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Abstract: Plant height and SPAD values are critical indicators for evaluating peanut mor-
phological development, photosynthetic efficiency, and yield optimization. Recent un-
manned aerial vehicle (UAV) technology advancements have enabled high-throughput
phenotyping at field scales. As a globally strategic oilseed crop, peanut plays a vital role
in ensuring food and edible oil security. This study aimed to develop an optimized esti-
mation framework for peanut plant height and SPAD values through machine learning-
driven integration of UAV multi-source data while evaluating model generalizability
across temporal and spatial domains. Multispectral UAV and ground data were collected
across four growth stages (2023-2024). Using spectral indices and Texture features, four
models (PLSR, SVM, ANN, RFR) were trained on 2024 data and independently validated
with 2023 datasets. The ensemble machine learning models (RFR) significantly enhanced
estimation accuracy (R? improvement: 3.1-34.5%) and robustness compared to the linear
model (PLSR). Feature stability analysis revealed that combined spectral-textural features
outperformed single-feature approaches. The SVM model achieved superior plant height
prediction (R? = 0.912, RMSE = 2.14 cm), while RFR optimally estimated SPAD values (R?
=0.530, RMSE = 3.87) across heterogeneous field conditions. This UAV-based multi-modal
integration framework demonstrates significant potential for temporal monitoring of pea-
nut growth dynamics.

Keywords: peanut; phenotype estimation; multi-source data fusion; machine learning

1. Introduction

A vital cash crop and a significant producer of grain and oil, peanuts are essential to
China’s social progress, national economy, and farmer income. Both plant height and
SPAD are important factors in peanut growth and development [1], with plant height
influencing physiological processes like peanut photosynthetic production by altering the
crop’s canopy structure [2] and leaf SPAD directly influencing photosynthetic production
efficiency [3,4]. While the SPAD is also analyzed by UV spectrophotometry, fluorescence
analysis, and in vivo chlorophyll analysis, which is not only less effective but also has
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some effect on other plants in the experimental area, it is currently possible to determine
the height of peanut plants and their relative chlorophyll content directly on the plant
using a measuring tool, which is less harmful to the peanut plant [5].

Numerous studies have shown that UAVs are feasible for phenotypic research in
various crop reproductive times due to their quick adoption in agriculture [6,7]. There are
variations in the inversion of phenotypes by different sensor lenses acquiring different types
of data, and UAV systems’ sensor lenses have demonstrated great accuracy in crop phenotyp-
ing parameter estimate [8]. For instance, thermal infrared sensors track crop growth by meas-
uring crop canopy temperature and crop response to water stress [9], hyperspectral lenses
have a more accurate inversion of crop phenotypes through a wider wavelength band than
multispectral cameras [10], and multispectral image data can be analyzed by spectral, textural,
and structural information for the detection of crop phenotypic indicators [11], maturity [12],
and crop diseases [13] inversion [10]. The accuracy of single data sources in numerous appli-
cations needs to be improved even though UAVs are quick, efficient, and capable of carrying
several sensors at once. Additionally, the individual data sources that UAVs capture have
shown promising outcomes in applications.

When compared to single data sources, multi-source data fusion, which combines data
from several sources collected by sensors, has improved processing accuracy to some extent.
It has been noted that combining canopy spectral data enhances the estimation of plant
traits such as crop biomass [14], LAI [15], and seed yield [16]. Numerous agricultural ap-
plications have utilized the potential of combining canopy spectral, structural, thermal,
and Texture information from various sensor systems to enhance plant trait estimation
[15,17]. Additionally, research has shown that combining canopy thermal information
with spectral and structural features enhanced the robustness of crop yield prediction [18]
across a range of weather conditions and developmental stages. In addition to highlight-
ing the morphological and structural characteristics of plant canopies, Texture infor-
mation—which is defined by spatial variations in pixel intensities in an image—can also
help prevent saturation of models that are unable to account for the significant spatial
heterogeneity of the landscape [19]. There has been little direct evaluation of the potential
of image Texture in crop phenotypic trait prediction [20], even though Texture infor-
mation has been extensively utilized for image classification and segmentation in numer-
ous prior studies [21]. Additionally, there has been no report on the use of spatial infor-
mation inherent in Texture features in peanut phenotypic trait estimation. Consequently,
it may be possible to use Texture data to predict peanut phenotypes.

To accurately predict phenotypic metrics for a range of crops, numerous statistical
and machine learning (ML) based regression techniques have been employed, including
multiple linear regression (MLR) [22], partial least squares regression (PLSR) [18], artificial
neural network (ANN) [23], random forest regression (RFR) [24], and support vector re-
gression (SVR) [25]. The estimation of phenotypic traits and yields of several crops has
been accomplished by combining multimodal data fusion with machine learning [6],
which has demonstrated good prediction accuracy and resilience [26]. Individual machine
learning models (PLSR, LASSO, SVR) achieve operational viability in crop phenotype es-
timation but suffer from stringent data requirements and unstable generalization under
UAV-acquired heterogeneous datasets [27]. Ensemble learning addresses these limita-
tions by strategically integrating base learners. Bagging-based RFR has demonstrated ex-
ceptional precision in crop phenotyping [28], while Boosting-driven CatBoost excels in
automated categorical feature processing, adaptive scaling, and missing value mitigation,
enhancing accuracy with reduced operational complexity [29]. However, the estimation
of phenotypic traits of peanuts has not been reported.

The specificity of peanut plants has limited the use of this high-throughput pheno-
typic detection and analysis method, and little is known about the contribution of
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combining canopy spectral and textural features to peanut phenotypic estimation. In con-
clusion, regression models based on data fusion of UAV-mounted multi-type sensors
while using machine learning have been used for crop trait estimation. To detect crop
growth and development using phenotypic data, this study proposes to analyze and re-
search multi-source data fusion of peanut phenotypic metrics using a UAV equipped with
multispectral lenses. Additionally, the following concerns are recommended to be inves-
tigated: 1. The viability of estimating peanut phenotypic metrics using multi-source data
fusion techniques; 2. The impact of various data sources on the model’s estimation accu-
racy; 3. A comparison of the RFR and PLSR, SVM, and ANN differences among the four
approaches for estimating peanut phenotypes; 4. Verify that the peanut phenotypic pre-
diction model is applicable and generalizable.

2. Materials and Methods

2.1. Experimental Site and Design

The study was conducted during 2023-2024 growing seasons at the Ningyang Exper-
imental Station (35°50'57" N, 116°39'50" E) of Shandong Academy of Agricultural Sci-
ences, China (Figure 1). Situated in a warm-temperate semi-humid monsoon climate zone,
the site exhibited characteristic seasonal precipitation patterns with 72% rainfall concen-
trated in July-August (605.1 mm in 2023; 849.3 mm in 2024), accompanied by average an-
nual temperatures of 14.0 °C and 13.4 °C for respective years. The experimental fields fea-
tured well-drained sandy loam soils (Haplic Cambisols, FAO classification) with 1.2% or-
ganic matter content, characteristic of high-yield peanut cultivation regions in the Yellow
River Valley.

A split-plot design was implemented with row spacing (40 cm) and planting density
(330,000 plants ha) held constant across both years. The 2023 trial comprised 43 elite cul-
tivars (including provincial-recommended varieties and high-yielding genotypes) sown
on 10 May, arranged in 4 m long plots (0.85 m row spacing) with 0.60 m surface width. In
contrast, the 2024 experiment expanded to 800 test genotypes planted on 13 May using a
ridge-furrow system (0.48 m? plot area), maintaining consistent agronomic practices ex-
cept for genotype diversity scaling. All trials followed local precision management proto-
cols, including drip irrigation and integrated pest management.
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Figure 1. Geographic location of the test site.

2.2. Data Collection

Field measurements of phenotypic traits and UAV-based image acquisition were
conducted synchronously during four critical growth stages of peanut development: seed-
ling establishment (V3), flowering and peg penetration (R1), pod formation (R3), and
physiological maturity (R7), following the standardized growth stage classification for
peanut (Table 1).

Table 1. Peanut Critical Fertility Periods and Sampling Dates.

Growth Stage

Sampling dates in 2023 Sampling dates in 2024

V3 seedling establishment 7 June 2023 18 June 2024
R1 flowering and peg penetration 5 July 2023 31 July 2024
R3 pod formation 1 August 2023 22 August 2024
R7 physiological maturity 5 September 2023 7 September 2024

2.2.1. Plant Height and SPAD Measurements

At each critical growth stage, five representative plants were systematically sampled fol-
lowing standardized phenotyping protocols. Field-measured plant height (cm) and SPAD-502
m (Konica Minolta, Chiyoda-ku, Tokyo 100-7015, Japan) readings were recorded between
10:00 and 14:00 local time under diffuse light conditions. Statistical analysis revealed interan-
nual variability patterns (Figure 2), with 2024 SPAD measurements exhibiting greater disper-
sion. This increased heterogeneity in the 2024 dataset justified its selection for model calibra-
tion, while the 2023 data served as an independent validation set.
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Figure 2. Statistics of plant height and SPAD value in different years.

2.2.2. Multispectral Data UAV Data Acquisition

The UAV 4-in-1 phenotype platform developed by the group was utilized for multi-
spectral data acquisition, and the data were calibrated using a reflectance calibration plate
and a light sensor [30]. To obtain accurate multispectral data, the test was conducted in
clear and cloudless weather, and the UAV route planning in this test used the waypoint
flight mode with 85% route coverage, the UAV flight altitude of 30 m, the flight speed set
at 1 m/s, and the turning radius of the route of 5 m.

2.3. Feature Extraction
2.3.1. Preprocessing

The image information collected by the UAV remote sensing platform is a peanut
multi-band single remote sensing image, which needs to be spliced and radiometrically
corrected before information extraction. The multispectral image stitching was realized
with Pix4D 4.5.6 software, in which the radiometric calibration was performed to obtain
the orthophoto. The original UAV images acquired during different fertility periods and
the calibration plate data of each band were imported into Pix4D 4.5.6 software for radio-
metric calibration, image alignment, camera optimization, and construction of ortho-
photo. The synthesized images of each band were imported into ArcMap 10.7 software
for band combination and exported. The orthophotos were imported into ENVI 5.6 and
subjected to geographic alignment, region of interest (ROI) mapping, masking (to remove
soil background), and vegetation index extraction.

2.3.2. Canopy Spectral Parameters (MS)

Based on summarized previous work, multispectral bands and related vegetation in-
dices for estimating crop height and SPAD values were selected in this study (Table 2).
These indices not only include traditional vegetation indices but also take into account
information from red, green, blue, red-edge, and near-infrared bands to reflect crop
growth more comprehensively. The table details their names and corresponding calcula-
tion formulas.
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Table 2. Canopy spectral parameters extracted from multispectral images and their calculation formulas.

Spectral Parameter Formula Reference
RNIR
RVI [31]
Ry
Rnir
GClI -1 [32]
Rg
RNIR RR
NDVI 33
R + Ry 1%
GNDVI nr_n 34
Ryir + R 134]
GRVI Re — Rw [35]
Ryir — Rg) X 2.5
EVI (Ryir r) [36]
Ryjr + Rp X6 —Rg x75+1
(Rnir —Rg) X 2.5
EVI2
v Ryir + Rg X 24+ 1 [36]
R
TCARI Ruir — Re — (Ryig — Rg) X 0.2 X g’R] x 3 [36]
R
Rnir — R
AVI —_— 7
R
MCARI [Rpz — Rr — (Rpg — Rg) X 0.2] x % [38]
R
MCARI
MCARI/OSAVI [38]
Ruse X 012 — R
nig X U.12 = Rp
WDRVI Ryir X 0.12 + R [39]
v (Ryir + Rg)
1'5[1'2(RN1R - RG) - 2'5(RR - RG)]
MTVI2 [38]
(2Ryjg +1)2 — 6Ry;g — 5/ Rg =5
RNIR - RRE
NDRE —_— 41
"
SCCCI —_— [42]
NDVI
TVI 120(Ry;r — RG)Z_ 200(Rg — Rg) [43]
DVI RNIR - RR [44]
MSAVI 2RNIR +1- \/(ZRNIR + 1)2 - 8(RN1R - RR) [45]
2
Rr —Rp
NPCI Ro Ry [46]
Red(R) Canopy reflectance of Channel -
Green(G) Canopy reflectance of Channel -
Blue(B) Canopy reflectance of Channel -

Red-edge(RE)
Near-infrared(NIR)

Canopy reflectance of Channel -
Canopy reflectance of Channel -

Note: The R, G, B, RE and NIR spectral channels were all obtained by canopy reflectance extraction

from spectral images.

2.3.3. Canopy Texture Parameters (TEX)

Texture features (TEX) represent the gray scale relationship between different pixel
points in an image and their surroundings [47]. There are various methods for extracting
texture parameters, among which the gray level covariance matrix (GLCM) is the most
widely used [48,49]. In this study, the spectral images of UAV multispectral five bands
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were subjected to second-order GLCM computation and selected mean, variance, homogene-
ity, contrast, dissimilarity, entropy, second-order moments, and correlation, and eight kinds
of texture information parameters as feature inputs to canopy texture parameters of this study
[50]. The correlation parameters were calculated using ENVI 5.6 software.

2.4. Machine Learning Algorithms
2.4.1. Partial Least Square Regression (PLSR)

PLSR is a regularly used approach for modeling spectral data [18]. It is suited for
analyzing multicollinear spectrum datasets and high-dimensional data and can success-
fully handle the problem of the number of independent variables surpassing the number
of samples. At the same time, PLSR has been proven to be a flexible multivariate statistical
regression approach for modeling the biochemical components of crops using spectral
data. It effectively integrates multiple linear regression, principal components, and corre-
lation analysis to better handle the problem of multicollinearity among variables.

2.4.2. Support Vector Machine (SVM)

The SVM method is a machine learning methodology, and Support Vector Regres-
sion (SVR) is a significant application of SVM [51]. The concept is to discover an optimal
hyperplane that minimizes the overall deviation of all sample points to the hyperplane
and then fits all data through the optimal hyperplane [25]. In SVR, there are four typically
used kernel functions: linear, polynomial, Gaussian, and sigmoid. In this work, a linear
kernel function is utilized, and its model performance is controlled by the kernel param-
eter (gamma) and tuning parameter (C).

2.4.3. Random Forest Regression (RFR)

Random Forest is a typical representative algorithm in integrated learning utilizing
Bagging as a framework [24]. It is defined by its capacity to randomly sample the samples
and features in the training set, which lowers the occurrence of overfitting. RFR consists
of a mixture of many decision trees, each of which is randomly sampled and provides the
appropriate anticipated values in the model training process. Eventually, the regression
of RFR is finished by integrating all the trees. RFR has the apparent benefit of working
with big samples and high dimensional data, and the projected values of all decision trees
are combined to complete the regression of RFR.

2.4.4. Artificial Neural Network (ANN)

ANN is a key achievement in the field of artificial intelligence [23]. After years of
study and development, ANN-based approaches play a vital role in the disciplines of re-
mote sensing, image recognition, information retrieval, etc. ANN regression is a nonpar-
ametric linear model that employs neural network hierarchical propagation to imitate the
reception and information processing process of the human brain. Neural network regres-
sion is a gradient-based learning approach that incorporates input, hidden, and output
layers and network initialization. The final weights are generated by continually updating
the error values and weights. Previous research has demonstrated that ANNs are suited
for regression modeling data types with high sample sizes. However, because of the net-
work topology and sample complexity, ANNs are prone to over-learning, which de-
creases the generalization ability. Therefore, neurons are an essential parameter in neural
network regression models. The more neurons, the more accurate the model is, but the
poorer the generalization capacity.
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2.5. Correlation Analysis and Model Accuracy Evaluation
2.5.1. Correlation Analysis

The correlation analysis used was the Pearson correlation coefficient, and the abso-
lute value of the Pearson correlation coefficient was used in this paper to measure the
correlation between each indicator and the peanut multidimensional phenotypic indica-
tors [52]. The formula for the Pearson correlation coefficient is as follows:
% -D-9)

VI - X2E( - V)2

where Xi represents the actual value of i sample of the independent variable, Yi represents

@M

l:)X,Y

the actual value of the i sample of the dependent variable (indicator), and X and Y de-
note the mean values of X and Y, respectively. The relationship between the strength of
correlation is specified as the absolute value of P is greater than 0.8 for very strong corre-
lation, greater than 0.6 for strong correlation, greater than 0.4 for moderate correlation,
greater than 0.2 for weak correlation and less than 0.2 for no correlation.

2.5.2. Evaluation of Model Accuracy

In this study, a total of 200 samples (four key reproductive periods) from the 2024
trial data were used to carry out the model construction, and the number of training and
testing samples selected were 132 and 68 (2:1), respectively, and a total of 172 samples
from the 2023 data were collected for the validation of the model application. The coeffi-
cient of determination (R?), root mean square error (RMSE), normalized root mean square
error (NRMSE) and the ratio of percent deviation (RPD) were used to evaluate the model
accuracy [53]. The evaluation criteria of RPD are: RPD > 3 for good model prediction ac-
curacy, 3 > RPD > 2 for good model prediction accuracy, 2 > RPD > 1.5 for fair model
prediction accuracy, and RPD < 1.5 for poor model prediction accuracy [54].

The experiment’s technical flow chart is displayed in Figure 3. By extracting various
feature sources from UAV multispectral images and combining single and multiple fea-
ture sources, this experiment compares and analyzes the prediction effect in various mod-
els. The best model is then identified, and its applicability is confirmed with various plots
in various years to further ascertain the model’s generalization.
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Figure 3. Flow chart of the test.
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3. Results
3.1. Correlation Analysis of Peanut Phenotypic Indicators with Different Characteristic
Parameters

Pearson correlation analysis revealed distinct relationships between spectral param-
eters and phenotypic traits (Figure 4a). Canopy spectral characteristics demonstrated
stronger associations with plant height than with SPAD values, with both traits exhibiting
negative correlations across five single spectral bands (p < 0.05). Notably, vegetation indi-
ces showed significant correlations with 16 parameters for plant height and 14 for SPAD.
The red band and derived indices (RVI, NDVI, GNDVI, WDRVI, NDRE) displayed par-
ticularly strong correlations with plant height (r > 0.7), while SPAD values showed mod-
erate correlations (0.4 < r < 0.6) with four spectral bands (G, RE, NIR, R) and multiple
indices including GCI, EVI, and MCARI.
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Figure 4. Demonstrates correlation analyses between peanut phenotypic parameters (plant height
and SPAD values) and remote sensing-derived features. Panels (a—c), respectively, present (a) spec-
tral feature correlations, (b) visible-band textural feature associations, and (c) near-infrared-band

texture characteristic relationships.

TEX analysis in visible bands demonstrated differential associations (Figure 4-b&c):
Red band TEX parameters (homogeneity, dissimilarity, entropy, second-order distance)
correlated significantly with both traits, whereas blue band features primarily associated
with plant height (mean, homogeneity, dissimilarity). In spectral edge regions, red-edge
band TEX parameters showed highly significant correlations (p < 0.01) with plant height,
while near-infrared features correlated with seven of eight TEX parameters. SPAD values
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exhibited consistent correlation patterns across both bands, showing significant associa-
tions with all TEX parameters, except entropy and second-order moments.

3.2. Evaluation of Model Estimation Performance of Peanut Phenotypic Indicators Under
Different Feature Fusions

According to the results of correlation analysis, the feature values with significant
correlation will be input into the machine learning model as the feature source, and four
machine learning models, namely, SVM, RFR, PLSR, and ANN, will be used to evaluate
and analyze the performance of the model construction of the two phenotypic indexes on
the features integrating different data sources. The specific results are as follows:

3.2.1. Performance Evaluation of Model Estimation of Peanut Plant Height by Multi-
Source Feature Fusion

Machine learning model evaluation demonstrated significant performance variations
when using TEX for plant height prediction (Figure 5). Among the four algorithms eval-
uated, RFR achieved superior training accuracy (R? = 95.6%) compared to SVM (R? =
80.8%), PLSR (R?=79.7%), and ANN (R?=81.9%). Comparative analysis revealed that RFR
showed a 14.7~15.9% improvement in R? and 2.24~2.36 enhancement in RPD relative to
other models when utilizing TEX inputs. Notably, all models exhibited R? values exceed-
ing 79% with TEX, indicating their universal enhancement effect on prediction accuracy.
This pattern suggests TEX parameters substantially improve model performance, partic-
ularly through their synergistic interaction with ensemble learning methods like RFR.

RMSE_P nRMSE_P R? P=@—RPD P
14 LI B B S B B B B N B B B B B B R | 0.0 q1.0 95
g Ho.1
12
.. [ 1 b | Ll | 0.2 44
10 -10.8
-10.3
a o
2 g 0.4 2 = fyg
2] - 4 o4
s = -3 &
& %
-10.5
6k Jo.6
-10.6 12
4k
40.7
2 | B L L B S L L A B S B B B B B N B 0.8 = 0.4 -1
Weheeh Wb et Wb et Wbt
R e @ @
SVM RFR PLSR ANN

Figure 5. Evaluation of plant height estimation performance of different models in training sets with

different types and numbers of input features, where _P represents the training set.

As illustrated in Figure 6, the fused MS + TEX feature combination demonstrated
optimal predictive performance across all machine learning models, achieving R? values
of 91.6%, 91.9%, 90.2%, and 92.3%, respectively. This multimodal approach consistently
outperformed single-feature models in both error reduction and stability metrics. Nota-
bly, the ANN emerged as the most effective predictive model under the multi-source fea-
ture fusion framework, exhibiting 3.9% and 3.4% improvements in R? compared to MS
and TEX single-feature models, respectively. Concurrent RPD enhancements of 0.69 and
0.62 were observed in the ANN model. These findings collectively demonstrate that multi-
source data fusion significantly enhances the predictive capacity of plant height models
through synergistic feature integration.
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Figure 6. Evaluation of plant height estimation performance of different models in the test set with

different types and numbers of input features, where _T denotes the test set.

3.2.2. Evaluation of Model Estimation Performance of Peanut SPAD by Multi-Source
Feature Fusion

The comparative analysis of machine learning models for SPAD value inversion, as
illustrated in Figure 7, revealed significant performance variations among the evaluated
algorithms. RFR demonstrated superior predictive capabilities compared to SVM, PLSR,
and ANN models. Notably, using multi-source data fusion, the RER model obtained an RPD
of 2.80 and a training accuracy of 88.9%. In contrast, the comparative models exhibited sub-
stantial reductions in R? (SVM: 38.1%, PLSR: 37.7%, ANN: 34.8%) and RPD (SVM: 1.47, PLSR:
1.46, ANN: 1.42). Of particular note was the consistent performance advantage maintained by
RFR across different feature source configurations. These findings suggest that the RFR archi-
tecture possesses inherent advantages in processing heterogeneous agricultural datasets for
chlorophyll content estimation, particularly through its ensemble learning mechanism that ef-
fectively mitigates overfitting while maintaining model robustness.
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Figure 7. Evaluation of the performance of different models in estimating SPAD values for the train-

ing set with different types and numbers of input features, where _P represents the training set.
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As demonstrated in Figure 8, the multimodal MS + TEX approach achieved superior
prediction performance compared to single-source feature inputs across all evaluated
models. The random forest regression (RFR) model exhibited the highest predictive accu-
racy with this fusion strategy, attaining an R? of 48.4% (RMSE = 6.30, nRMSE = 0.160, RPD
= 1.40). Notably, the MS + TEX integration in RFR showed 8.1% and 15.1% improvements
in predictive accuracy relative to MS and TEX single-feature models, respectively, accom-
panied by RPD enhancements of 0.09 and 0.16. These results substantiate that multi-
source data fusion effectively enhances SPAD value prediction through the simultaneous
improvement of model accuracy, error reduction, and stability optimization.
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Figure 8. Evaluation of SPAD estimation performance of different models for different input feature

types and numbers in the test set, where _T denotes the test set.

3.3. Optimal Prediction Model for Peanut Phenotypic Indicators Under Multi-Source Data Fusion

The phenotypic prediction model constructed based on the 2024 experimental data
showed higher prediction accuracy and model stability of multi-source feature fusion
than single feature source and also lower model prediction error, so this experiment used
the 2023 experimental data to validate the generalization of the model, and plotted 1:1
cross-validation scatter plots based on the true and predicted values (Figures 9 and 10),
with the following results:
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Figure 9. Cross-validated scatterplot of measured and predicted peanut plant height. The black dashed
line indicates a 1:1 relationship, where the eigenvalue inputs to the modeling algorithms are all MS + TEX.
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3.3.1. Optimal Prediction Model of Multi-Source Feature Fusion to Peanut Plant Height

The 1:1 parity analysis between measured and predicted plant height values (Figure
9) revealed distinct model performance characteristics. Support vector machine (SVM)
demonstrated superior prediction accuracy for peanut plant height (R? = 91.2%, RMSE =
3.91 cm, nRMSE = 0.235, RPD = 3.39), with particularly strong convergence (<5% deviation)
for plants under 30 cm in height. However, predictive dispersion increased progressively
for taller plants (>30 cm). In contrast, random forest regression (RFR) exhibited robust
convergence across the full phenological spectrum yet showed reduced generalizability
when applied to inter-annual, multi-plot datasets. This comparative analysis indicates
RFR’s susceptibility to overfitting in multi-source fusion scenarios (evidenced by 23.4%
higher variance in 15-20 cm and >30 cm cohorts), whereas SVM's inherent regularization
mechanisms conferred stronger cross-dataset applicability despite marginally lower train-
ing accuracy.

3.3.2. Optimal Prediction Model of Multi-Source Feature Fusion for Peanut SPAD

The 1:1 parity plot analysis of SPAD measured versus predicted values (Figure 10)
revealed distinct model performance characteristics. Random forest regression (RFR)
demonstrated optimal predictive accuracy for peanut SPAD values (R? = 53.0%, RMSE =
4.77 SPAD units, nRMSE = 0.102, RPD = 1.46), with particularly strong convergence in the
40-55 SPAD range. Comparative analysis showed RFR maintained robust performance
across phenological stages and achieved superior generalizability in multi-year, cross-plot
validation (inter-annual RMSE variance <8.2%). However, all tested models (SVM, PLSR,
and RFR) systematically underestimated upper SPAD values (>55), with ANN exhibiting
12.7% better predictive capacity at higher physiological ranges (>60 SPAD) compared to
RFR. This pattern suggests that, while RFR’s feature selection robustness enhances multi-
source fusion modeling, its inherent bootstrap aggregation mechanism may induce con-
servative prediction tendencies at physiological extremes.

4. Discussion

Crop phenotyping is one of the key topics in agricultural research, and with the con-
tinuous progress of high-throughput data collection technologies such as unmanned aer-
ial vehicles (UAVs), it has become possible to obtain phenotypic data quickly and effi-
ciently. As an important grain and oil crop in China, the growth and development of pea-
nuts has an important impact on grain and oil yields. Currently, there are few reports on
the acquisition and study of high-throughput phenotypes of peanuts, and most of them
focus on the analysis of a single phenotypic index. In this study, we explored the inversion
effect of data fusion of different feature sources by analyzing the effect of two phenotypic
indicators under different machine learning methods.

4.1. Multi-Source Data Fusion Enhances Phenotype Prediction Accuracy

By comparing the effects of different data source coupling on peanut plant height
and SPAD estimation, this study found that multi-source data coupling as a feature source
input model has significantly improved the prediction effect compared with that of a sin-
gle feature source, which is consistent with previous studies [55]. Peanut plant height pre-
diction model construction (Figures 5 and 6) demonstrates that TEX has a facilitating effect
on peanut plant height training. The fusion of spectral features after the four machine
learning models’ prediction performance has improved, with ANN being the optimal pre-
diction model in the construction of the plant height model. Its use of MS + TEX, rather
than the MS and TEX of the R?, increased by 3.9% and 3.4%, respectively, which suggests
that the use of a variety of coupled feature sources has significant relevance to the peanut
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plant height and SPAD estimation effect. The prediction accuracy of SPAD is also in line
with this law, but its prediction accuracy is relatively low, and the R? of the optimal pre-
diction model (RFR) is only 53.0%, which is mainly because the correlation with the UAV’s
blue-green-red-edge near-infrared bands is only moderately correlated, whereas the rele-
vant vegetation index and TEX index are obtained from the original band images. This
leads to a certain imbalance in the weight ratio of feature sources during model training,
thus affecting the prediction accuracy of the model.

4.2. Model Generalization Capacity Determines Practical Applicability

The best predictors of peanut plant height and SPAD in the model construction are
ANN and RFR under TEX + MS, respectively, but in the generalized validation results
using peanuts from different plots in different years, the best predictors are SVM and RFR
under TEX + MS, respectively, in which it is found that there is a certain degree of overes-
timation of ANN in the process of predicting plant height, and there is a certain degree of
over-fitting problems in the prediction of plant height by RFR. There is a certain overfitting
problem, which leads to different model prediction effects in the process of model appli-
cation, showing poor adaptability. In contrast, although the performance of SVM in pea-
nut plant height model construction is average, in general, it has a strong model adapta-
bility and generalization ability, which is mainly manifested in the peanut plant of 10-20
cm having better prediction accuracy. The 24-year modeling framework demonstrates
that integrating multi-source data, particularly texture features, significantly improves
prediction accuracy, consistent with established remote sensing methodologies [55].
Among texture parameters, correlation exhibits the strongest contribution to SPAD value
estimation, while plant height prediction primarily relies on variance in visible bands and
entropy in infrared bands. Comparative analysis of machine learning architectures reveals
that ensemble models outperform linear approaches by 34.5% in inversion accuracy (R? =
0.530 vs. 0.394), with RFR achieving superior training efficiency (mean RMSE reduction:
13.5% vs. PLSR). These findings align with Zou et al. [56], whose RFR implementation
enhanced model generalization across diverse crop phenotypes.

In summary, this experiment comprehensively considered the model prediction ac-
curacy, stability, prediction error, adaptability, and generalization and found that the op-
timal model for peanut plant height prediction using MS + TEX as the input of feature
source is SVM. It is worth noting that, although both ANN and RFR have better prediction
accuracy stability, they perform poorly in the model application, though RFR achieves a
good prediction effect in predicting peanut SPAD.

5. Conclusions

In this experiment, four machine learning algorithms based on random forests and
other machine learning algorithms were combined with multi-source data to create esti-
mation models for peanut plant height and SPAD. The models’ generalizability for use
was also examined, and the findings demonstrated that, independent of modeling tech-
niques, the estimation effect of combining multiple sources of data on plant height and
SPAD was superior to that of a single feature variable. When MS was combined with TEX
as a feature source input, peanut plant height was best predicted by SVM (R? = 91.2%,
RMSE = 3.91, nRMSE = 0.235, RPD = 3.39). ANN also produced decent predictions (R? =
92.3%); however, there was some overfitting and overestimation. With MS + TEX input
RFR, peanut SPAD was best predicted (R? = 53.0%, RMSE = 4.77, nRMSE = 0.102, RPD
=1.46). MS + TEX increased the R? over MS and TEX by 3.9% vs. 3.4% and 8.1% vs. 15.1%,
respectively, in the peanut plant height and SPAD optimum prediction models. This pa-
per offers a novel, efficient method for estimating the peanut phenotypic index that can
be used in both large-scale and low-cost trials.
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