/ha, with a
relatively concentrated distribution but slight skewness. Field 2 exhibited a wider yield
range, reaching up to 11.0 t/ha, with a relatively smooth distribution and a median slightly
higher than that of Field 1. Field 3 showed a more compact yield distribution, mainly
concentrated between 8.0 and 9.0 t/ha, with fewer outliers and better overall stability. Fields
1 and 2 were planted with relatively immature early-generation breeding lines, whose
genetic backgrounds were associated with larger yield differences and higher variability.
In contrast, Field 3 was planted exclusively with officially registered varieties, which had a
lower coefficient of variation and exhibited more stable performance.

Fieldl Field2 Field3

Figure 4. Distribution of yield across distinct experimental fields. Field 1 and Field 2 were planted
with early-generation breeding lines, whereas Field 3 consisted of registered cultivars, all located
within the same trial farm in Xuzhou, Jiangsu Province.
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3.2. Analysis of Spectral Features

Figure 5 demonstrates the temporal dynamics of eight VIs across the three fields
during the entire wheat growing season. For each field, VI values were calculated as the
mean of all plots within the field at each flight date, ensuring a field-level representation of
temporal trends. Overall, indices such as NDVI, GNDVI, DNRE, and NRI, which reflect
canopy greenness and structural attributes, exhibited a high degree of consistency and
synchrony among the fields. Between the overwintering and regreening stages, values
reached a trough due to low temperatures that caused varying degrees of frost damage.
From jointing to heading, all indices increased sharply and peaked around heading or
the early flowering stage. This period corresponded to rapid canopy expansion, when
both leaf area index and chlorophyll content typically reached their maximum, marking
a critical stage for yield formation. As the crop entered the grain-filling and maturity
stages, leaf senescence and chlorophyll degradation led to a marked decline in index values.
Notably, Field 3 exhibited consistently lower VIs than Fields 1 and 2 during the early to
mid-growth stages, suggesting delayed emergence or early growth suppression. However,
in the later stages, the peak values of Field 3 approached those of the other fields, indicating
a compensatory growth trend.
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Figure 5. Changes in VIs under different growth stage. Each curve represents the mean VI value
calculated from all plots within the corresponding field at each flight date. Different colors are used
to distinguish Field 1, Field 2, and Field 3.

3.3. Analysis of Texture Features

Throughout the entire wheat growing season, texture parameters exhibited clear tem-
poral variation patterns, reflecting the dynamic evolution of canopy structure as growth
progressed. As shown in Figure 6, during the early growth stage prior to jointing, plants
gradually covered the soil surface, and variations in leaf arrangement and growth status
resulted in pronounced changes in image gray levels. At this stage, indices such as MEA
and ENT, which reflect texture irregularity, were relatively high. From jointing to flow-
ering, plant height increased rapidly, leaves expanded more uniformly, and the canopy
gradually closed, leading to a more stable structure and enhanced homogeneity. Corre-
spondingly, indices such as HOM and SEC, which indicate structural stability, increased,
while VAR, CON, and ENT declined. From heading to maturity, with spike emergence
and leaf senescence, canopy structure shifted from a relatively uniform leaf-dominated
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surface to a mixed spike-leaf structure with increased vertical stratification, resulting in
renewed heterogeneity and uneven texture patterns. In comparison across fields, Field 3
exhibited smaller fluctuations in texture parameters throughout the entire season, showing
relatively smooth variation curves, which indicated more uniform growth status at each
developmental stage.
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Figure 6. Changes in texture parameters under different growth stage. Each curve represents the
mean texture value calculated from all plots within the corresponding field at each flight date.
Different colors are used to distinguish Field 1, Field 2, and Field 3.

3.4. Analysis of Canopy Height Features

In this study, the first- and second-order derivatives of the logistic curve were used to
quantify differences in wheat growth dynamics. The first derivative describes the canopy
growth rate, while the second derivative identifies acceleration changes, allowing key
turning points in development to be captured. These derivative-based parameters provide
an effective way to compare growth rhythm and developmental timing among different
wheat types. Figure 7 shows the fitted logistic curves of canopy height and their first and
second order derivatives for all plots across the three fields throughout the growing season.
Each dashed line represents the fitted result of an individual plot, reflecting the variability
of plant height growth within the population, while the bold solid line denotes the mean
fitted curve of each field, capturing the overall canopy growth trend. By comparing the
curve shapes and derivative characteristics across the three fields, clear differences can be
observed in growth rhythm and population uniformity among the genotypes.

The canopy height dynamics of Field 1 and Field 2 were largely consistent. Both
entered the rapid growth phase at approximately 150 days after sowing (DAS), with
growth rate reaching its peak around 190 DAS, while the acceleration inflection point
appeared during the same period. Growth acceleration then decreased and reached its
minimum around 230 DAS. In contrast, Field 3 displayed distinct differences in canopy
height features. The timing of maximum acceleration, the growth curve inflection point,
and the minimum acceleration were all substantially delayed compared with Fields 1 and
2, indicating a postponed onset of stem elongation and canopy expansion. Moreover, the
variance of growth acceleration in Field 3 was smaller, remaining within -0.04 to 0.04,
suggesting a more synchronized growth rhythm among individual plants and a steadier,
more balanced canopy expansion process. As officially registered and more mature variety,
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Field 3 demonstrated greater genetic stability and population coordination than the early
generation breeding lines planted in Fields 1 and 2.

—— Growth curve

®  Plant height
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Figure 7. Logistic growth curves of canopy height and their first- and second-order derivatives for
wheat across three fields. Dashed lines represent individual plots, while bold solid lines denote the
mean fitted curves. Dx, M, and Dy indicate the maximum growth acceleration point, the inflection
point, and the minimum growth acceleration point, respectively.

3.5. Optimal Machine Learning Model Selection for Yield Estimation
3.5.1. Stage-Specific Estimation Results

In the yield estimation models constructed at different growth stages, prediction ac-
curacy generally improved as the crop developed. When only VIs were used as input
variables (Table 3), all four models performed poorly before the booting stage, with valida-
tion R? values generally below 0.3, RMSE above 0.9 t/ha, and rRMSE exceeding 10%. As
the crop entered the flowering and grain filling stages, performance improved markedly.
In particular, during the grain filling stage, all models achieved their highest R? values,
with the XGBoost model reaching 0.448 on the validation set and corresponding RMSE and
rRMSE reduced to 0.717 t/ha and below 9%, respectively.

In comparison, the inclusion of texture parameters led to performance gains across
all stages (Table 4), with the most pronounced improvements observed from heading to
grain filling. For instance, in the grain filling stage, the RF model improved from an R?
of 0.452 to 0.508, while RMSE decreased to 0.711 t/ha and rRMSE further dropped to
8.25%. These results indicate that the integration of texture parameters with VIs enhanced
the model’s ability to capture canopy spatial structure and density differences, thereby
improving yield prediction. Overall, XGBoost and RF consistently delivered more stable
and accurate predictions across stages, highlighting the advantage of ensemble learning
methods in handling complex nonlinear relationships. Across the whole growth period,
the grain filling stage remained the most representative for yield estimation.

3.5.2. Estimation Results for the Whole Growth Period

To identify the most informative phenotypic variables, feature selection was performed
using the feature importance attribute, which quantifies the contribution of each input
variable to prediction accuracy. Based on these importance scores, Figure 8 shows the
importance ranking of spectral and texture parameters across the whole growth period
based on feature importance analysis, with the top eight features selected as inputs for
model development, respectively. In addition, GR and PA at whole growth period were
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derived from logistic growth curve fitting of canopy height and included as supplementary
structural features. Four types of input feature combinations were constructed for yield
estimation modeling: spectral features (VIs), spectral plus texture parameters (Vs + Tes),
spectral plus texture parameters with growth rate (VIs + Tes + GR), and spectral plus
texture parameters with growth rate and projected area (VIs + Tes + GR + PA).

Table 3. Model performance for wheat yield estimation using vegetation indices at different
growth stages.

. . e 1 e Training Validation . . oy .

Trainin Validation Trainin Validation

Growth Stage Model Set Rzg Set R2 Set RMSE Set RMSE Set rRMgE Set tRMSE

(t/ha) (t/ha)

RF 0.319 0.166 0.804 0.926 9.32% 10.74%
Overwintering SVR 0.143 0.095 0.926 0.905 10.76% 10.45%
stage XGBoost 0.363 0.246 0.794 0.838 9.23% 9.68%
PLSR 0.137 0.13 0.906 0.942 10.52% 10.91%
RF 0.218 0.12 0.861 0.951 9.99% 11.02%
Regreening SVR 0.114 0.073 0.941 0.916 10.94% 10.57%
stage XGBoost 0.378 0.252 0.785 0.835 9.12% 9.64%
PLSR 0.1 0.084 0.926 0.966 10.74% 11.19%
RF 0.137 0.08 0.904 0.972 10.49% 11.27%
Jointing stage SVR 0.126 0.081 0.935 0.912 10.87% 10.53%
XGBoost 0.272 0.173 0.848 0.877 9.86% 10.13%
PLSR 0.071 0.045 0.941 0.986 10.91% 11.43%
RF 0.067 0.048 0.941 0.989 10.91% 11.47%
Booting stage SVR 0.074 0.035 0.962 0.934 11.18% 10.78%
XGBoost 0.273 0.169 0.848 0.88 9.85% 10.16%
PLSR 0.075 0.053 0.938 0.983 10.89% 11.38%
RF 0.299 0.169 0.815 0.924 9.46% 10.71%
Heading stage SVR 0.17 0.111 0911 0.897 10.59% 10.35%
XGBoost 0.367 0.271 0.791 0.824 9.19% 9.51%
PLSR 0.21 0.157 0.867 0.927 10.06% 10.74%
RF 0.447 0.327 0.724 0.832 8.40% 9.64%
Flowering SVR 0.23 0.182 0.877 0.86 10.20% 9.93%
stage XGBoost 0.454 0.334 0.735 0.787 8.54% 9.09%
PLSR 0.317 0.252 0.806 0.891 9.36% 10.32%
RF 0.53 0.452 0.667 0.751 7.74% 8.70%
Grain filling SVR 0.42 0.361 0.761 0.761 8.85% 8.78%
stage XGBoost 0.57 0.448 0.652 0.717 7.57% 8.28%
PLSR 0.4559 0.438 0.72 0.757 8.35% 8.77%

The fitted results shown in Figure 9 indicate that prediction accuracy improved pro-
gressively as more feature types were incorporated. Models using only VIs exhibited
limited predictive power, whereas the addition of texture parameters markedly enhanced
accuracy, especially for medium and high yield plots. Further integration of GR and PA
produced additional, though more modest, gains in accuracy. At this stage, scatter points
were closely aligned with the 1:1 reference line across all yield ranges, and consistency
between the training and validation sets was substantially strengthened.

With respect to algorithm performance, nonlinear ensemble methods demonstrated
clear advantages in high dimensional feature spaces. Among them, XGBoost consistently
outperformed the other models, achieving an R? of 0.714 on the validation set, with RMSE
reduced to 0.516 t/ha and rRMSE lowered to 5.96% under the full feature combination
(VIs + Tes + GR + PA). RF also performed reliably under multi-feature inputs, particularly
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in high yield regions. SVR suffered from underfitting when relying on single features
but improved considerably with multi-source inputs. PLSR, constrained by its linear
modeling framework, showed only limited gains. Overall, integrating multi-source phe-
notypic features substantially enhanced wheat yield prediction accuracy, and ensemble
learning algorithms, particularly XGBoost, proved most effective at capturing the nonlinear
contributions of growth dynamics and structural traits to yield formation.

Table 4. Model performance for wheat yield estimation using vegetation indices and texture parame-
ters at different growth stages.

. . ey . Training Validation .. g .

Trainin Validation Trainin Validation

Growth Stage ~ Model oot Rzg oot B2 SetRMSE ~ SetRMSE ¢ rRMgE Set (RMSE

(t/ha) (t/ha)

RF 0.346 0.2 0.788 0.907 9.14% 10.51%
Overwintering SVR 0.185 0.157 0.903 0.874 10.49% 10.08%
stage XGBoost 0.391 0.262 0.776 0.829 9.02% 9.57%
PLSR 0.277 0.199 0.83 0.903 9.63% 10.46%
RF 0.324 0.184 0.801 0.916 9.29% 10.62%
Regreening SVR 0.142 0.121 0.926 0.892 10.77% 10.30%
stage XGBoost 0.4 0.277 0.77 0.82 8.95% 9.48%
PLSR 0.224 0.164 0.859 0.923 9.97% 10.69%
RF 0.364 0.21 0.777 0.901 9.01% 10.44%
Jointing stage SVR 0.179 0.116 0.906 0.894 10.53% 10.32%
XGBoost 0.355 0.207 0.799 0.859 9.28% 9.92%
PLSR 0.224 0.161 0.869 0.924 10.07% 10.71%
RF 0.278 0.154 0.828 0.933 9.60% 10.81%
Booting stage SVR 0.125 0.087 0.936 0.909 10.87% 10.49%
XGBoost 0.327 0.189 0.816 0.869 9.48% 10.03%
PLSR 0.105 0.081 0.933 0.968 10.81% 11.21%
RF 0.38 0.257 0.524 0.874 6.08% 10.13%
Heading stage SVR 0.186 0.129 0.902 0.888 10.48% 10.25%
XGBoost 0.488 0.339 0.712 0.784 8.27% 9.06%
PLSR 0.279 0.202 0.829 0.902 9.61% 10.45%
RF 0.492 0.369 0.694 0.806 8.05% 9.34%
Flowering SVR 0.352 0.221 0.805 0.84 9.36% 9.69%
stage XGBoost 0.529 04 0.683 0.748 7.93% 8.63%
PLSR 0.391 0.314 0.761 0.836 8.84% 9.68%
RF 0.619 0.508 0.601 0.711 6.98% 8.25%
Grain filling SVR 0.444 0.389 0.745 0.744 8.66% 8.58%
stage XGBoost 0.607 0.475 0.624 0.699 7.25% 8.08%
PLSR 0.505 0.477 0.687 0.73 7.97% 8.46%

3.5.3. Evaluation of Model Estimation Accuracy

In this study, five types of feature combination variations were designed to compare
model performance. Variation 1 compared models based on VIs selected from the whole
growth period with those based on VIs from a single best stage. Variation 2 compared
models using VIs + Tes from the whole growth period with those using the same feature set
from a single best stage. Variation 3 compared VIs + Tes with VIs when both were selected
from the whole growth period. Variation 4 compared VIs + Tes + GR with VIs + Tes, and
Variation 5 compared VIs + Tes + GR + PA with VIs + Tes + GR, both within the whole
growth period.
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Figure 8. Feature importance ranking and cumulative contribution of spectral and texture features for
wheat yield estimation. The numbers following each feature name (1-7) indicate the growth stage at
which the feature was extracted, corresponding to the seven UAV flight periods (from overwintering
to grain filling). Features with the same abbreviation but different numbers represent measurements
acquired at different growth stages.

Figure 10 shows the differences in R?, RMSE, and rRMSE across these feature com-
bination schemes. Overall, models based on whole growth period features consistently
outperformed those using features from a single best stage. This was particularly evident
in Variation 1 and Variation 2, where R? values increased significantly, while RMSE and
rRMSE decreased, indicating that multi-temporal features captured the dynamic process of
yield formation more comprehensively, thereby enhancing model stability and accuracy.
Within the whole growth period, Variation 3 demonstrated that the inclusion of texture
parameters substantially improved model performance, with notable increases in R? across
all models and corresponding reductions in error, suggesting that texture parameters pro-
vide valuable complementary information on canopy structure and spatial heterogeneity.
The strong contribution of texture features in the mid-to-late growth stages reflects the
fact that genotype differences become more apparent during jointing through grain filling.
Canopy uniformity, tiller synchronization, and spike emergence create distinct spatial
patterns that are effectively captured by texture metrics, offering structural cues that are
not fully represented by spectral indices alone. Furthermore, Variations 4 and 5 indicated
that adding GR and PA further improved prediction accuracy. However, the incremental
gains were smaller compared with the earlier feature combinations.
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Figure 9. Comparison of yield estimation performance among RF, SVR, XGBoost, and PLSR models
using VIs, VIs + Tes, VIs + Tes + GR, and VIs + Tes + GR + PA feature sets.

3.6. Yield Estimation Model Performance

Using the best performing model, XGBoost with the full feature combination, yield
estimation was conducted for the three fields, and plot scale inversion results were obtained
(Figure 11). Colors from low to high correspond to a yield range of 6.0-10.0 t/ha. Overall,
Field C displayed a continuous and uniform spatial pattern, with most plots concentrated
between 8.0 and 9.5 t/ha, only a few scattered medium and low yield patches, and a
relatively small degree of dispersion. A visually more compact distribution pattern was
observed in Field C, suggesting lower apparent variability at the plot level. This visual
pattern is consistent with the expected population uniformity of mature registered varieties,
although no formal spatial autocorrelation analysis was conducted. In contrast, Field A and
Field B exhibited more pronounced patchiness and heterogeneity, with alternating high
and low yield plots frequently occurring within the same row or column. Low yield and
medium to high yield plots were interspersed, highlighting the spatial expression of genetic
differences and canopy structural variation among breeding materials. Overall, these results
demonstrate that multi-source and multi-temporal feature integration enables effective
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capture of subtle yield differences at the plot scale. From a breeding perspective, such

spatial distribution maps can be directly used to locate superior lines, identify problematic

areas, and provide intuitive guidance for subsequent field inspections and decision making,.

Variation

Variation4

Variation3

Variation2

Variationl

Variation3

Variation4

Variation3

Variation2

Variationl

EPLSR

EXGBoost

BSVR

BRF

0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18 02
R? Variation

EPLSR

B XGBoost
ESVR
ERF

-0.14 -0.12 -0.1 -0.08 -0.06 -0.04 -0.02 0

Variation5

Variation4

Variation3

Variation2

Variationl

RMSE Variation

EPLSR

B XGBoost

BSVR

BRF

-16 -14 -12 -1 -0.8 -06 -04 -02 0
rRMSE Variation

Figure 10. Performance variations in different feature combinations across four modeling algorithms
evaluated by R?, RMSE, and Rrmse.
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Figure 11. Spatial distribution of plot-level wheat yield estimation across three fields using
the XGBoost model with full feature combinations. (A—C) correspond to fields containing
230, 398, and 272 plots, respectively. Each experimental plot displays two numerical values: the
left value indicates the measured grain yield obtained through manual harvesting at crop maturity,
and the right value indicates the estimated yield generated by the XGBoost model. Color gradi-
ents represent the spatial variation in estimated yield (t/ha), with darker green indicating higher
productivity and red indicating lower productivity.

4. Discussion
4.1. Challenges and Opportunities in Wheat Breeding: The Role of UAV-Based Phenotyping

Wheat is a cornerstone crop for global food security, yet its breeding process, from
early-stage line selection to the evaluation of officially registered varieties, remains labor-
intensive and time-consuming [49]. Traditional phenotypic assessment relies heavily on
manual observation, which faces several limitations [50]. Early-stage breeding programs
must evaluate thousands of lines, making comprehensive and objective trait assessment
difficult due to restricted labor capacity and observer subjectivity. In later stages, registered
varieties require multi-environment and multi-year trials to verify yield, quality, and
resistance stability, further increasing workload and environmental dependency. Moreover,
yield and grain quality can only be measured accurately at harvest, leaving a lack of
real-time indicators to support early selection, thereby extending the breeding cycle and
reducing decision-making efficiency.
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As modern breeding increasingly demands high-throughput, continuous, and precise
phenotypic monitoring, technologies capable of tracking developmental trajectories from
emergence to maturity have become essential [51,52]. UAV-based phenotyping provides
a promising solution by rapidly acquiring large-scale spectral and structural data and
extracting canopy traits and growth dynamics. Such capabilities allow quantitative assess-
ment of population uniformity, growth rhythm, and yield potential [53,54]. Compared
with traditional approaches, UAV-based monitoring shortens the trait acquisition cycle and
supplies predictive information before harvest, offering more efficient and reliable support
for both early-stage screening and registered variety evaluation.

4.2. Interpretation of Phenotypic Indicators and Growth Dynamics

Our results showed that multi-temporal phenotypic indicators captured the growth
differences among breeding lines and registered cultivars in a complementary manner. First,
vegetation indices consistently ranked among the most important predictors, particularly
those related to the red-edge and near-infrared regions [19,55]. Their strong contribution
aligns with the physiological basis of yield formation: leaf area expansion, chlorophyll
accumulation, and sustained photosynthetic capacity during the jointing—grain filling
period. This explains why models using later-stage VIs achieved markedly higher accuracy
in our study, consistent with previous findings that VIs become more yield-informative as
canopy biomass and pigment concentration peak [56].

Texture features further enhanced model performance, especially in early breeding
materials. Our results indicated that indices such as contrast, entropy, and homogeneity sig-
nificantly improved prediction accuracy when combined with VIs. This reflects the fact that
breeding lines exhibited higher spatial heterogeneity, including uneven tillering, variable
canopy closure, and inconsistent plant height, whereas registered cultivars showed more
uniform canopy structures. Similar observations have been reported in wheat phenotyping
studies where canopy structural uniformity is linked to improved light distribution and
yield potential [57-60]. Dynamic canopy height traits introduced an additional dimension
by quantifying differences in growth rhythm. Logistic-derived parameters (Dx, M, Dy)
were more dispersed among early breeding lines, indicating variability in developmental
transitions, whereas registered cultivars exhibited concentrated and synchronized growth
curves. This finding supports the notion that growth rate and developmental timing are in-
trinsic genetic attributes influencing sink—source balance, as also noted in high-throughput
phenotyping studies using height trajectories [29,61].

Together, these patterns suggest that spectral traits primarily capture biochemical
processes, texture traits reflect spatial structural organization, and height dynamics describe
temporal developmental rhythm. Their combined use aligns closely with the biological
determinants of yield, offering a more holistic characterization of genotype performance
than any single phenotypic dimension.

4.3. Differences in the Model Performance

The performance differences among the four algorithms under various feature and
temporal configurations reflect their distinct abilities to represent nonlinear patterns, cap-
ture high-level feature interactions, and utilize temporal information. Across all scenarios,
XGBoost consistently achieved the highest accuracy, which is consistent with previous
UAV-based phenotyping studies reporting its superior capability for modeling complex
crop traits and yield outcomes [32]. Its advantage arises from two main factors. First,
gradient boosting can model high-order interactions between spectral and structural traits—
such as the combined effects of red-edge VIs, NIR-derived indices, texture contrast, and
entropy—which are known to drive phenotypic variation in canopy physiology. Second, its
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regularized additive structure prevents overfitting in high-dimensional, correlated feature
spaces, enabling robust generalization [62,63].

RF generally performed second best across scenarios, indicating that out-of-bag sam-
pling and multi-tree averaging effectively reduce variance, but its capacity to leverage weak
signals and fine grained interactions was inferior to the boosting framework [64]. SVR
showed limited performance with single feature sets due to kernel and hyperparameter
scalability issues, but its performance improved markedly with richer features, underscor-
ing its sensitivity to feature engineering quality [65]. PLSR alleviated multicollinearity
through latent variables, yet remained essentially a linear approximation, making it less
capable of capturing saturation, threshold, and interaction-driven nonlinear responses,
thereby yielding limited improvement [66]. From a breeding perspective, these differences
in model performance highlight their suitability for different application scenarios. Nonlin-
ear ensemble models are better aligned with the complex relationships among genotype,
phenotype, and yield in breeding populations, and their broader adoption will provide
critical support for precision breeding driven by large scale phenotypic data.

The comparison between stage-specific and whole growth period modeling reveals an
information-stability trade-off. Stage-specific models performed best during grain filling, a
pattern also documented in earlier UAV studies, because this period corresponds to peak
LAI, chlorophyll accumulation, and active grain biomass deposition, making VIs most
strongly associated with yield [67,68]. In contrast, models built around early jointing stages
underperformed due to insufficient canopy structural development and weak phenotypic
expression. Whole growth period feature integration enhanced robustness, as seen in
Variations 1 and 2, by aggregating cumulative signals related to growth dynamics and
yield formation [69]. The complementary roles of spectral and texture features explain the
substantial improvement in Variation 3. Texture metrics mitigate the saturation of Vls at
late stages by capturing canopy structural heterogeneity, a phenomenon widely reported in
wheat and maize studies [21,38]. GR and PA contributed smaller gains (Variations 4 and 5)
because they partially overlap with static features in the information they provide, but their
inclusion still improved model stability, confirming previous findings that growth-curve—
derived traits provide structural priors that refine yield estimation [70].

At the level of feature contributions, the stable importance of red-edge indices, near-
infrared indices, and texture metrics such as contrast, entropy, and homogeneity in the
mid-to-late growth stages is consistent with physiological expectations. Differences in
error structures are also noteworthy. The scatterplots indicate that extreme high yield and
low yield samples are more prone to systematic deviations, manifesting as underestima-
tion at the high yield end and overestimation at the low yield end, a typical shrinkage
effect [71]. The averaging mechanism of RF exacerbates this bias in the high yield tail,
whereas XGBoost, through fine grained leaf node partitioning and asymmetric loss adjust-
ment, can partially mitigate the issue. Collectively, these findings reinforce that nonlinear
ensemble learning models, especially XGBoost, are well suited for capturing the intri-
cate genotype—phenotype-yield relationships typical in large-scale breeding populations.
Their adoption can therefore substantially enhance the predictive power of UAV-based
phenotyping pipelines and support more accurate and efficient decision making in wheat
breeding programs.

Although the multi-temporal UAV-based approach achieved relatively high accuracy,
several practical limitations should be recognized. UAV data acquisition is inherently
sensitive to weather conditions, particularly wind, cloud cover, and rapid changes in
illumination, all of which may introduce noise into spectral measurements. Flight-time and
battery constraints can limit the area that can be covered within a single mission, potentially
increasing temporal gaps among plots. Radiometric differences caused by varying solar
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angles, sensor drift, or inconsistent calibration settings can also influence reflectance values
across dates. Furthermore, temporal inconsistencies among flight campaigns may introduce
phenological discrepancies, especially during rapid growth periods. Acknowledging these
operational constraints provides appropriate context for interpreting the achieved accuracy
and highlights areas where future improvements in standardization and automation can
further stabilize UAV-based phenotyping.

4.4. Practical Implications and Future Prospects

The findings of this study offer direct and actionable value for wheat breeding prac-
tice. First, multi-temporal UAV phenotypic indicators, including VlIs, texture parameters,
canopy height, and logistic-derived dynamic parameters, enable accurate yield prediction
before harvest. This allows breeders to identify promising or poor-performing lines in
advance rather than waiting for final yield measurements, thereby accelerating early-stage
elimination and advancement decisions. Second, structural traits derived from growth
dynamics reveal key attributes such as population uniformity and developmental rhythm,
which traditionally rely heavily on subjective field judgment. With these objective metrics,
breeders can more reliably select genotypes characterized by coordinated growth and
strong adaptability, while also detecting problematic lines at an earlier stage. Third, the
spatial yield maps generated in this study provide intuitive guidance for field inspection
and verification. They allow breeders to locate abnormal plots, identify management issues,
or detect areas where genotype performance is unstable, ultimately improving the efficiency
of field trial management.

For registered cultivars and regional trials, the proposed multi-source modeling frame-
work can be used to assess performance stability across different fields, supporting eval-
uations of uniformity, stability, and adaptability. This provides quantitative evidence for
variety registration and demonstration. Looking ahead, the integration of hyperspectral
imaging, LiDAR, thermal sensing, and advanced deep learning or time-series modeling
techniques will enable UAV phenotyping platforms to capture crop physiological and
structural traits with greater precision [72-74]. Reliable multi-source phenotypic data ob-
tained from UAV platforms forms a fundamental component of modern Al-driven digital
agriculture. Advanced machine learning and deep learning systems require consistent,
high-quality inputs to accurately describe crop physiology, spatial variation, and yield
formation. The multi-temporal indicators in this study, including spectral indices, canopy
structural traits, and logistic-derived growth dynamics, provide a well-organized dataset
that meets the data needs of contemporary prediction models. By capturing growth trajec-
tories and genotype-dependent canopy patterns with high temporal resolution, the study
shows how UAV phenotyping can enhance model interpretability, stability, and predictive
performance. Such data-centered workflows are increasingly important as digital agri-
culture moves toward intelligent decision-making and precision breeding. Overall, the
continuous maturation of UAV-based phenotyping technologies, together with advances in
algorithmic modeling, is paving an efficient, precise, and scalable path for intelligent wheat
breeding, with promising potential to play a greater role in crop improvement and global
food security.

5. Conclusions

This study set out to determine whether multi-temporal UAV phenotyping can accu-
rately characterize wheat growth dynamics and support yield estimation for both breeding
lines and registered cultivars. The results confirm that vegetation indices, texture param-
eters, and canopy height traits captured complementary aspects of wheat development
across the growing season and revealed clear differences in developmental rhythm and



Agriculture 2025, 15, 2554 22 of 25

canopy uniformity among genotype groups. Dynamic parameters derived from logistic
growth curves provided additional information about critical phases of growth, demon-
strating that temporal structural traits can strengthen phenotypic interpretation beyond
conventional static indicators.

In evaluating yield prediction, the integration of spectral, textural, and structural
features consistently enhanced model performance. The XGBoost model using the full
feature combination achieved the highest accuracy on the validation set, reaching an R?
of 0.714, an RMSE of 0.516 t/ha, and an rRMSE of 5.96%, confirming the effectiveness of
multi-source fusion for yield estimation. The findings verify that cross-stage information
improves robustness compared with single-stage modeling and that structural features
such as growth rate and projected area provide measurable contributions to prediction
accuracy. More broadly, this study shows that UAV-based phenotyping can support mod-
ern automated breeding workflows. The multi-temporal indicators provide quantitative
inputs for machine learning-assisted trait scoring, enable earlier identification of promising
genotypes before harvest, and facilitate large-scale yield evaluation with reduced labor. The
proposed framework thus offers a practical foundation for integrating high-throughput
phenotyping into data-driven breeding systems.
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