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Abstract

Chlorophyll content represents a key growth indicator for maize. The traditional SPAD
(Soil and Plant Analyzer Development) method, though easy to operate, is inefficient, de-
structive, and unsuitable for high-throughput field monitoring. UAV (Unmanned Aerial
Vehicle) remote sensing technology is highly efficient and detects abundant indicators,
enabling large-scale SPAD measurement. In this study, 18 vegetation indices and eight
texture features were selected as the indicator system by combining prior knowledge and
experimental analysis. In a two-year maize density experiment, multispectral images were
collected in the growth period. The correlations among SPAD values, multispectral indi-
ces and texture features were analyzed using Pearson correlation coefficients. Then the
detection accuracies of three algorithms, i.e, RF (Random Forest), PLSR (Partial Least
Squares Regression), and SVR (Support Vector Regression), were compared under this
indicator system. Compared with models constructed using single vegetation indices or
single texture features, the estimation accuracy of the indicator system at the jointing stage
was improved by 0.13 and 0.22, respectively. The results showed that SVR achieved the
highest estimation accuracy among the three algorithms, with determination coefficients
(R?) of 0.73, 0.77and 0.70 at the jointing, silking, and grain-filling stages, respectively. This
study established a non-destructive monitoring framework for chlorophyll content dur-
ing the entire maize growth stage based on UAV data.

Keywords: Zea mays L.; plant density; SPAD estimation; UAV; machine learning

1. Introduction

Maize (Zea mays L.) is an important crop because of its suitability for a variety of
purposes, such as food, energy consumption and animal feeds [1]. Leaf nitrogen content
is a core indicator for maize nutrition and vigor diagnosis [2]. SPAD values can quantita-
tively characterize crop nitrogen nutrition and chlorophyll levels, which is critical for pre-
cise nitrogen application and yield management [3,4]. Traditional manual measurement
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is labor intensive and cannot meet modern agricultural monitoring needs [5], while UAV
multispectral remote sensing enables efficient non-destructive SPAD inversion, serving as
a key tool for precision agriculture monitoring [6,7].

In recent years, UAV-borne multispectral remote sensing has been increasingly ap-
plied in precision agriculture, especially for the inversion of crop SPAD values. It is diffi-
cult to construct a stable inversion model for the entire growth period relying solely on
single spectral information [8]. The key lies in constructing stable and highly generalizable
estimation models suitable for multi-variety, multi-region, and multi-climate scenarios.
Various Vis (Vegetation Indices) derived from canopy reflectance have been successfully
applied to chlorophyll estimation and crop growth evaluation [9,10]. However, crop spec-
tral characteristics change continuously throughout the entire growth period, and their
correlation with chlorophyll content also varies accordingly. It is difficult to construct a
stable inversion model for the growth period relying solely on single spectral information.
Image texture features can effectively compensate for the deficiencies of spectral infor-
mation, providing a new approach to solving this problem.

Texture features extracted from remote sensing images can quantitatively describe
the spatial distribution and structural heterogeneity of crop canopies [11]. Therefore, in
spectral inversion, they effectively alleviate the signal saturation problem of traditional
VIs under high canopy closure and compensate for the instability of spectral signals
caused by variations in growth stages and environmental conditions. By integrated VIs
with texture features, the accuracy, stability, and generalization ability of physiological
parameter inversion models can be significantly improved [12]. In agricultural applica-
tions, texture features have been widely used in non-destructive monitoring of crop
growth, SPAD estimation [13], yield prediction [14] and stress detection. They provide
critical spatial structural information that spectra alone cannot capture, especially for
dense planting populations. Therefore, integrating texture features into remote sensing
inversion has become an important means to promote high-precision and intelligent mon-
itoring in precision agriculture.

However, most existing studies focus on a single growth stage or specific environ-
mental conditions. The limited research on SPAD estimation models for the summer
maize during entire growth cycle under various field conditions is still a core challenge.
This study aimed to explore the feasibility of accurately estimating maize canopy SPAD
values in the growth period using multispectral remote sensing. A total of 12,240 UAV
multispectral images were collected over two years under different maize planting densi-
ties. Based on the correlations among SPAD values, VIs, and texture features, 18 VIs and
eight texture features were extracted to construct an indicator system for SPAD values
estimation from UAV remote sensing imagery. The estimation accuracies of three algo-
rithms were compared, confirming SVR as the optimal one, and its feasibility for estimat-
ing maize canopy SPAD values under field conditions was verified.

2. Materials and Methods

2.1. Experiment Location and Design

Field trials were conducted at the Mengcheng County Agricultural Technology
Demonstration Farm in Bozhou City, Anhui Province, China (33°9" N, 116°32" E). In this
study, we used two widely grown maize cultivars in the Huang-Huai-Hai region, i.e.,
ZD958 and MY73, and set up four planting densities, i.e., PD3 (30,000 plants ha™), PD6
(60,000 plants ha™), PD9 (90,000 plants ha™), and PD12 (120,000 plants ha). Image data
were collected during the 2023 and 2024 maize growing seasons using a DJI M300 RTK
UAV (DJI Innovations Science and Technology Co. Ltd., Shenzhen, China) equipped with
an AQ600 Pro multispectral sensor (Changguang Yuchen Information Technology and
Equipment Co. Ltd., Qingdao, China). The AQ600 Pro is a standard professional UAV

https://doi.org/10.3390/agriculture16131442



Agriculture 2026, 16, 1442

3 of 17

multispectral camera equipped with 5 multispectral channels (3.2 megapixels per channel)
and 1 RGB channel (12.3 megapixels). Multispectral data preprocessing was performed

using DJI Terra (v5.0.2). Band math, region of interest (ROI) definition and pixel statistics

were conducted in ENVI 5.3 software to extract the average reflectance of each plot, which

was used as the spectral reflectance sample for each band. A total of 12,240 multispectral

images of maize during the growth period (covering V3, V6, V10, V12, VT, R1, R2, and R3)

were collected in field conditions. Subsequently, this study constructed a representative

dataset named SPADmaize_ahau, with the 2025 dataset used as the training set and the

2024 dataset as the test set to verify the generalization ability of the model under interan-

nual climatic conditions.

To verify the accuracy of SPAD values retrieved by remote sensing, the SPAD-502
chlorophyll meter (Konica Minolta, Ltd., Tokyo, Japan) was used to measure ground-
based SPAD values synchronously with remote sensing data acquisition, so as to charac-
terize the chlorophyll content of summer maize. The measurement accuracy of the instru-
ment was +1.0 SPAD units, and the repeatability error was +0.3 SPAD units. Uniform-
growth maize plants were randomly selected in each experimental plot, with 10 plants
sampled per treatment. Fully expanded leaves with uniform light exposure, no pests, dis-
eases or mechanical damage were selected as target leaves during measurement, and
SPAD readings were separately measured at the leaf tip, middle and basal positions. The
average of these three measurements was defined as the final SPAD value for each leaf of
the corresponding treatment. All SPAD measurements were conducted between 9:00 and
11:00 a.m. under clear and cloudless weather conditions to eliminate the influence of var-
ying light conditions on measured values. Field SPAD measurements and UAV remote
sensing data acquisition were completed on the same day to guarantee the temporal and
spatial matching between ground truth measurements and remote sensing spectral infor-
mation (Figure 1).

@
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Figure 1. Illustration of the experimental procedure. (a) Field trial in Bozhou, Anhui. (b) UAV mul-

tispectral data collection. (c) Multispectral images of maize growth stages.
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2.2. Indicator System

VIs play a dominant role in SPAD inversion by reflecting crop biochemical information,
while texture features provide supplementary spatial structural details of the canopy. The
integration of these two types of features can effectively improve estimation accuracy.

Drawing on prior findings and the responsiveness of chlorophyll content to spectral
features, this work selected the indices listed in Table 1 to explore their correlation with
SPAD values in summer maize. Meanwhile, all feasible texture indicators integrated were
constructed across five spectral bands (450, 560, 650, 730, and 840 nm). A total of eight
texture features based on the Gray-Level Co-occurrence Matrix (GLCM) were used: mean
(mean), variance (var), homogeneity (hom), contrast (con), dissimilarity (dis), entropy
(ent), second moment (sm), and correlation (cor). Multi-featured integration effectively
compensates for the limitations of single spectral or texture information, which is crucial
for improving the accuracy and stability of SPAD simulation. Detailed information on the
texture features corresponding to each spectral band is provided in Table 2.

To avoid model overfitting and distorted parameter estimation caused by ignoring col-
linearity among variables, we performed a Variance Inflation Factor (VIF) test on the feature
sets screened for each core model. The VIF values of vegetation indices and texture features
ranged from 1.35 to 4.34, which were far below the empirical threshold of 10, indicating no
severe multicollinearity among the selected features. L1 regularization was applied to con-
duct sparse feature selection. The results revealed that the intersection ratio between fea-
tures retained by LASSO and those screened via Pearson correlation analysis (Ir| > 0.6)
ranged from 82% to 91% (with slight variations across different growth stages). The coeffi-
cient of determination R? of the SVR model built on LASSO-selected features (0.70-0.75) was
close to that of the model using Pearson-screened features (0.72-0.77), and no statistically
significant difference was observed between the two approaches (p > 0.05). Recursive Fea-
ture Elimination (RFE) combined with cross-validation was used to iteratively eliminate
non-essential features. The results demonstrated that the optimal feature subset obtained by
RFE shared an overlap of more than 78% with the Pearson-screened feature set. Furthermore,
the features with the highest Pearson correlation coefficients (such as MCCCI and entropy)
were also prioritized and retained in the RFE feature ranking.

Table 1. The 18 VIs used in this study.

Acro- Vegetation Index Formula Refer-
nym ence

NDVI Normalized Difference Vegetation Index NDVI = (NIR - Red)/(NIR + Red) [15]

NDRE Normalized leferenaijl Ejd-Edge Vegetation In- NDRE = (NIR - Red Edge)/(NIR + Red Edge) [16]

MSRI Modified Simple Ratio Index MSRI = (NIR/R - 1)/sqrt(NIR/R + 1) [17]

GNDVI Green Normalized Difference Vegetation Index GNDVI = (NIR - Green)/(NIR + Green) [18]

OSAVI Optimized Soil Adjusted Vegetation Index OSAVI = (NIR-Red)/(NIR + Red +0.16) x 1.16 [19]

EVI Enhanced Vegetation Index EVI=2.5 x (NIR - Red)/(NIR + 2.4 x Red + 1) [20]

Transformed Normalized Difference Vegetation TNDVI = sqrt(NIR — Red Edge)/(NIR + Red Edge)

TNDVI [21]
Index +0.5

GOSAVI Green Optimized Soil Adjusted Vegetation In-  GOSAVI =1.16 x (NIR - Green)/(NIR + Green + 22]
dex 0.16)

GDVI Green Difference Vegetation Index GDVI = NIR - Green [23]
RVI Ratio Vegetation Index RVI=NIR/Red [24]
DVI Deviation Vegetation Index DVI=NIR - Red [25]

SR Simple Ratio (SR) SR = NIR/Red [26]
NGI Normalized Green Vegetation Index NGI = Red/(NIR + Red Edge + Red) [27]
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Modified Climate Change Canopy Vegetation

MCCCI Indox MCCCI = (NIR - Red Edge)/(NIR + Red Edge) [28]
MTCI MERIS Terrestrial Chlorophyll Index MTCI = (NIR — Red Edge)/(Red Edge — Red) [29]
Clgreen Green Chlorophyll Index Clgreen= NIR/Red - 1 [30]
Viopt Optimal Vegetation Index VIopt = 1.45 x ((Red?+ 1)/(Red + 0.45)) [31]
DATT Dattl DATT = (NIR - Red Edge)/(NIR - Red) [32]

Vegetation __,| Training Model
indices Set Training
Feature Data . Evaluation
—1 Extraction Preprocessing and
Optimization
L, Texture Test Model SPAD value
features Set Testing inversion

Table 2. Examining relationships of single texture features with each spectral band in the rise pe-

riod.
Texture Feature Correlation Coefficient
Blue Green Red Red Edge Near IR

Mean (mean) -0.10 -0.08 -0.15 0.07 0.18
Correlation (corr) 0 -0.08 0.07 -0.19 -0.17
Dissimlarity (dis) -0.10 -0.06  -0.15 0.09 0.20
Angular (ang) 0.7 0.58 0.82 0.04 -0.71
Variance (var) -0.05 -0.04 -0.10 0.06 0.12
Contrast (con) -0.06 —-0.03 -0.08 0.07 0.12
Entropy (ent) -0.68 -055 -0.80 0.04 0.75
Homogeneity (hom) 0.56 0.34 0.62 -0.16 -0.62

2.3. Model Selection

Multi-featured integration effectively compensates for the limitations of single spec-
tral or texture information, which is crucial for improving the accuracy and stability of
SPAD estimation. Previous studies have widely applied the SVR algorithm to handle
multi-feature integrated tasks in the retrieval of vegetation physiological parameters. As
a core algorithm branch of SVM (Support Vector Machine) for regression tasks, SVR is a
classic machine learning method based on the structural risk minimization principle,
which achieves data fitting and continuous value prediction by constructing an e-insensi-
tive loss function. In the remote sensing inversion modeling of maize canopy SPAD based
on multi-feature integration, the SVR model presents strong adaptability to high-dimen-
sional fused features, fully integrating the complementary information of spectral and
texture features. It significantly outperforms conventional regression algorithms in terms
of SPAD estimation accuracy, model stability and cross-scene generalization ability. For
multi-feature integrated modeling, SVR effectively mitigates the curse of dimensionality
and overfitting in the small-sample high-dimensional feature space, and its superior non-
linear fitting ability fully exploits the intrinsic relationship between multi-source features
and SPAD values to maximize the performance of multi-feature integration. The model
performance was then evaluated using SPADmaize_ahau (Figure 2).

Figure 2. Flowchart of SPAD inversion using VIs and texture features.
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In this study, the performance of the SPAD inversion models was evaluated using
two accuracy metrics: Root Mean Squared Error (RMSE) and Coefficient of Determination
(R?). A value of R2 closer to 1 indicates a better model fit. Meanwhile, a lower RMSE cor-
responds to smaller prediction errors, representing higher overall accuracy and more ro-
bust estimation performance. The calculation formulas are as follows.

2 _q _ Zim0im9)*
R =1 =S G M
1 ~
RMSE = (131,01~ 507 @
1 ~
MSE = -3, (vi = $)* ®)

where y; denotes the measured SPAD value, ¥, is the model’s prediction, y signifies
the mean observed value, and n represents the total number of samples. Together, these
indices serve to gauge the model’s performance, delivering insights into its accuracy and
estimation power across multiple dimensions.

2.4. Validation Strategy

Within the interannual validation framework, leave-one-growth-stage-out validation
was additionally performed across key maize growth stages including the tasseling stage,
filling stage, and maturity stage to evaluate the model’s adaptability across different de-
velopmental phases and prevent model training from being dominated by data from a
single specific growth stage. Given that planting density served as a core regulatory factor
in this study, we implemented independent grouped validation for each density treat-
ment. Specifically, datasets from partial density treatments were adopted for model train-
ing, and the trained model was then tested on datasets from density treatments that were
not involved in the training process, aiming to examine the model’s transferability to un-
seen planting density levels.

2.5. Hyperparameter Tuning

In this study, grid search combined with K-fold cross-validation was adopted for hy-
perparameter tuning. Grid search exhaustively traverses all combinations within the pre-
defined parameter space and evaluates the performance of each parameter set via cross-
validation to determine the globally optimal parameter combination. The key hyperpa-
rameters of different algorithms are shown in Figure 3 and Table 3.

Table 3. Key hyperparameters of the three algorithms.

Algorithm Hyperparameter Search Range Search Step Size
Penalty coefficient C [0.1, 1, 10, 100, 1000] log-spaced
SVR Kernel function parameter y [0.001, 0.01, 0.1, 1, 10] log-spaced
Insensitive loss function parameter ¢ [0.001, 0.01, 0.05, 0.1, 0.5] linearly spaced
n_estimators [50, 100, 200, 300, 500]
RF max_depth [5, 10, 15, 20, 30, None]
min_samples_split [2, 5, 10]
min_samples_leaf [1,2,4]
PLSR n_components [1,2,3, ..., 20]

https://doi.org/10.3390/agriculture16131442
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Figure 3. Dynamics of SPAD values and multi-band spectral reflectance characteristics of summer
maize during maize growth period. Note: PD3 (30,000 plants ha'), PD6 (60,000 plants ha™), PD9
(90,000 plants ha™), PD12 (120,000 plants ha™). Error bars indicate standard deviation.

Hyperparameter tuning was performed using 5-fold cross-validation in this study.
The GridSearchCV module embedded in the Scikit-learn library of Python 3.9 was em-
ployed to realize the joint optimization of grid search and cross-validation. To balance
computational efficiency and search accuracy, a two-stage strategy consisting of coarse-
grained search followed by fine-grained search was adopted. First, a large search range
with a relatively large step size was used to locate the approximate interval of optimal
hyperparameters. Subsequently, a fine search with a small step size was implemented
around this optimal interval to obtain the final optimal parameter combination.

3. Results
3.1. Chlorophyll Content at Different Growth Stages

To accurately characterize the dynamic trend of leaf chlorophyll content during the
maize entire growth period and facilitate comparative experiments with remote sensing
data, the SPAD values measured using SPAD-502 are presented in Figure 3b, while the
temporal variations in reflectance across five multispectral bands are recorded in Figure
3a. The SPAD value of maize exhibits a unimodal trend throughout the entire growth
period, increasing initially and peaking at the flowering and grain-filling stage, followed
by a rapid decline in the late growth stage. This dynamic pattern is highly coupled with
the temporal variation of reflectance across the five multispectral bands. Specifically, the
reflectance of the near-infrared (NIR), red-edge (RE), and green (G) bands shows a signif-
icant positive correlation with SPAD values; displaying a fully synchronous temporal
trend, their reflectance remains at a high level, with the smallest fluctuation during the
SPAD peak period. In contrast, the reflectance of the red (R) and blue (B) bands is nega-
tively correlated with SPAD values, decreasing as SPAD increases and exhibiting an op-
posite trend in the late growth stage. Since most VIs are constructed from the integration
of these chlorophyll-sensitive bands, they can effectively amplify the correlation between
spectral signals and SPAD values. Consequently, VIs demonstrates a strong correlation
with SPAD values and serves as core input indicators for SPAD remote sensing inversion
in summer maize.

https://doi.org/10.3390/agriculture16131442
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3.2. Correlation Analysis Among VIs, Texture Features and SPAD Values

For scenarios where the canopy closes and VIs generally suffer spectral saturation
during the mid-to-late growth stages of maize, texture features can overcome the limita-
tion of spectral saturation by capturing differences in spatial heterogeneity, thereby ena-
bling effective inversion of chlorophyll content. However, across the entire growth period,
the correlation between VIs and SPAD values is significantly stronger than that of texture
features. Therefore, to evaluate their correlations, this study conducted correlation anal-
yses among measured SPAD values, VIs and texture features. The results at the jointing
stage are presented in Figure 4 and Table 4, with detailed information provided in Sup-
plementary. The results showed that most VIs were extremely significantly correlated
with SPAD values at each growth stage (p <0.001). Red-edge vegetation indices presented
the optimal performance at the jointing stage, with correlation coefficients of DATT and
MTCI reaching 0.67, and those of NDRE, Clre and other red-edge indices all exceeding
0.62, while the green band showed an extremely strong negative correlation with SPAD
(r=-0.70). Red-edge indices remained sensitive to chlorophyll changes at the silking stage,
with correlation coefficients of DATT, NDRE and Clre of 0.55, 0.52 and 0.52, respectively.
The correlation between near-infrared integrated vegetation indices and SPAD increased
significantly at the grain-filling stage, with correlation coefficients of RVI, VIopt, OSAVI
and other indices all exceeding 0.75, and the red band showed a strong negative correla-
tion with SPAD (r = —-0.71). This study clarified the optimal VIs for SPAD inversion of
summer maize at different growth stages and provided reliable technical support for non-
destructive field monitoring of nitrogen nutrition throughout the growth period.

Correlation —0.13 0.03 0.18-0.18-0.28:0.26-0.21-0.19.023-0.23-0.21-0.25-0.27-0.23-0.25-0.19-0.18-0.23-0.15-0.150.21-0.18-0.1:0.61-0.480.240.54-0.66-0.25026 0 10
Angular =7 0201407101302 087 0 02
Entropy —06805 0101307301301 0 8702
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Figure 4. The interplay of spectral and SPAD features: a correlation assessment during the jointing
stage.
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Table 4. Correlation analysis between each spectral index and SPAD during maize jointing stage.

Spectral Index Correlation Coefficient Spectral Index Correlation Coefficient

B -0.55 *** DVI 0.44 ***

G -0.70 *** TNDVI 0.38 ***

R -0.60 *** VIopt 0.49 ***

RE -0.45 *** RVI 0.45 ***

NIR 0.33 *** NDRE 0.62 ***

GDVI 0.40 *** Cire 0.62 ***

GNDVI 0.58 *** SR 0.49 ***

Clg 0.60 *** DATT 0.67 ***

GOSAVI 0.50 *** MTCI 0.67 ***

NDVI 0.49 *** NGI —-0.57 ***

OSAVI 0.55 *** MCCCI 0.64 ***
MNDI 0.64 *** Mean 0.05
Entropy 0.50 *** Variance -0.01

Angular —0.54 *** Homogeneity —0.40 ***
Dissimilarity 0.04 Contrast -0.03

Correlation -0.03

Note: p < 0.001 (***).

The results of the correlation analysis between canopy SPAD values and texture fea-
tures at the three key growth stages showed that at the jointing stage, significant redun-
dancy existed among these features, with a correlation coefficient of —0.87 between en-
tropy and angular second moment; entropy achieved the optimal correlation with SPAD
(r =0.5) in this period. The overall correlation between texture features weakened at the
silking stage, while angular second moment and entropy showed the strongest correlation
with SPAD (r = -0.54 and r = 0.53, respectively). The correlation between texture features
and SPAD decreased overall at the grain-filling stage, with a maximum coefficient of only
0.38. Based on redundancy analysis, contrast and entropy were finally selected as the core
texture indicators. Comparative verification showed that both texture features and VIs
were significantly correlated with SPAD values.

3.3. SPAD Estimation Model Integrating VIs and Texture Features

Based on correlation analysis, we selected VIs (e.g.,, MCCCI) and texture features
(Contrast, Entropy) strongly correlated with summer maize SPAD values and constructed
canopy SPAD estimation models for the jointing, silking and grain-filling stages using
multiple machine learning algorithms. The SVR model showed the best overall perfor-
mance, and the integrated VIs and texture features significantly improved the SPAD pre-
diction accuracy of all stages. At the jointing stage, single vegetation features outper-
formed texture features, and the integrated model further enhanced field stability. The
integrated model reached a validation R? of 0.77 at the silking stage and maintained stable
performance (R?=0.70, RMSE = 3.83) at the grain-filling stage despite reduced single-fea-
ture accuracy caused by leaf senescence. This integrated strategy effectively compensates
for single-feature limitations and enhances model generalization (Figure 5 and Table 5).
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Figure 5. Comparison between simulated and measured SPAD results using image texture, vegeta-

tion indices, and their integration across different periods (blue represents the training set, and red
represents the test set).(a) SPAD prediction using single vegetation index at the jointing stage; (b)
SPAD prediction using single texture feature at the jointing stage; (c) SPAD prediction using com-
bined features at the jointing stage; (d) SPAD prediction using single vegetation index at the silking
stage; (e) SPAD prediction using single texture feature at the silking stage; (f) SPAD prediction using
combined features at the silking stage; (g) SPAD prediction using single vegetation index at the
grain-filling stages; (h) SPAD prediction using single texture feature at the grain-filling stages;
(j) SPAD prediction using combined features at the grain-filling stages.

Table 5. Comparison of SPAD estimation models using vegetation indices and texture features.

Stage

Feature

Machine Learning Model

RMSE

RZ

Jointing

Single vegetation feature

Single texture feature

Indictor System

PLSR
RF
Linear Regression
SVR
PLSR
RF
Linear Regression
SVR
PLSR
RF
Linear Regression
SVR

4.30
5.49
4.30
4.49
4.88
5.15
5.04
4.17
4.25
4.16
3.88
3.27

0.45
0.11
0.45
0.60
0.42
0.41
0.42
0.51
0.45
0.42
0.45
0.73
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Density

PD3

PD6

PDY9

PD12

Predicted SPAD

Predicted SPAD

Predicted SPAD

Predicted SPAD

To verify the superiority of the SPAD inversion model constructed in this study, com-
parative simulation analysis was conducted using jointing-stage data under different
planting densities within the test set (Figure 6). All models performed stably under low
density (PD6), with single VIs slightly outperforming single texture features. As density
increased to PD9 and ultra-high-density PD12, the accuracy of single-feature models de-
creased significantly, especially the single texture feature model, whose inversion ability
nearly failed under PD12, as canopy overlap and light heterogeneity from dense planting
weakened texture feature sensitivity. In contrast, the integrated-feature model showed
significant advantages in resisting density stress, with a significantly higher R? than sin-
gle-feature models across all densities. It maintained a stable R? of 0.60-0.70 from PD3 to
PD?9 and retained an R? of 0.34 even under PD12. This study confirms that planting density
is a key factor regulating the applicability of SPAD inversion models. The feature integra-
tion strategy offsets canopy structure interference via information complementarity be-
tween VIs and texture features, improving model generalization and the anti-interference
ability for precise nutrition monitoring of densely planted maize.
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Figure 6. Comparison of feature types for SPAD inversion models at the jointing stage of maize
under different planting densities. Note: PD3 (30,000 plants ha™), PD6 (60,000 plants ha), PD9
(90,000 plants ha'), PD12 (120,000 plants ha?).
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4. Discussion
4.1. Modeling the Differences Between VIs and Texture Features

In this study, compared with single-indicator methods, the integration of spectral
and textural features consistently improves model accuracy across various algorithmic
frameworks. A ternary integrated framework of “phenotypic feedback + management +
environment” for maize above-ground biomass estimation was constructed by fusing
multispectral, digital image and LiDAR data. The results revealed that the R? of the ran-
dom forest model reached 0.92-0.93 under multimodal data fusion, representing a 15.8%
improvement compared with the single vegetation index model [33]. To objectively eval-
uate the predictive performance of the proposed model and its research positioning in this
field, we quantitatively compared our results with recent representative studies focusing
on maize SPAD inversion using UAV multispectral remote sensing. Ma et al. (2024) esti-
mated maize SPAD values under different irrigation regimes via PLSR, RF and SVR,
achieving an optimal R? of 0.79 and an RMSE of 2.25 during the reproductive growth stage
[4]. Parida et al. (2024) predicted maize SPAD using UAV-derived multispectral vegeta-
tion indices, with R? values of 0.83 for NDRE and 0.82 for MCARI [9]. In our study, the
SVR model yielded an R? of 0.77 and an RMSE of 2.88 on the test set at the tasseling stage.
When texture features were used for model construction, their prediction accuracy was
slightly higher than that of spectral features during the early growth stage and after maize
maturity. This improvement can be attributed to the inherent capabilities of texture fea-
tures, which can amplify subtle spectral differences among ground objects; mitigate inter-
ference from background signals, the solar angle, and the sensor viewing angle; as well as
suppress spectral variability. These features can further alleviate the impact of high crop
coverage on spectral saturation during the inversion of growth indicators of multiple de-
velopmental stages. However, in the correlation analysis, spectral features consistently
showed stronger associations with chlorophyll content compared to texture-based metrics.
This phenomenon is attributed to the fact that the selected VlIs relieves specific spectral
bands, particularly the red-edge and near-infrared regions, which have a close correlation
with chlorophyll content but also exhibit significant collinearity. Therefore, simply select-
ing highly correlated features as inputs may not improve modeling accuracy. The integra-
tion of spectral and textural features effectively alleviates the constraint of multicollinear-
ity and compensates for the weak direct correlation between textural features and leaf
chlorophyll content. This multi-feature fusion framework can stably enhance the predic-
tion accuracy and generalization robustness of the SPAD inversion model, both through-
out the full maize growth stage and under different planting density conditions.

4.2. UAV-Based Maize SPAD Estimation with SVR and Feature Screening

In our experiment, SPAD values estimated from UAV multispectral imagery showed
strong agreement with ground measurements, with correlation coefficients exceeding 0.75,
indicating good predictive performance. The small deviation between estimated and
measured SPAD values may be partly attributable to the reduced influence of outliers
when using canopy-level image statistics. For crop parameter inversion, both variable se-
lection and the choice of machine learning algorithms are key determinants of model ac-
curacy and stability. Selection strategies and algorithms differ in data processing, feature
extraction, and training procedures, which directly affect inversion outcomes. Given the
large number of image-derived features and potential multicollinearity, the relationships
between spectral and texture features and chlorophyll content may shift after background
removal. In this study, correlation analysis was used as an initial screening step to retain
features closely related to SPAD values, which helped reduce dimensionality and mitigate
multicollinearity. Based on the established indicator system, the SVR algorithm adopted
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in this study achieved a simulation accuracy of SPAD above 0.7 across different growth
stages, which was significantly higher than that of single VIs and single texture features.
Its estimation performance was also superior to other algorithms, enabling the extended
estimation of maize SPAD under various planting densities. The VI-texture feature fusion
framework constructed in this study shares a similar core concept with the multi-scale
feature fusion design adopted in UAV-YOLO [34], namely, improving target representa-
tion capability through the complementarity of multi-source information. The SPPL mod-
ule embedded in UAV-YOLO significantly strengthens the model’s detection robustness
against multi-scale objects by combining multi-scale pooling of SPPF with long-range de-
pendency modeling via LSKA, achieving a 1.8% improvement in mAP@0.5. Similarly, the
fusion of vegetation indices and texture features in our research effectively alleviates the
spectral saturation limitation of single features during the canopy closure stage. Both ap-
proaches embody the modeling philosophy of synergistic integration of multi-scale and
multi-source information.

4.3. Generalization of SPAD Inversion Model

In this work, we integrated machine learning approaches with multispectral data
analysis to explore the generalization capabilities of the SPAD inversion model. SVR was
employed to estimate SPAD values from a set of VIs. Experimental results demonstrated
that the SVR model exhibits high reliability in key maize growth stages. While individual
VIs offers valuable insights, their utility in SPAD inversion is constrained by limited pre-
dictive performance, making over-reliance on any single index a central challenge. Model
complexity intensifies with a proliferation of VIs, raising computational expenses while
heightening susceptibility to overfitting. To address these issues, we systematically ana-
lyzed the relationship between spectral indices and textural features with SPAD values,
selecting the most relevant predictors for model construction according to the maize
growth stage. There exists a significant linear relationship between SPAD values and the
total nitrogen content of maize leaves. The field-scale spatial distribution map of SPAD
values acquired by UAV can rapidly identify the spatial variability of nitrogen nutrition
within fields. In practical field operations, the predicted SPAD values can be compared
with pre-established nitrogen nutrition diagnostic criteria to evaluate the nitrogen surplus
or deficiency status of maize plants. Planting density serves as the core regulating factor
in this study, as canopy structure and nitrogen demand differ significantly across various
density treatments; accordingly, predicted SPAD values can be directly adopted to for-
mulate density-specific fertilization strategies. As a critical indicator of chlorophyll con-
tent, SPAD values directly reflect the photosynthetic capacity and nitrogen nutritional sta-
tus of crops. The SPAD inversion model constructed from UAV multispectral remote sens-
ing data enables rapid acquisition of canopy SPAD values at key maize growth stages,
including the jointing, tasseling, and grain-filling stages. Using the SVR inversion model
developed in this study and UAV multispectral imagery, we generated field-scale spatial
distribution maps of canopy SPAD to reveal the spatial variability of nitrogen nutrition
within individual fields. Remote sensing indicators and crop growth estimation provide
spatially explicit crop status information for intelligent agricultural control systems, ena-
bling the systems to generate differentiated management prescriptions accordingly, so as
to achieve the organic integration of precise input and intelligent decision-making at the
field scale [35]. The resulting SPAD inversion model exhibited strong generalization
across different growth stages. Under the PD12 treatment, the canopy structure becomes
extremely dense, leading to severe saturation of multispectral signals. The information
captured by multispectral data is physically confined to the uppermost three to four leaf
layers of the canopy. Variations in chlorophyll content within middle and lower leaves
are masked by layered scattering during signal transmission, which alters the mapping

https://doi.org/10.3390/agriculture16131442



Agriculture 2026, 16, 1442

14 of 17

relationship between model input features and the target variable. Shade-avoidance re-
sponses triggered by high planting density advance the peak value of the leaf area index
and accelerate senescence of lower canopy leaves. The temporal decoupling between
SPAD and LAI further degrades the model’s predictive performance during the grain-
filling stage. To improve model estimation accuracy under high planting density, a hier-
archical modeling strategy can be adopted in future research, where a dynamic senescence
function is incorporated alongside a density-aware module. By using planting density as
an explicit input feature, the model can adaptively adjust feature weights according to
different density levels. Furthermore, functional-structural plant models (FSPMs) can be
employed to generate synthetic training datasets under various density regimes. Com-
bined with transfer learning for model pre-training, prior physical knowledge derived
from mechanistic models can be embedded into data-driven algorithms to strengthen the
extrapolation capacity of the model under extremely dense planting conditions.

To address the inherent drawbacks of data-driven models, Physics-Informed Neural
Networks (PINNs) can be introduced, whereby physiological laws such as carbon assim-
ilation equations are embedded into the loss function as physical constraints to guarantee
the biological rationality of predictions under extreme conditions. FSPMs can be utilized
to generate virtual training datasets covering extreme planting density gradients. The
transfer learning paradigm of “mechanism-based pre-training plus data fine-tuning” is
adopted to compensate for the scarcity of field-measured samples under extreme condi-
tions. Meanwhile, an active learning strategy is applied to identify extrapolation bounda-
ries via predictive uncertainty, iteratively expand the training dataset with minimal sam-
pling costs, and gradually broaden the effective extrapolation range of the model. For un-
certainty quantification analysis, Monte Carlo Dropout is adopted to calculate the confi-
dence interval of each predicted value and assign reliability labels to prediction outputs.
Deep ensemble learning is employed to quantify the dispersion across different models,
and spatial distribution maps of predictive uncertainty are plotted simultaneously. On
this basis, a closed-loop framework of “prediction—validation —updating” is established.
The quantified uncertainty results are directly used to optimize the layout of field valida-
tion sampling points, maximizing monitoring accuracy at the lowest sampling cost. This
approach provides quantifiable reliability evaluation tools and operable iterative optimi-
zation pathways for the practical deployment of data-driven crop monitoring models.

4.4. Mechanistic Interpretation of Dynamic Correlations Between Spectral and Texture Features

As the maize growing season progresses, dynamic canopy structural evolution and
physiological leaf senescence co-drive the temporal variations in the correlations between
spectral-texture features and SPAD values, fundamentally determining model estimation
performance across growth stages. At the jointing stage, sparse foliage induces prominent
soil background interference. Benefiting from inherent sensitivity to pigment variation,
red-edge indices (NDRE, MTCI) achieve high correlations (0.62-0.67) with leaf chloro-
phyll content and effectively characterize early SPAD dynamics. During tasseling and
silking stages, rapid leaf expansion promotes canopy closure and severe leaf overlapping,
triggering typical spectral saturation. When canopy visible-light absorption by chloro-
phyll reaches its physical limit, further pigment accumulation no longer produces distinct
spectral responses. Although red-edge indices possess superior anti-saturation capability,
persistent canopy occlusion weakens their pigment sensitivity, decreasing their correla-
tion coefficients to 0.55. At the grain-filling stage, complete canopy closure causes severe
saturation of conventional indices such as NDVI. In contrast, ratio-based indices (RVI,
Vlopt, OSAVI) mitigate structural interference via optimized band combinations and soil
adjustment, maintaining stable correlations above 0.75 with SPAD. Synchronously, tex-
ture features exert unique complementary advantages. When spectral signals lose dis-
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criminative capacity under saturation, entropy and contrast quantify canopy spatial het-
erogeneity, including leaf arrangement, overlap degree and shadow distribution. Provid-
ing orthogonal structural information independent of spectral pigment characteristics,
texture features compensate for spectral information loss and enrich multi-dimensional
SPAD inversion inputs. Late-stage leaf senescence further reshapes feature correlations.
Early chlorophyll degradation induces a red-edge blue shift, markedly reducing the reli-
ability of red-edge indices. In middle and late senescence, destroyed leaf cellular struc-
tures homogenize canopy texture and weaken near-infrared differentiation, thereby de-
grading texture feature performance. Genotypic stay-green traits and nitrogen manage-
ment regulate senescence rates and further stabilize stage-dependent feature correlations.
High planting density accelerates canopy closure and advances spectral saturation. Severe
canopy homogenization renders single texture-based models ineffective, while the fusion
model retains a satisfactory R? of 0.34. This demonstrates that spectral texture fusion ef-
fectively alleviates saturation and occlusion interference. Overall, spectral features reflect
physiological pigment variations, while texture features compensate for structural defects
of saturated spectra, verifying the mechanistic rationality and boundary adaptability of
multi-feature collaborative modeling for maize SPAD dynamic monitoring.

5. Conclusions

This study utilized UAV multispectral imagery to establish a non-destructive estima-
tion of canopy SPAD values during maize growth under various planting densities. This
study collected 12,240 multispectral images for establishing datasets during the growth
period under different planting densities in the two-year experiment. The indicator sys-
tem was constructed using 18 VIs and eight texture features to analyze the correlations
with SPAD values. The detection accuracy of three algorithms (SVR, RF, PLSR) was com-
pared under single features and feature integration. The results show that the red-edge
and near-infrared bands are most sensitive to changes in SPAD values estimation. Canopy
spectral characteristics vary significantly with the growth stage, and no single feature can
provide reliable estimation during the growth period. Based on the SVR algorithm and
the constructed indicator system, the proposed model achieves high estimation accuracy
and strong generalization capability throughout the maize entire growth period. This
model effectively improves the inversion accuracy of canopy SPAD values, laying a solid
technical foundation for precise nitrogen nutrient management in summer maize cultiva-
tion. Furthermore, the feasibility of using the SVR algorithm combined with this indicator
system to simulate maize SPAD under different planting densities was also validated.
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