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Highlights

What are the main findings?

e  Multi-domain fusion indices integrating spectral, texture, and harmonic features
improved tea plant biomass and nitrogen accumulation estimation over conventional
spectral indices.

e Deep learning models effectively integrated UAV-derived multi-domain features for
estimating tea plant biomass and nitrogen accumulation.

What are the implications of the main findings?

e  Multi-feature fusion enhances UAV-based monitoring of tea plant biomass and nitro-
gen status by exploiting complementary multispectral information.

e  Spatial prediction maps revealed substantial spatial heterogeneity and interannual
variation in tea plant biomass and nitrogen status.

Abstract

Accurate and efficient monitoring of tea plant growth parameters via remote sensing is
essential for precision plantation management. However, spectral indices relying solely on
reflectance often exhibit limited sensitivity in capturing complex tea canopy characteristics.
This study developed a data-driven framework integrating spectral reflectance, frequency-
domain harmonic components, and spatial texture features to construct tri-feature fusion
indices (TFlIs) and establish machine learning and deep learning models for tea growth mon-
itoring. Ten-band multispectral imagery was acquired using a UAV alongside synchronous
field measurements of leaf and plant biomass and nitrogen accumulation. TFIs were con-
structed through exhaustive feature combinations and optimized via a data-driven search
strategy. Subsequently, random forest (RF), multilayer perceptron (MLP), convolutional
neural network (CNN), and transformer models were evaluated using a leave-one-site-out
cross-validation (LOSO-CV) strategy. The selected TFIs showed strong associations with
tea growth parameters within the investigated dataset, with R? values up to 0.63 and
0.62 for leaf dry matter and leaf nitrogen accumulation, respectively. Models incorporat-
ing selected TFIs achieved cross-validated R? values of 0.56 for leaf dry matter (MLP),
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0.59 for plant dry matter (MLP), 0.73 for leaf nitrogen accumulation (MLP), and
0.68 for plant nitrogen accumulation (CNN). These models exhibited competitive pre-
dictive performance comparable to RE, although no statistically significant differences in
mean absolute error were observed under site-held-out evaluation. Furthermore, model-
derived spatial maps provided insights into fine-scale spatial heterogeneity and potential
interannual variations in tea growth parameters across representative plantations from
2024 to 2025. Overall, this study provides a UAV-based framework for tea growth pa-
rameter estimation by integrating multi-domain information without requiring additional
environmental observations.

Keywords: tea plant; growth monitoring; UAV remote sensing; multi-feature fusion

1. Introduction

Tea plants with a high nitrogen demand rely heavily on optimal nitrogen fertilization
for their growth and yield formation [1]. However, inadequate knowledge of crop nitrogen
requirements and fertilization dynamics has resulted in excessive nitrogen application
in approximately 36% of tea plantations in China. This overuse not only decreases the
nitrogen use efficiency, but also induces severe environmental impacts, including soil
acidification, water contamination, and greenhouse gas emissions [2]. Consequently, real-
time and non-destructive monitoring of key growth parameters, such as biomass and
nitrogen accumulation, is essential for precision nitrogen management and the sustainable,
low-carbon development of the tea industry.

Traditional crop growth monitoring primarily relies on destructive field sampling
and laboratory-based chemical analysis. Although these methods provide highly accurate
physiological measurements, they are labor-intensive and temporally delayed, making them
difficult to implement at large scales [3,4]. Remote sensing technologies enable efficient
and non-destructive monitoring of crop growth. Compared with satellite-based remote
sensing, which is often constrained by cloud contamination and long revisit intervals,
low-altitude unmanned aerial vehicle (UAV) platforms offer distinct advantages, including
high flexibility, low operational cost, and centimeter-level ultra-high spatial resolution,
making them particularly suitable for capturing subtle variations in canopy growth [5].
Vegetation indices (VIs) and spectral feature engineering from UAV imagery have been
widely used to characterize crop photosynthetic activity, biomass, and nitrogen status [6,7].
However, spectral information alone primarily reflects the leaf biochemical properties
and is insufficient to fully describe complex canopy structure and spatial heterogeneity.
Unlike annual crops, tea plants are perennial evergreen shrubs with a complex canopy
architecture characterized by the coexistence of leaves at various developmental stages and
continuous seasonal flushing. Furthermore, intensive management practices like repeated
pruning, combined with dense and overlapping canopies, exacerbate spectral saturation
and temporal variability [8]. Consequently, relying solely on conventional reflectance-based
indices is often insufficient. Therefore, integrating complementary spectral, structural, and
spatial information provides a promising pathway for improving quantitative monitoring
of tea plant growth.

To address these limitations, the integration of complementary information from dif-
ferent feature domains within and across remote sensing datasets has attracted increasing
attention in recent years. Li et al. [9] demonstrated that integrating Light Detection and
Ranging (LiDAR)-derived structural information with multispectral or RGB imagery signif-
icantly improved the estimation accuracy of the nitrogen nutrition index (NNI) in tea plants,
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highlighting the importance of structural information in addition to spectral characteristics.
In addition, texture features, which quantify spatial heterogeneity, can capture fine-scale
canopy structural variations associated with differences in branch distribution and leaf
density. The integration of texture and spectral features has been widely shown to alleviate
spectral saturation effects in dense canopies while providing complementary biophysical
information [10,11]. Previous studies have demonstrated the potential of hyperspectral
and UAV remote sensing approaches for estimating tea plant growth parameters. Jiang
et al. [12] developed hyperspectral-based models for estimating tea plant biomass and ni-
trogen accumulation by extracting informative spectral features and combining them with
machine learning algorithms. Although hyperspectral measurements provide abundant
spectral information and achieved promising prediction performance, the requirement for
specialized instruments and point-scale data acquisition limits their operational application
for large-scale plantation monitoring. Furthermore, Jiang et al. [13] developed a UAV-based
framework for tea growth monitoring by integrating multispectral features, texture and
color information, and meteorological variables with machine learning algorithms and
parameter optimization strategies. Their study demonstrated the potential of combining
UAV-derived information with environmental factors for estimating tea plant leaf dry
matter and nitrogen accumulation, providing an important foundation for UAV-based
precision management of tea plantations. However, this framework primarily explored
the benefits of integrating UAV-derived information with external environmental variables
and optimized machine learning models for improving prediction accuracy. In contrast,
the present study investigates whether the intrinsic information contained within a single
UAYV multispectral dataset can be further exploited through the construction of compact
multi-domain indices integrating spectral, textural, and harmonic information. There-
fore, rather than relying on additional environmental observations, this study aims to
improve the information utilization efficiency of conventional UAV multispectral imagery
by transforming heterogeneous intrinsic features into interpretable empirical indices.
Acquiring comprehensive multi-domain features is only the first step; effectively
translating these heterogeneous datasets into accurate agricultural parameters requires
robust modeling strategies. Traditional machine learning algorithms, such as random forest
(RF), have demonstrated strong performance in crop parameter estimation by effectively
handling general nonlinear relationships [14]. However, when dealing with highly hetero-
geneous feature representations integrating spectral, textural, and harmonic information,
conventional ensemble models may have limited capacity to explicitly characterize complex
higher-order interactions among different feature domains. With the advancement of artifi-
cial intelligence, deep learning architectures, including multilayer perceptrons (MLPs) [15],
convolutional neural networks (CNNSs) [16,17], and transformers [18,19], have increas-
ingly been explored in remote sensing inversion studies. Their hierarchical representation
learning and nonlinear approximation capabilities provide an alternative framework for
extracting latent patterns from complex fused datasets. Nevertheless, considering the
limited sample sizes commonly encountered in agricultural remote sensing studies, the
effectiveness of deep learning models remains dependent on appropriate model complexity
control and rigorous validation strategies to ensure reliable and transferable predictions.
Building upon previous UAV-based tea monitoring studies, this study aims to develop
a UAV-only feature construction strategy that maximizes the utilization of intrinsic infor-
mation within standard multispectral imagery. By exploiting complementary information
from the spectral, textural, and harmonic domains, this study focuses on establishing
interpretable data-driven tri-feature fusion indices (TFIs). Specifically, this study aims to:
(1) identify informative data-driven remote sensing indices from a large multi-domain
feature space, including spectral, harmonic, and textural information, to improve feature
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representation for leaf and plant dry matter (LDM and PDM) as well as leaf and plant
nitrogen accumulation (LNA and PNA); (2) systematically evaluate the performance of RF
and representative deep learning models in processing these multi-domain features; and
(3) employ the selected modeling framework to generate model-derived high-resolution
plantation-scale maps, thereby exploring the spatial heterogeneity and potential inter-
annual variations of tea plant growth parameters across different plantations.

2. Materials and Methods
2.1. Experimental Design

Field experiments were carried out in the spring of 2024 and 2025 at eight tea plan-
tations in Jiangsu Province, China (Figure 1). The study sites included the Pingshan Tea
Plantation (Luhe District) and the Pugiaoyujian Tea Plantation (Pukou District) in Nanjing;
the Juyuanchun Tea Plantation in Yangzhou; the Tianwangwu Tea Plantation in Suzhou; the
Maoshan Tea Plantation in Zhenjiang; the Hongling Tea Plantation in Wuxi; the Maoshan-
chahai Plantation in Changzhou; and the Jiaguchun Tea Plantation in Lianyungang. This
region, situated along the southeastern coast of China, experienced an average annual
precipitation of 1011-1302 mm and a mean annual temperature of 16.9-17.4 °C during the
study period. The mild and humid climatic conditions are highly favorable for tea plant
growth. Comprehensive details of the study sites are presented in Table 1.
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Figure 1. Experimental sites and UAV-based multispectral remote sensing system. (a) Geographical
locations of the eight tea plantation study sites. (b) The DJI Matrice 350 RTK UAV (DJI, Shenzhen,
China). (c) The RedEdge-MX-Blue multispectral camera (MicaSense, Inc., Seattle, WA, USA).

Table 1. Summary of key information for the experiments performed in the current research.

Experiment

Tea Plantation Number of

Number Location Cultivar Sampling Points Sampling Stage

1 Pingshan Jiukeng 48 1 May 2024, 15 April 2025
2 Maoshan Longjing 43, Wuniuzao 22 23 April 2024, 18 April 2025
3 Juyuanchun Longjingchangye, Jiukeng 24 18 April 2024, 20 April 2025
4 Maoshanchahai Zhongcha 108, Zhongcha 503, Shifocui 11 24 April 2024

5 Jiaguchun Jiukeng 11 1 May 2025

6 Tianwangwu Chuyeqi 24 8 May 2024, 23 April 2025
7 Hongling Xicha 11 23 7 May 2024, 26 April 2025
8 Pugiaoyujian Longjing 43 12 14 April 2025
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2.2. Tea Plant Growth Data Collection

Sampling locations were randomly assigned within each tea plantation, with their
geographic coordinates recorded using a GNSS device. At each location, tea samples were
collected from a 0.5 m x 0.5 m quadrat. The collected samples were subjected to heating at
120 °C for 60 min to stop physiological activity, and then oven-dried at 90 °C for 24 h until
constant weight was achieved. Subsequently, LDM, stem dry matter (SDM), and PDM were
determined. The dried samples were then ground into a fine powder, and subsamples of
10.00-10.50 mg were weighed and analyzed using an elemental analyzer to determine the
total nitrogen concentration in the leaves (LNC) and stems (SNC). Based on the measured
dry matter and nitrogen concentrations, LNA and stem nitrogen accumulation (SNA)
were calculated, and their sum was used to estimate the total PNA. The corresponding
calculation methods are provided in Equations (1)—(3).

LNA = LDM x LNC (1)
SNA = SDM x SNC )
PNA = LNA +SNA 3)

2.3. UAV Multispectral Data Acquisition and Feature Extraction
2.3.1. UAV Multispectral Data Acquisition

Multispectral imagery of the tea plantations was acquired during the spring seasons of
20242025 using a DJI Matrice 350 UAV platform. The UAV was equipped with a RedEdge-
MX-Blue multispectral camera, which captures 10 spectral bands spanning 444-842 nm,
including coastal blue, blue, green, red, red-edge, and near-infrared wavelengths, with
bandwidths ranging from 10 to 57 nm. The detailed band information of the camera is
summarized in Table 2. All UAV flights were conducted between 11:00 and 14:00 under
stable illumination conditions. The flight altitude was set at 100 m above the canopy,
with forward and side overlaps of 80% and 70%, respectively. Images of a calibrated
reflectance panel were collected before each flight to enable radiometric correction. The
acquired images were processed using Agisoft Metashape Professional 2.1.1 to generate
orthomosaics. The workflow included three main steps: (1) photo alignment, (2) dense point
cloud generation, and (3) construction of the digital surface model (DSM) and orthomosaic.
Subsequently, the orthomosaic imagery was imported into ArcMap 10.8.1 for geometric
correction. Ground control points (GCPs) obtained from field surveys were used for
georeferencing. The Georeferencing tool was applied to align the imagery with the GCPs,
thereby reducing geometric distortions. Finally, for each sampling point, the mean spectral
reflectance of each band was extracted from a 0.5 m x 0.5 m region of interest (ROI) centered
on the corresponding field location.

2.3.2. Harmonic Feature Extraction

To comprehensively characterize the spectral waveform variations of tea canopies
in the frequency domain, harmonic analysis was introduced. The spectral reflectance
values of the 10 bands at each sampling point were treated as a discrete sequence arranged
along the band-order axis rather than the physical wavelength axis and analyzed using the
numpy.fft module in Python (PyCharm 2024.3.4). The discrete Fourier transform (DFT),
efficiently implemented through the fast Fourier transform (FFT) algorithm, was applied
to decompose the ordered multispectral sequence into harmonic components [20]. For a
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given sampling point, the reflectance sequence R(k) consisting of N bands (N = 10) can be
expressed as a summation of harmonic components, as shown in Equation (4).

Ay M 2ntnk 2mtnk
7 Z (Ay cos N + By sin N ) +e(k) 4)

Table 2. Band information of RedEdge-MX-Blue multispectral camera.

Band Number Center Wavelength (nm) Band Name Band Width (nm)
Bl 444 Coastal Blue 28
B2 475 Blue 32
B3 531 Green 14
B4 560 Green 27
B5 650 Red 16
B6 668 Red 14
B7 705 Red edge 10
B8 717 Red edge 12
B9 740 Red edge 18
B10 842 Near infrared 57

In the equation, k is the band index (k =1, 2, ..., 10); M represents the order of the
harmonic decomposition; Ag/2 is the DC component, representing the average spectral
reflectance energy at that sampling point; and e(k) represents the residual term. A, and B,
are the cosine amplitude (CA) and sine amplitude (SA) of the n-th harmonic, respectively,
which are calculated according to Equations (5) and (6):

N
Av= 23 R(K cos( 271k 5)
k=1
2 N . 2mnk
By = L R sing ) ©)

Based on A, and By, Formulas (7) and (8) can be further utilized to derive the harmonic
amplitude (A, denoted mathematically as C,,)—which reflects the overall energy intensity
of the nth-order harmonic—and the phase angle (P, denoted mathematically as ¢,;)—which
reflects the positional shift of the waveform:

Cn =/ A2+ B,? 7)

¢n = tan (A, /B,) (8)

In this study, FFT was applied to the 10-band spectral reflectance sequence of each
sampling point using the numpy.fft module. Since the spectral sequence is a real-valued
discrete signal, the Fourier coefficients exhibit conjugate symmetry. Therefore, for a
10-point DFT, components from n = 6 to n = 9 correspond to conjugate-symmetric compo-
nents of lower-order harmonics and do not provide additional independent information.
The components n = 0-5 contain independent information, where n = 0 represents the mean
spectral level (DC component) and n = 5 corresponds to the Nyquist-frequency component.
The zero-frequency component (n = 0) was excluded because it largely overlapped with
the original spectral reflectance features. Although n =5 is mathematically independent,
it represents the highest-frequency oscillatory component within the 10-point DFT and
mainly describes rapid alternating variations between adjacent spectral bands. Considering
that this study focused on characterizing broader spectral shape variations associated
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with tea canopy traits rather than isolated high-frequency fluctuations, harmonic orders
n = 1-4 were retained, generating 16 frequency-domain features including cosine amplitude,
sine amplitude, harmonic amplitude, and phase. This selection was based on the inherent
properties of DFT rather than data-driven optimization. For each retained harmonic order,
the CA;, SA,, Ay, and P, were calculated, resulting in 16 frequency-domain features for
subsequent feature construction.

2.3.3. Texture Feature Extraction

Texture features were extracted using the gray-level co-occurrence matrix (GLCM)
method via the scikit-image 0.25.2 Python library [21]. To ensure reproducibility, GLCM
parameters were explicitly set with a gray-level quantization of 64, a step size of 1 pixel,
and averaged across four directions (0°, 45°, 90°, and 135°) for rotation invariance. Instead
of using a sliding window, extraction was performed globally over all valid pixels within
the 0.5 m x 0.5 m region of interest (ROI) mask for each sampling quadrat. Ultimately,
nine second-order GLCM features were calculated per unit: GLCM mean (MEA), variance
(VAR), standard deviation (STD), homogeneity (HOM), contrast (CON), dissimilarity (DIS),
entropy (ENT), second moment (SEM), and correlation (COR).

2.4. Construction of Spectral Indices

To comprehensively explore the relationships among raw spectral features, harmonic
features (SA, CA, A, and P), texture features (GLCM), and tea plant growth parameters,
multi-domain feature fusion indices, including dual-feature indices and TFIs, were con-
structed through exhaustive combinations within the feature space. The corresponding
formulations are summarized in Table 3.

Table 3. Formula for calculating the vegetation index, band selection, and references.

Category Vegetation Index Calculation Formula Reference
Difference Spectral Index (DSI) Fi—F Luetal., 2020 [22]
Dual-Feature Ratio Spectral Index (RSI) Fi/F; Luetal., 2020 [22]
Spectral Indices Normalized Difference Spectral Index (NDSI) (F; — F))/(Fi + F)) Lu et al., 2020 [22]
Soil Adjusted Vegetation Index (SAVI) (F;—F) x A1+L)/(Fi+F;j+L) Huete, 1988 [23]
. Modified from Huete,
Tri-Feature Index 1 (TFI-1) (Fi — Fj)/(F +0.1) 1988 [23]
Modified from Lu et al.
Tri-Feature Index 2 (TFI-2) (F; x F;)/(Fx2 +0.01) !
Tri-Feature fusion Y 2020 [22]
I d' (e ~
e Tri-Feature Index 3 (TFI-3) (Fi — F)/(Fi — Fy) x (1+ Fy/y)  Modified from Penuelas

etal., 1995 [24]

Modified from Wang

Tri-Feature Index 4 (TFI-4) (Fi — Fj — F)/(Fi + Fj + F, +0.1) etal,, 2012 [25]

Note: OR: original reflectance; HF: harmonic features; TF: texture features. F;, F]-, and Fj represent the
optimal features selected from the comprehensive multi-source feature space encompassing OR, HF,
and TF. For dual-feature indices, the optimal pair (F;, Fj) was utilized, whereas for tri-feature indices,
the optimal triplet (F;, F;, F) was applied. L represents the soil adjustment factor, which was set to
0.5 in this study.

For dual-feature index construction, four widely used mathematical formulations
were adopted: the Difference Spectral Index (DSI), Ratio Spectral Index (RSI), Normalized
Difference Spectral Index (NDSI), and Soil-Adjusted Vegetation Index (SAVI). All possible
pairwise combinations of features were systematically evaluated, and candidate indices
were initially screened and ranked based on their Pearson correlation coefficients (r) with
the target parameters using the pooled dataset. In addition, four commonly used vegeta-
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tion indices were included as benchmarks to evaluate the improvement achieved by the
proposed indices (Table S1).

To further capture higher-order interactions among heterogeneous feature domains,
tri-feature indices were developed by introducing a third feature dimension. Four represen-
tative nonlinear formulations (TFI-1 to TFI-4) were designed. Within a three-dimensional
feature space, all candidate combinations of three features (Fi, Fj, Fk) were exhaustively
substituted into these formulations. Specifically, repeated selection of the same feature
was prohibited, whereas different feature orders were retained because the mathematical
formulations were asymmetric with respect to the three input dimensions. Therefore, with
116 available features, a total of 116 x 115 x 114 = 1,520,760 ordered feature triplets were
evaluated for each TFI formulation. The relationships between all candidate indices and
target variables were systematically assessed using Pearson correlation analysis based on
the pooled dataset. Furthermore, three-dimensional slice heatmaps were generated to
visualize the distribution of correlation coefficients across the feature space. The highest-
ranking feature combinations were subsequently identified as representative TFIs through
this automated exploratory screening procedure. The primary purpose of this screening
strategy was to empirically identify informative multi-domain feature representations
with strong associations with tea plant growth parameters within the investigated dataset.
Based on the screening results, the selected TFIs were subsequently incorporated into
machine learning and deep learning models as input variables. The predictive perfor-
mance of these models was further assessed using a leave-one-site-out cross-validation
(LOSO-CV) strategy, where each tea plantation was iteratively treated as an unseen test
site to evaluate the predictive behavior and cross-site generalization capability of different
modeling algorithms. It should be noted that the TFI screening procedure was conducted
prior to model evaluation using the pooled dataset. Therefore, the resulting prediction
performance metrics should be interpreted as conditional performance estimates associated
with the selected feature combinations rather than fully unbiased estimates of the entire
feature discovery and modeling pipeline. The automated exhaustive search procedure and
three-dimensional correlation heatmap visualization were implemented using MATLAB
R2024b (MathWorks, Inc., Natick, MA, USA).

2.5. Data Analysis

The subsequent predictive modeling, cross-validation analyses, and statistical evalua-
tions were conducted in a Python environment using scikit-learn 1.6.1 and the TensorFlow
2.20.0 (Keras 3.11.3) framework. RF was employed as a traditional machine learning base-
line due to its robustness and generalization capability. The RF model was configured
with 100 decision trees (n_estimators = 100), unlimited tree depth (max_depth = None), a
minimum of two samples required for node splitting (min_samples_split = 2), a minimum
of one sample required at leaf nodes (min_samples_leaf = 1), and square-root feature sam-
pling (max_features = ‘sqrt’), with fold-specific random seeds (calculated as a base seed of
42 + fold number) applied during each LOSO iteration.

To further capture complex nonlinear relationships between multi-source features
and tea plant growth parameters, three deep learning architectures were developed, in-
cluding an MLP, a 1D-CNN, and a transformer model. Given that the inputs consisted of
customized one-dimensional multi-source features rather than standard imagery, all deep
learning models were trained from scratch using randomly initialized weights, and no pre-
trained weights were utilized. The MLP consisted of three fully connected layers with 128,
64, and 32 neurons, respectively, each using the ReLU activation function. Dropout layers
(rate = 0.2) were applied after the first two hidden layers to alleviate overfitting, followed
by a single-neuron output layer for regression. The 1ID-CNN model comprised two convo-
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lutional layers with 16 and 32 filters, respectively, using a kernel size of 3, same padding,
ReLU activation, and L2 regularization (A = 0.01). Each convolutional layer was followed
by Batch Normalization and a Dropout layer (rate = 0.3). The extracted feature maps
were flattened and passed to a fully connected layer with 32 neurons (regularized with
L2 A = 0.01 and followed by a Dropout layer with rate = 0.3) before the final regression
output. To model global dependencies among input features, a lightweight transformer
architecture was implemented. The standardized input features were first treated as indi-
vidual feature tokens and projected into a 16-dimensional embedding space. The model
consisted of two stacked transformer encoder blocks, each incorporating a four-head
multi-head self-attention mechanism, residual connections, Layer Normalization, and
a feed-forward network with 64 hidden units using the ReLU activation function. The
encoded feature representations were aggregated using a Global Average Pooling layer,
followed by a fully connected layer with 32 neurons and a final single-neuron output layer
for regression. Dropout layers (rate = 0.2) and L2 regularization (A = 0.001) were applied to
the feed-forward layers and regression head to reduce overfitting.

All deep learning models were optimized using the Adam optimizer with mean
squared error (MSE) as the loss function. Model architectures and training parameters
were predefined based on preliminary experiments and empirical considerations regarding
model complexity and convergence stability. Specifically, the MLP employed three hidden
layers (128-64-32 neurons) with an initial learning rate of 0.001; the 1D-CNN used two
convolutional layers (16 and 32 filters) with a learning rate of 0.0005; and the transformer
adopted two encoder blocks with four attention heads, a 16-dimensional embedding space,
and a learning rate of 0.001. Across all models, the batch size was fixed at 16, and the
maximum number of training epochs ranged from 200 to 300 depending on the model
architecture. Early stopping based on validation loss was implemented within each LOSO
iteration using an inner group-based validation split. Specifically, after one tea plantation
was excluded as the outer test site, the remaining seven plantations were further divided
using GroupShuffleSplit, where one plantation was randomly assigned as an internal
validation set for monitoring validation loss and restoring the optimal model weights.
The outer test plantation was never involved in early stopping, weight restoration, or any
preprocessing procedures, supporting a site-held-out model evaluation conditional on the
globally selected feature combinations. To improve reproducibility, fold-specific random
seeds (calculated as a base seed of 42 + fold number) were applied to Python, NumPy 2.2.6,
and TensorFlow before training each LOSO fold. In addition, the TensorFlow computational
graph was cleared before rebuilding each model to ensure independent training across
LOSO folds. Each model was evaluated using the LOSO cross-validation strategy, in which
samples from one tea plantation were excluded from model fitting and reserved as the
evaluation fold, while samples from the remaining tea plantations were used for model
training. Model performance was assessed using the coefficient of determination (R?), root
mean square error (RMSE, Equation (9)), mean absolute error (MAE, Equation (10)), and
normalized mean absolute error (NMAE, Equation (11)). In these equations, n represents
the total number of samples, while O; and P; denote the observed and predicted values,
respectively. To rigorously verify whether each deep learning model provided statistically
significant improvements over the traditional RF baseline, two-sided paired t-tests were
independently conducted between each deep learning model and RF using site-level
MAE values derived from the LOSO folds. Statistical significance was defined at p < 0.05.
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Furthermore, Cohen’s d, was calculated alongside the 95% confidence intervals to quantify
the standardized effect size of the observed performance differences.

1 n
RMSE = /=Y (P, — O; 9
2L (Pi=0) ©)
1 n
MAE = =Y |P; — O] (10)
i3
1 1
a L |Pi— O
NMAE = % (11)

Finally, all model training and evaluation procedures were executed on a workstation
equipped with an Intel® Core™ i9-14900HX processor, an NVIDIA GeForce RTX 4060
Laptop GPU (8 GB VRAM), and 16 GB DDR5-5600 RAM. Under this hardware config-
uration, each deep learning architecture required approximately 2 min to complete the
entire LOSO training and evaluation procedure. The final model performance was reported
by pooling the predictions from all LOSO test folds, thereby providing an overall assess-
ment of predictive accuracy and cross-site predictive behavior conditional on the selected
feature combinations.

2.6. Spatial Distribution Mapping and Spatiotemporal Variability Analysis of Tea Plantations

For representative tea plantations (e.g., Juyuanchun and Maoshan), vector boundaries
of regions of interest (ROIs), including tea rows and operational plots, were first delineated
from the orthomosaics in ArcGIS. A mask was generated in ArcGIS to remove non-tea
pixels (e.g., bare soil and shadows), thereby retaining only pure tea canopy regions. The
masked imagery was then converted into point data, with each pixel preserving reflectance
values across all 10 spectral bands. Subsequently, multi-source feature extraction was
conducted at the pixel level using Python (PyCharm 2024.3.4). Harmonic features were
derived by applying the DFT to the spectral reflectance sequences, while texture features
were extracted based on local neighborhood information. Following feature extraction,
pixel-wise calculations were performed using the optimal dual-feature and tri-feature index
formulations identified in this study. The resulting feature dataset was then input into the
trained deep learning models with the best predictive performance. Finally, the pixel-level
predictions were mapped back to their original geographic coordinate system to gener-
ate high-resolution spatial distribution maps of PDM and PNA. To quantify interannual
variability, the Raster Math tool in ArcMap 10.8.1 was used to compute difference maps
between 2024 and 2025. The relative change rate and coefficient of variation (CV) were
calculated at the pixel scale to characterize spatial and temporal variations in tea plant
growth. Furthermore, the mean predicted values within each delineated operational plot
were extracted to summarize plantation-level variations between 2024 and 2025. Descrip-
tive statistics, including the minimum, maximum, mean, standard deviation (SD), and CV,
were calculated to characterize the distribution of model-derived growth parameters and
their interannual variations within each plantation.

3. Results
3.1. Construction of Multi-Feature Remote Sensing Indices

Multi-feature remote sensing indices were constructed by fusing the original spec-
tral reflectance, harmonic features, and texture features. As established in Section 2.3.2,
variables from the 1st to 4th harmonic orders were retained for subsequent combination
screening due to the conjugate symmetry of the discrete Fourier transform. The correla-
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tion analysis between all extracted harmonic decomposition components and the target
variables is illustrated in Figure 2.
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Figure 2. Correlation analysis between the harmonic decomposition components and target vari-
ables. Subplots (a—d) illustrate the variations in the correlation coefficients of cosine amplitude, sine
amplitude, amplitude, and phase with LDM (a), PDM (b), LNA (c), and PNA (d), respectively, as a
function of the decomposition order.

Accordingly, based on original spectral reflectance, harmonic features, and texture
features, the optimal dual-feature spectral indices for LDM, PDM, LNA, and PNA were
screened and identified as SAVI (Az, B8), SAVI (B8, As), RSI (SA;, B8), and RSI (CA3,
B3), respectively. Furthermore, through systematic evaluation, the optimal tri-feature
combinations for each indicator were ultimately determined as follows: TFI-3 (ENT10,
B10, B8) for LDM, TFI-1 (B8, A3, MEA5) for PDM, TFI-4 (CA3, SA;, COR9) for LNA, and
TFI-4 (CA;, COR6, P;) for PNA. The distribution of the R? for each combination is detailed
in Figure 3.

080

PR

(CA,, SA,, CORY)

» w7

6

(CA,, COR6, P)

Figure 3. Heatmaps of the R? between spectral indices based on different feature combinations and
tea plant growth indicators. Note: (a-d) R? distributions of dual-feature indices with LDM, PDM,
LNA, and PNA, respectively; (e-h) R? distributions of tri-feature indices with the aforementioned
four growth indicators, respectively. SA, CA, A, and P represent the sine amplitude, cosine amplitude,
harmonic amplitude, and phase of the harmonic features, respectively; ENT, MEA, and COR represent
the entropy, mean, and correlation of the texture features, respectively.
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3.2. Linear Quantitative Analysis of Multi-Feature Remote Sensing Indices and Tea Plant Growth

Univariate linear regression analyses were performed between the selected optimal
dual- and tri-feature indices and LDM, PDM, LNA, and PNA (Figure 4). The results
show that the tri-feature index TFI-3 (ENT10, B10, B8) achieved an R? of 0.69 for LDM,
while the TFI-1 (B8, A3, MEA5) model yielded an R? of 0.63 for PDM. Regarding the
estimation of nitrogen parameters, TFI-4 (CA3z, SA;, COR9) and TFI-4 (CA;, COR6, P;)
yielded an R? of 0.65 and 0.59 for LNA and PNA, respectively. It should be noted that these
represent apparent-fit values evaluated on the full sample; more rigorous and defensible
cross-validated figures for these indices are reported subsequently in Table 4.
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Figure 4. Linear quantitative analysis between the multi-feature remote sensing indices and tea
plant growth indicators. (a—d) Univariate linear regression results of the optimal dual-feature indices
with LDM, PDM, LNA, PNA, respectively; (e-h) Univariate linear regression results of the optimal
tri-feature indices with LDM, PDM, LNA, and PNA, respectively.

3.3. Performance Comparison Between Novel Multi-Feature Indices and Conventional Vegetation
Indices for Estimating Growth Parameters of Tea Plant

Based on the univariate linear regression models under the LOSO-CV framework,
the predictive performance of models using the selected dual- and tri-feature spectral
indices was evaluated (Table 4). In biomass estimation, the dual-feature indices SAVI (A3,
B8) and SAVI (B8, Aj) yielded cross-validated R? of 0.62 and 0.55 for LDM and PDM,
respectively. Among the tri-feature indices, TFI-3 (ENT10, B10, B8) achieved an R? of
0.63 and an RMSE of 1.78 t-ha~! for LDM, while TFI-1 achieved an R? of 0.57 and an RMSE
of 3.77 t-ha~! for PDM. In contrast, the best-performing conventional indices, GNDVI
and EVI, showed lower performance, with R? values of only 0.26 and 0.25 for LDM and
PDM, respectively. Regarding nitrogen parameter estimation, the dual-feature index RSI
yielded an R? of 0.49 and 0.44 for LNA and PNA, respectively. The tri-feature index TFI-4
demonstrated higher accuracy for LNA and PNA, with an R? of 0.62 and 0.52 and RMSE
values of 90.14 kg-ha~! and 160.54 kg-ha~!, respectively. Notably, the cross-validated R?
values of the best-performing conventional index GNDVI for LNA and PNA were only
0.31 and 0.28, respectively. These results indicate that the selected multi-feature indices
provided more informative feature representations than conventional vegetation indices
within the investigated dataset. However, these comparisons should be interpreted as
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conditional on the selected feature combinations, because the index screening procedure
was performed prior to the LOSO-CV evaluation.

Table 4. Results of the LOSO-CV-based univariate linear models for tea plant growth indicator
estimation using selected feature indices.

Indicator Index Type R? RMSE NMAE MAE
NDRE 0.24 2.59 0.40 2.19
GNDVI 0.26 2.53 0.39 2.10
LDM NDVI 0.03 2.95 0.45 2.46
(tha~1) EVI 023 258 040 2.18
SAVI (A3, B8) 0.62 1.82 0.26 1.41
TFI-3 (ENT10, B10, B8) 0.63 1.78 0.26 1.40
NDRE 0.16 5.40 0.42 4.50
GNDVI 0.24 5.07 0.39 4.23
PDM NDVI 0.12 5.47 0.41 4.47
(tha 1) EVI 025 499 038 410
SAVI (B8, A3) 0.55 3.88 0.28 3.04
TFI-1 (B8, A3, MEAS5) 0.57 3.77 0.28 3.04
NDRE 0.12 139.73 0.51 117.10
GNDVI 0.31 121.23 0.44 100.82
LNA NDVI 0.22 129.19 0.44 101.18
(kg-ha 1) EVI 026 12536  0.43 99.38
RSI (SA;, B8) 0.49 103.92 0.36 82.27
TFI-4 (CA3, SA1, CORY9) 0.62 90.14 0.30 68.14
NDRE 0.09 224.70 0.50 181.37
GNDVI 0.28 195.16 0.44 159.79
PNA NDVI 0.23 205.04 0.45 161.66
(kg‘hafl) EVI 0.25 200.41 0.43 156.50
RSI (CA3, B3) 0.44 172.33 0.39 141.27
TFI-4 (CA1, COR6, P7) 0.52 160.54 0.33 120.16

Note: The RMSE, NMAE, and MAE values reported in this table were calculated by pooling the
predictions across all samples from the LOSO test folds. Bold values indicate the optimal index and
the corresponding best prediction results for each tea plant growth parameter.

To further compare the prediction errors associated with models using selected multi-
feature indices and conventional vegetation indices, site-level paired t-tests based on
mean absolute error (MAE) were conducted under the LOSO-CV framework (Table 5).
The results demonstrated that the selected TFIs achieved significantly lower MAE than
the corresponding best-performing conventional vegetation indices for all four growth
parameters (p < 0.05), with large effect sizes (Cohen’s d, = 0.84-1.44). Although the
improvements yielded by the dual-feature indices did not reach statistical significance
(p > 0.05), their moderate to large effect sizes for parameters such as LDM, PDM, and
PNA (Cohen’s d; = 0.53-0.80) indicate a meaningful practical reduction in prediction
error. This suggests that the lack of statistical significance for dual-feature indices may be
primarily attributed to the limited statistical power associated with the small sample size
(n = 8 independent sites) under the LOSO-CV framework, rather than an absence of actual
predictive advantage.

3.4. Construction of Monitoring Models Based on Deep Learning Methods

Under the LOSO-CV framework, tea plant growth monitoring models were con-
structed by integrating the optimal data-driven feature combinations as input variables into
RF and three deep learning architectures (CNN, MLP, and transformer). The results (Table 6)
indicated that the deep learning models achieved competitive cross-validated performance
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compared with the RF baseline, although their performance varied among different growth
indicators. In biomass estimation, the MLP model achieved the best predictive perfor-
mance for LDM (R? = 0.56, RMSE = 1.93 t-ha~!), showing comparable accuracy with
RF (R? = 0.55, RMSE = 1.96 t-ha~!). For PDM estimation, the MLP model performed
best, yielding an R? of 0.59 and an RMSE of 3.70 t-ha~!. Regarding nitrogen param-
eter estimation, the MLP model achieved the highest accuracy for LNA (R? = 0.73,
RMSE = 75.33 kg-ha~'), whereas the CNN model yielded the best performance for PNA
(R? = 0.68, RMSE = 130.19 kg-ha~1). Furthermore, the NMAE values of the optimal models
across all tasks remained relatively low (0.25-0.30), indicating reliable prediction perfor-
mance for different tea plant physiological parameters.

Table 5. Statistical comparison of prediction errors between models using selected multi-feature
indices (dual- and tri-feature) and conventional vegetation indices under LOSO-CV.

. Proposed Best VI Cohen’s

Target Comparison Index MAE MAE t p dz Result
LDM SAVI (A3, B8) vs. GNDVI 1.33 1.77 —1.65 0.14 0.58 ns
TFI-3 (ENT10, B10, B8) vs. GNDVI 1.26 1.77 —2.38 0.049 0.84 *
PDM SAVI (B8, Az) vs. EVI 2.98 411 —2.25 0.06 0.80 ns
TFI-1 (B8, Az, MEA5) vs. EVI 3.03 411 —2.98 0.02 1.06 *
LNA RSI (SA;, B8) vs. GNDVI 83.58 95.41 -0.73 0.49 0.26 ns
TFI-4 (CA3, SA1, CORY) vs. GNDVI 66.59 95.41 —4.09 0.01 1.44 *
PNA RSI (CAj3, B3) vs. GNDVI 141.68 154.12 -1.51 0.17 0.53 ns
TFI-4 (CA1, COR6, Pp) vs. GNDVI 125.82 154.12 —3.18 0.02 1.12 *

Note: The MAE values represent the mean absolute prediction error for each independent test site
(n = 8) obtained under the LOSO-CV framework. Importantly, this site-level mean differs from the
pooled overall MAE reported in Table 4, as these specific values were used to conduct the paired
t-tests. The MAE reduction was calculated relative to the best-performing conventional vegetation
index for each target parameter. The statistical significance of the MAE reduction was assessed using
site-level paired t-tests. The asterisk (*) denotes a statistically significant difference (p < 0.05), while
‘ns” indicates no significant difference. Cohen’s dz is reported to quantify the standardized effect size
of the improvement.

To further evaluate whether the deep learning architectures provided statistically
significant improvements over the RF model, site-level paired ¢-tests based on MAE were
conducted under the LOSO-CV framework (Table S2). The results demonstrated that none
of the optimal deep learning models showed statistically significant reductions in MAE
compared with RF (p > 0.05), although several deep learning models achieved slightly lower
prediction errors for specific indicators. Overall, RF remained a robust baseline model
under the site-held-out LOSO-CV evaluation framework, while the appropriately selected
deep learning architectures provided competitive predictive performance for different
tea plant growth parameters, suggesting their potential to capture complex nonlinear
relationships between multi-source remote sensing features and physiological traits. In
addition, all reported R? values were calculated from pooled predictions across the eight
held-out LOSO test folds, representing the overall predictive capability across all sampling
sites. These values were interpreted together with site-level MAE statistics (Table S2) to
account for variability caused by spatial heterogeneity among tea plantations.

3.5. Spatiotemporal Variability Analysis of Tea Plant Growth Status Based on Optimal
Monitoring Model

The optimal-performing deep learning models identified under the LOSO-CV frame-
work were applied to UAV multispectral imagery of the experimental tea plantations,
achieving pixel-wise retrieval of PDM and PNA (Figures 5 and 6). The 2024-2025 spatial
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distribution maps generated by the models revealed heterogeneous spatial patterns of
PDM and PNA, characterized by interleaved regions with relatively high and low values
within the tea plantations. To assess the consistency between the model-derived maps and
field observations, pixel values corresponding to the GPS coordinates of field sampling
points were extracted from the spatial prediction maps using GIS and compared with the
corresponding laboratory-measured values. The validation set showed that the coefficients
of determination (R?) for PDM and PNA reached 0.57 and 0.67 (Figure 7), respectively, with
the scatter points closely distributed around the 1:1 reference line.

Table 6. LOSO-CV results of growth indicator monitoring models based on deep learning algorithms
and multi-index fusion.

Indicator Index R? RMSE NMAE MAE
RF 0.55 1.96 0.28 1.52
LDM CNN 0.52 2.03 0.30 1.62
(tha1) MLP 0.56 1.93 0.29 1.57
Transformer 0.41 2.24 0.34 1.86
RF 0.46 424 0.31 3.32
PDM CNN 0.39 4.49 0.33 3.61
(tha™1) MLP 0.59 3.70 0.27 2.96
Transformer 0.53 3.96 0.30 3.19
RF 0.71 78.28 0.26 59.64
LNA CNN 0.70 79.40 0.27 61.19
(kg'ha_l) MLP 0.73 75.33 0.25 57.73
Transformer 0.40 112.69 0.41 93.25
RF 0.62 142.45 0.28 101.51
PNA CNN 0.68 130.19 0.27 95.91
(kg-hafl) MLP 0.62 141.43 0.31 112.09
Transformer 0.55 154.44 0.33 118.87

Note: The RMSE, NMAE, and MAE values reported in this table were calculated by pooling the
predictions across all samples from the LOSO test folds. Bold values indicate the best-performing
model and its corresponding prediction results for each tea plant growth parameter.

Based on descriptive statistics (Table 7), the temporal dynamics of the two tea plan-
tations exhibited distinct interannual variations rather than identical temporal patterns.
The Juyuanchun (JYC) tea plantation showed an increasing trend in model-derived growth
parameters from 2024 to 2025, with the mean PDM increasing from 10.68 to 12.72 t-ha~!
and the mean PNA increasing from 338.22 to 343.18 kg-ha~!. The spatial CV values of PDM
and PNA increased from 28.68% and 27.48% to 32.98% and 31.86%, respectively, indicating
increased spatial variability.

In contrast, the Maoshan (MS) tea plantation exhibited relatively limited interannual
changes during the same period, with only slight decreases in the estimated growth pa-
rameters. The mean PDM decreased marginally from 11.59 to 11.32 t-ha~!, while the
mean PNA decreased from 359.87 to 327.85 kg-ha~!. Meanwhile, the spatial CV values
of PDM and PNA decreased from 30.07% and 33.43% to 28.30% and 27.92%, respectively.
These differences derived from the spatial prediction maps should be interpreted as model-
derived estimates of interannual variation rather than direct measurements of physiological
changes, because the magnitude and direction of the mapped differences may be influenced
by retrieval models, acquisition timing, phenological stages, and plantation characteristics.
The results highlight the potential of the proposed deep learning framework for character-
izing plantation-specific spatial heterogeneity and temporal variations in tea plant growth
across different plantations.
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Figure 5. Spatial distribution maps of PDM for the Maoshan (a—c) and Juyuanchun (d—f) tea gardens
in 2024 and 2025, and their differences, respectively.

19 130°E. 19 1430°E. 19°1430E

(a) o (b) .

315470N
31470N
31470N

pNa (kg-hat) pNA (kg-ha™)

[ 1<300 [ <300

I 300 - 600 I 300 - 600

I 600 - 900 0 70 140 Meters I 600 - 900 0 70 140 Meters B 0- 300 0 70 140 Meters
Il > 900 Il > 900 Il > 300 [ E—E—

1930 1930E 1930

@ + O O R

32:200N
3202008
3202008

PNA Change (kg-ha

PNA (kg-ha™) PNA (kg-ha™)

L 1<300 [ <300 [ <-300

0 300 - 600 [ 300 - 600 [ -300-0

B 600 - 900 0 70 140 Meters I 600 - 900 0 70 140 Meters B 0- 300 0 70 140 Meters
I > 900 I > 900 I > 300

Figure 6. Spatial distribution maps of PNA for the Maoshan (a—c) and Juyuanchun (d—f) tea gardens
in 2024 and 2025, and their differences, respectively.
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and (b) PNA. The solid line represents the linear regression line, and the dashed line represents the
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Table 7. Descriptive statistics of growth parameters in typical tea gardens from 2024 to 2025.

Garden Name Parameter Year Min Max Mean SD CV/%
PDM 2024 4.15 19.14 10.68 3.06 28.68
(tha-1) 2025 8.10 21.21 12.72 4.19 32.98

JYC a 2025-2024 +3.95 +2.07 +2.04 +1.13 —
PNA 2024 125.90 572.60 338.22 92.96 27.48
(k -ha_l) 2025 173.90 535.59 343.18 109.32 31.86

& 2025-2024 +48.00 —37.01 +4.96 +16.36 —
PDM 2024 5.26 19.3 11.59 3.48 30.07
(th _1) 2025 5.59 17.58 11.32 3.20 28.30

MS a 2025-2024 +0.33 -1.72 -0.27 —0.28 —
PNA 2024 173.95 634.39 359.87 120.30 33.43
(k -ha_l) 2025 173.32 551.05 327.85 91.53 27.92

8 2025-2024 —0.63 —83.34 —32.02 —28.77 —

4. Discussion
4.1. Construction of New Remote Sensing Indices Based on Multi-Type Feature Fusion

The accurate retrieval of crop growth parameters relies on a feature representation
strategy capable of comprehensively capturing canopy biochemical and structural charac-
teristics. Single spectral reflectance or conventional vegetation indices often exhibit limited
sensitivity under dense canopy conditions due to spectral saturation and insufficient rep-
resentation of canopy structural heterogeneity. In this study, a data-driven strategy was
developed to systematically explore complementary information from original spectral
reflectance, spatial texture features, and frequency-domain harmonic components. All
candidate feature combinations were exhaustively generated under predefined mathemati-
cal formulations, and representative TFIs were identified through exploratory screening
according to their associations with tea growth parameters within the investigated dataset.
Previous studies have demonstrated that optimized multi-band indices can identify in-
formative spectral combinations and improve crop trait estimation by exploiting comple-
mentary spectral responses [22,26]. Recent studies have demonstrated the effectiveness of
integrating UAV-derived features with environmental information for tea growth monitor-
ing. Jiang et al. [13] achieved high prediction accuracy by combining UAV spectral, texture,
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color features, and meteorological variables with optimized machine learning algorithms.
However, their framework incorporated synchronous environmental observations as ad-
ditional predictive information to further enhance model performance. In contrast, the
present study focused on extracting complementary information from standard UAV mul-
tispectral imagery through spectral-textural-harmonic feature construction. In addition
to meteorological variables, some multi-source fusion frameworks incorporate additional
sensing modalities, such as hyperspectral measurements or structural sensors (e.g., LIDAR),
which may increase data acquisition complexity and limit scalability for large-scale tea
plantation monitoring [9,13]. To clarify the methodological differences between previous
feature integration strategies and the present study, Table 8 summarizes representative
studies regarding feature types, fusion strategies, sensing requirements, and their relevance
to crop trait monitoring. Therefore, the main contribution of this study lies not simply
in combining multiple feature sources, but in developing compact empirical indices that
enable multi-domain information fusion using only conventional UAV multispectral im-
agery, thereby providing an alternative strategy that reduces dependence on additional
hyperspectral, LIDAR, or environmental observations.

Regarding predictive performance, models using the selected TFIs achieved cross-
validated R? values up to 0.63 for biomass parameters and 0.62 for nitrogen accumulation
parameters under the LOSO-CV framework. By integrating these compact multi-domain
features with deep learning architectures, the predictive performance was further improved,
with the optimal models achieving R? values of 0.56 for LDM (MLP), 0.59 for PDM (MLP),
0.73 for LNA (MLP), and 0.68 for PNA (CNN). The difference between the present study
and Jiang et al. [13] should be interpreted considering their distinct input configurations
and validation objectives. Jiang et al. [13] emphasized maximizing prediction accuracy
through multi-source data integration, whereas the present study evaluated the cross-site
predictive behavior of UAV-derived intrinsic information using a site-held-out LOSO-CV
framework. Notably, the present UAV-only framework achieved competitive predictive
capability, particularly for LNA, despite not incorporating external meteorological variables.
The lower prediction errors obtained by models using the selected TFIs compared with
conventional vegetation indices were further supported by site-level paired t-tests (Table 5),
which confirmed that the selected TFIs achieved significantly lower prediction errors than
the best-performing conventional indices (p < 0.05). These results suggest that within
the investigated dataset, complementary information from different feature domains may
provide more informative representations of tea canopy characteristics compared with tra-
ditional reflectance-based indices alone. Rather than representing direct physical or optical
mechanisms, the optimal feature combinations should be interpreted as empirical predic-
tors associated with tea growth parameters. For structural parameters (LDM and PDM),
the optimal indices—TFI-3 (ENT10, B10, B8) for LDM (R? = 0.63) and TFI-1 (B8, A3, MEA5)
for PDM (R2 = (0.57)—showed strong contributions from near-infrared, red-edge, harmonic,
and texture features. The NIR region is widely recognized for its sensitivity to canopy
structure and biomass-related variation, while red-edge information has been reported
to maintain sensitivity under dense canopy conditions and may reduce the saturation
effects commonly observed in traditional vegetation indices [4,27,28]. Furthermore, texture
features such as ENT10 and MEAS provide complementary information related to canopy
spatial heterogeneity and structural variation [10,11]. These findings suggest that integrat-
ing spectral and spatial information can improve biomass estimation by capturing both
spectral responses and canopy structural characteristics. In this study, however, the selected
feature combinations should not be interpreted as direct physiological indicators. Although
the SAVI formulation (with L = 0.5) was originally designed to reduce soil-background
effects in reflectance-based vegetation indices, its application involving harmonic ampli-
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tude (A3) does not represent a literal soil-adjustment mechanism. Instead, the SAVI-type
formulation functions as a nonlinear mathematical transformation between heterogeneous
feature domains, which empirically improved prediction performance within the evaluated
dataset. Therefore, the contribution of these constructed indices should be understood
from a data-driven feature representation perspective rather than from direct physiological
or optical mechanisms.

Table 8. Summary of previously reported remote sensing features for crop monitoring and

feature fusion.

Feature Domains

Target Crop Integrated Key Findings Supporting Multi-Feature Fusion Reference
Integrating spatial texture features with spectral reflectance Lu et al
Rice Spectral + Textural effectively mitigates the canopy saturation bottlenecks in (2020) [22']
high-density vegetation rows.
Machine learning models utilizing fused multimodal Su et al
Winter Wheat ~ Spectral + Textural  features outperform single-source single-index approaches (2025) [11']
in monitoring crop growth parameters.
LiDAR-derived The synergistic mechanism between canopy 3D structure Li etal
Tea Plants Structure + and spectral features yields highly robust non-destructive (2026) [9']
Multispectral estimation of the nitrogen nutrition index (NNI).
Frequency-domain variables (amplitude and phase) via FFT Jiang et al
Tea Plants Spectral + Harmonic can uncover latent wave morphology variations that are (202% [29]’
completely missed by conventional broadband indices.
UAV-derived Demonstrated that integrating UAV—fierlved. spectr'al, texture,
and color features with meteorological variables improved .
spectral, texture, . ) C . Jiang et al.
Tea plants the machine learning-based estimation of tea growth
and color features + . . (2025) [13]
- parameters (leaf dry matter and nitrogen accumulation) and
meteorological data ! . L
enhanced plantation-scale spatial variability assessment.
The proposed data-driven tri-feature optimization
Tea Plants Spectral + Textural + framework provides a deeper empirical decoupling of This Study

Harmonic

multi-source heterogeneous signals for high-precision

growth tracking.

For nitrogen-related parameters (LNA and PNA), the optimal indices—TFI-4 (CA3,
SA;, CORY) for LNA (R? = 0.62) and TFI-4 (CA;, COR6, P;) for PNA (R? = 0.52)—were
mainly composed of harmonic and texture features. This finding suggests that frequency-
domain transformations may capture spectral response patterns associated with canopy
nitrogen variation rather than directly representing nitrogen concentration itself. Although
harmonic components do not directly measure biochemical traits, their selection indicates
that frequency-domain representations of spectral waveform variation contain useful pre-
dictive information associated with nitrogen-related canopy changes [30]. The harmonic
amplitude describes variations in spectral energy distribution, whereas phase components
should be regarded as mathematical descriptors of waveform characteristics rather than
direct indicators of physiological shifts [31,32]. Similarly, texture correlation features pro-
vide complementary information related to canopy spatial consistency and local growth
variability. Therefore, the contribution of harmonic and texture features should be inter-
preted as an empirical representation of complex canopy responses rather than a direct
physiological mechanism. Overall, the proposed multi-feature fusion framework demon-
strated the potential of integrating spectral, spatial, and frequency-domain information
for tea growth monitoring using standard UAV multispectral imagery. The experimen-
tal design, including multiple representative tea-producing regions, major cultivars, and
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two consecutive spring harvest seasons in Jiangsu Province, enabled an evaluation under
heterogeneous field conditions. By evaluating model performance under a site-held-out
LOSO-CV framework conditional on the selected feature combinations, these findings
suggest that the proposed data-driven feature screening strategy provides a potential
pathway for constructing compact multi-domain indicators and improving UAV-based tea
plantation monitoring.

4.2. Performance Comparison and Interpretation of Deep Learning Algorithms in Tea Plant
Growth Monitoring

The deep learning models achieved competitive predictive performance compared
with the traditional RF model for different tea plant growth indicators, which is consistent
with recent empirical findings in remote sensing-based crop monitoring. For instance, Wang
et al. [17] demonstrated that deep neural networks could effectively utilize UAV-derived
multi-source features for crop monitoring tasks and improve prediction performance com-
pared with conventional machine learning approaches. In this study, statistical analysis
(Table S2) indicated that under the site-held-out LOSO-CV framework conditional on the
selected feature combinations, none of the optimal deep learning models exhibited sta-
tistically significant reductions in MAE compared with RF (p > 0.05), although several
deep learning models achieved lower numerical errors for specific indicators. These results
suggest that the predictive advantages of deep learning should be interpreted within the
evaluated dataset rather than considered as universal superiority over traditional machine
learning approaches. While RF effectively captures nonlinear relationships through ensem-
ble decision trees, deep neural networks provide an alternative hierarchical representation
strategy that may facilitate the modeling of complex associations among heterogeneous
feature combinations consisting of spectral, texture, and harmonic information. This advan-
tage may become more relevant when processing multi-domain feature spaces, although
model performance ultimately depends on the interaction between architecture, feature
representation, and dataset characteristics [14].

Within the comparison of different deep learning architectures, the optimal models
varied across physiological targets: the MLP achieved the best performance for LDM, PDM,
and LNA, whereas the CNN achieved the optimal performance for PNA. These divergent
results should be interpreted as empirical performance differences under the current
experimental conditions rather than definitive relationships between specific network
architectures and crop physiological traits. For biomass-related indicators (LDM and PDM)
and LNA, the relatively stable performance of MLP may be associated with the suitability of
its compact nonlinear mapping structure for the selected feature representations. Compared
with more complex architectures, the relatively simple structure of MLP may facilitate the
establishment of stable feature-response mappings under limited sample conditions.

Conversely, the CNN achieved the best performance for PNA prediction, which may
be related to its capability to extract local feature patterns and hierarchical combinations
within the organized multi-source feature representations. Although transformer-based
models theoretically provide global feature interaction through the self-attention mecha-
nism [33], their performance was relatively limited in this study. This may be attributed
to the restricted sample size and the higher architectural complexity, which increases the
difficulty of achieving robust generalization under limited training conditions. Similarly,
the optimal performance of CNN for PNA should not be interpreted as evidence of an
inherent physiological specificity of convolutional structures, but rather as an empirical
outcome related to the current feature representation and dataset characteristics [19]. Over-
all, the results demonstrate that high-precision agricultural remote sensing depends not
only on integrating multi-source features, but also on selecting modeling strategies that
match the characteristics of the available feature representations and dataset size. Rather

https://doi.org/10.3390/1s18172923


https://doi.org/10.3390/rs18172923

Remote Sens. 2026, 18, 2923

21 0f 25

than indicating the universal superiority of a specific deep learning architecture, this study
highlights that the interaction between feature representation and model structure is a
critical factor determining predictive performance.

4.3. Precision Management Decision-Making for Tea Plantations Based on UAV Remote Sensing
Platforms and Intelligent Models

In modern intensive tea plantation management, the spatial precision and timeliness
of growth information represent the primary constraints to achieving precision agriculture.
While traditional point-wise field surveys are accurate, they inherently mask the existing
spatial variability. Although satellite remote sensing offers broad coverage, it is frequently
hindered by cloud interference and long revisit periods, limiting its ability to satisfy
the requirements of precise monitoring in the hilly and fragmented tea plantations of
southern China [5,34]. In contrast, the high-resolution “area-based” mapping developed
in this study—utilizing UAV low-altitude remote sensing integrated with deep learning—
provides considerable advantages for characterizing fine-scale spatial variability within tea
plantations. Unlike most current studies that remain limited to small-scale validation or
single-indicator pixel-level assessments (e.g., Wang et al. [17]), this research successfully
extends deep learning retrieval to macro-scale spatial heterogeneity analysis. This leap from
“micro-retrieval” to a “synoptic monitoring” perspective provides a robust data foundation
for transitioning tea plantation management from coarse plot-level interventions to plant-
level precision operations.

Another important finding of this study is the capability of the proposed framework to
characterize interannual patterns and spatial heterogeneity across different tea plantations.
In the case analysis of Section 3.5, the mapping results and descriptive statistics (Table 7)
revealed distinct temporal trajectories between Juyuanchun (JYC) and Maoshan (MS) from
2024 to 2025, with noticeable but plantation-specific variations in growth parameters.
Specifically, the estimated mean values increased by 2.04 t-ha~! for PDM and 4.96 kg-ha™!
for PNA in JYC, whereas MS showed decreases of 0.27 t-ha~! and 32.02 kg-ha=! for
PDM and PNA, respectively. These differences should therefore be interpreted as model-
derived estimates of interannual patterns rather than direct evidence of physiological
changes, because the observed patterns may be affected by multiple factors, including
growth conditions, acquisition timing, phenological stages, and plantation characteristics.
The observed differences may also reflect variations in cultivar composition and local
environmental conditions (e.g., Longjing 43 and Wuniuzao at MS). While previous UAV-
based crop monitoring studies have typically focused on broader evolution patterns during
natural growth stages [34,35], the ability of the proposed “multi-source feature + deep
learning” framework to characterize plantation-specific temporal responses and spatial
variability demonstrates its potential for the continuous monitoring of tea plantation
growth dynamics.

This highly visualized “growth and nutrition diagnostic report” directly empowers
precision decision-making in modern tea plantations. By identifying low-value areas
(nitrogen deficiency) from the PNA distribution maps, managers can generate targeted
variable-rate topdressing prescription maps, fundamentally transforming the traditional
“one-size-fits-all” uniform fertilization model. This not only effectively enhances fertilizer
use efficiency, but also controls soil acidification and water non-point source pollution
caused by over-fertilization at the source, balancing economic benefits with ecological
sustainability [1,2]. Furthermore, based on the spatial distribution patterns of PDM, differ-
entiated harvesting plans can be implemented to rationally allocate labor and machinery
resources according to growth conditions, significantly improving operational efficiency.
This study successfully established a technical closed-loop of “UAV sensing-deep learning
retrieval-precision mapping”. The framework demonstrated potential for monitoring spa-
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tial and temporal variations in tea growth parameters across multiple plantations and years.
Future studies should further incorporate longer-term observations and additional envi-
ronmental variables to improve the interpretation and uncertainty assessment of mapped
interannual changes.

4.4. Model Applicability and Limitations

While the proposed multi-domain feature fusion and deep learning framework demon-
strated robust predictive performance across multiple tea plantations, several boundary
conditions and limitations must be acknowledged. Given the relatively limited field sample
size, the deep learning models developed in this study should be interpreted as exploratory
models rather than fully generalized operational solutions. Although rigorous LOSO-CV,
compact feature representation, and regularization strategies were employed to mitigate
overfitting risks, broader applicability requires further validation using larger datasets
covering more cultivars, regions, and growth seasons. As an exploratory data-driven study,
the empirical indices and models were optimized based on spring tea harvest data in
Jiangsu Province. Because nutrient allocation and biochemical metabolic processes in tea
canopies vary significantly across growing seasons [36], the current models may experi-
ence reduced accuracy if directly applied to summer and autumn without recalibration.
Furthermore, the model’s applicability outside the current dataset—such as under extreme
climatic conditions, complex mountainous topography, or diverse soil backgrounds (e.g.,
high-altitude regions in Southwest China or red-soil regions in South China)—remains
to be systematically validated. Future research should extend the monitoring window to
the entire annual growth cycle and incorporate a wider range of cultivars and environ-
mental conditions. Additionally, while standard multispectral imagery was utilized to
ensure large-scale operational efficiency, integrating precise three-dimensional structural
parameters from LiDAR or canopy temperature features from thermal infrared sensors
could further enhance the robustness of this non-destructive diagnostic system against
environmental noise [9,19].

5. Conclusions

The results demonstrated that the selected multi-domain feature combinations, includ-
ing TFI-3 (ENT10, B10, B8) and TFI-1 (B8, Az, MEAD), provided informative representations
for LDM and PDM estimation, respectively. Similarly, TFI-4 (CA3, SA;, COR9) and TFI-4
(CA4, CORG, P1) showed improved predictive performance for LNA and PNA estimation
compared with conventional vegetation indices within the investigated dataset. Fur-
thermore, this study demonstrated the potential of machine learning and deep learning
approaches for modeling heterogeneous multi-source remote sensing features. Under the
LOSO-CV framework, models incorporating the selected feature combinations achieved
cross-validated R? values of 0.56, 0.59, 0.73, and 0.68 for LDM, PDM, LNA, and PNA
estimation, respectively. Specifically, the MLP model achieved the best performance for
LDM (R? = 0.56), PDM (R? = 0.59), and LNA (R? = 0.73), whereas the CNN model showed
the highest accuracy for PNA estimation (R? = 0.68). Although deep learning models
exhibited competitive predictive performance compared with the RF baseline, no statis-
tically significant reductions in MAE were observed under the site-held-out LOSO-CV
evaluation conditional on the selected feature combinations. The plantation-scale spatial
distribution maps generated using the optimal models provided model-derived estimates
of spatial heterogeneity and potential interannual variations in biomass and nitrogen status,
which should be interpreted considering the influence of the retrieval models. Overall,
the proposed framework provides a UAV-based strategy for tea growth monitoring by
integrating spectral, spatial texture, and frequency-domain information without requiring
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additional environmental observations. By transforming heterogeneous UAV-derived fea-
tures into compact empirical representations, this framework offers a potential approach
for improving information utilization efficiency in UAV-based tea plantation monitoring.

Supplementary Materials: The following supporting information can be downloaded at:
https:/ /www.mdpi.com/article/10.3390 /1518172923 /s1, Supplementary Table S1: Calculation for-
mulas for the conventional vegetation indices. Supplementary Table S2: Statistical significance
analysis of the optimal deep learning models compared with the random forest baseline based
on LOSO-CV MAE values. Supplementary Figure S1: Distribution patterns of the standardized
values (Z-scores) of the selected optimal features used for constructing the optimal tri-feature in-
dices (TFIs). Violin plots illustrate the probability density, median, interquartile range, and overall
variability of each feature across all samples. Supplementary Listing S1: MATLAB implementa-
tion for the exhaustive search of tri-domain feature indices (TFIs). Refs. [37—40] have been cited

in the Supplementary Materials.
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Abbreviations

The following abbreviations are used in this manuscript:

SNA Stem nitrogen accumulation
LNA Leaf nitrogen accumulation
PNA Plant nitrogen accumulation
LDM Leaf dry matter

SDM Stem dry matter

PDM Plant dry matter

CNN Convolutional neural network
MLP Multilayer perceptron

LNC Leaf nitrogen concentration
SNC Stem nitrogen concentration
NNI Nitrogen nutrition index
TFIs Tri-feature fusion indices
ROIs Regions of interest

DFT Discrete Fourier transform
MSE Mean squared error
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FFT Fast Fourier transform
GLCM Gray-level co-occurrence matrix
RF Random forest
UAV Unmanned aerial vehicle
DL Deep learning
MAE Mean absolute error
NMAE Normalized mean absolute error
R? Coefficient of determination
RMSE Root mean square error
RE Relative error
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