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Abstract

Rice is one of the three primary staple crops worldwide. The accurate monitoring of its
key growth stages is crucial for agricultural management, disaster early warning, and
ensuring food security. The effective collection of ground reference data is a critical step
for monitoring rice growth stages using satellite imagery, traditionally achieved through
labor-intensive field surveys. Here, we propose utilizing UAVs as an alternative means to
collect spatially continuous ground reference data across larger areas, thereby enhancing
the efficiency and scalability of training and validation processes for rice growth stage
mapping products. The UAV data collection involved the Nanchuan, Yongchuan, Tong-
nan, and Kaizhou districts of Chongqing City, encompassing a total area of 377.5 hectares.
After visual interpretation, centimeter-level high-resolution labels of the key rice growth
stages were constructed. These labels were then mapped to Sentinel-2 imagery through
spatiotemporal matching and scale conversion, resulting in a reference dataset of Sentinel 2
data that covered growth stages such as jointing and heading. Furthermore, we employed
30 vegetation index calculation methods to explore 48,600 spectral band combinations
derived from 10 Sentinel-2 spectral bands, thereby constructing a series of novel vegetation
indices. Based on the maximum relevance minimum redundancy (mRMR) algorithm, we
identified an optimal subset of features that were both highly correlated with rice growth
stages and mutually complementary. The results demonstrate that multi-feature model-
ing significantly enhanced classification performance. The optimal model, incorporating
300 features, achieved an F1 score of 0.864, representing a 2.5% improvement over models
based on original spectral bands and a 38.8% improvement over models using a single fea-
ture. Notably, a model utilizing only 12 features maintained a high classification accuracy
(F1 = 0.855) while substantially reducing computational costs. Compared with existing
methods, this study constructed a large-scale ground-truth reference dataset for satellite
imagery based on UAV observations, demonstrating its potential as an effective technical
framework and providing an effective technical framework for the large-scale mapping of
rice growth stages using satellite data.

Keywords: rice growth monitoring; Sentinel-2; UAV; machine learning; remote sensing
collaboration
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1. Introduction

Rice is one of the three major staple crops globally, and identifying its key growth
stages is crucial for agricultural production management [1]. The accurate monitoring of
these stages provides essential data for rice growth assessment, optimizing fertilizer and
water management, and enabling disaster early warning, thereby playing a pivotal role in
ensuring agricultural productivity and food security [2]. For example, during the jointing
stage, precise monitoring helps guide the appropriate application of nitrogen fertilizers [3];
during the heading stage, it supports heat stress warnings [4]; during both the heading and
milky stages, it aids in controlling planthoppers [5]; and during the heading and maturity
stages, it facilitates accurate yield predictions [6].

The primary methods commonly employed to monitor the growth stages of rice are
manual field measurements and high-throughput remote sensing technologies, both of
which are widely recognized and utilized. However, traditional monitoring methods
heavily depend on manual field observations, which face several challenges, such as high
costs, low efficiency, and limited spatiotemporal coverage. Additionally, these methods
are susceptible to biases introduced by observer subjectivity. Ground-based phenological
records are also difficult to implement for high-frequency dynamic monitoring at the re-
gional scale [7]. Moreover, the spatiotemporal heterogeneity of rice phenology, exacerbated
by climate change, further reduces the effectiveness of traditional methods [8].

In recent years, remote sensing technology has emerged as a crucial tool for monitoring
the various stages of crop growth. The spectral characteristics, canopy structure, and
biomass accumulation of rice vary significantly throughout the different phases of growth.
For example, during the jointing stage, the chlorophyll content in rice leaves increases
rapidly, whereas at the heading stage, canopy coverage peaks. These physiological changes
can be accurately detected using remote sensing spectral data [9].

Currently, growth stage identification primarily depends on image data acquired
through two remote sensing technologies: unmanned aerial vehicles (UAVs) and satel-
lites [6,10]. Satellite remote sensing, with its wide coverage, high frequency, and cost-
effectiveness, has been instrumental in overcoming the limitations of traditional monitor-
ing. Researchers have widely explored its application for crop growth stage monitoring.
For instance, Amani et al. [11] developed an unsupervised classification method using
Sentinel-2 time-series data, combined with rice growth stages. By integrating near-infrared
and harvest-period band reflectance features and applying NDVI time-series analyses, they
achieved Kappa coefficients between 0.70 and 0.94 across three regions in Iran, demonstrat-
ing the method’s adaptability in monitoring rice growth stages. Chen et al. [12] combined
canopy structure models with growth curve fitting to monitor growth stages at the sub-field
scale for winter wheat and maize using Sentinel-2 data. Their approach resulted in a BBCH
scale prediction error of less than 3.7 days, addressing the challenge of mismatched spa-
tiotemporal resolution between satellite data and agronomic standards. These approaches
demonstrate satellite data’s potential for addressing large-scale monitoring needs.

In recent years, the rapid progress of UAVs, coupled with advancements in data
processing software, has led to the widespread adoption of UAV-based remote sensing tech-
nology in agriculture. This is mainly attributed to its cost-efficiency, operational flexibility,
and superior spatial resolution [13]. UAVs offer centimeter-level resolution imagery, mak-
ing them highly accurate for identifying fine-scale crop characteristics. Astridevi et al. [14]
used ultra-high-resolution UAV imagery and the Mask R-CNN method to automatically
detect rice growth stages. The method achieved an F1 score of 0.8 during the maturity
stage and 0.87 during the vegetative growth stage. Qiu et al. [15] developed a growth stage
prediction model for 327 rice varieties by combining UAV-acquired multispectral images
and deep learning algorithms with the normalized difference vegetation index (NDVI)
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and cubic polynomial regression equations. The model achieved a prediction accuracy of
0.75-0.93 and a relative error of less than 14.66%, significantly enhancing the accuracy and
generalization capability of rice growth stage prediction. Lu et al. [16], using UAV images
and a model (GBiNet), constructed the PaddySeg dataset, which included 2600 images. By
incorporating direct georeferencing (DGL) and incremental sparse sampling (ISS) technolo-
gies, they achieved automatic monitoring of rice growth stages, with an average IoU of
91.50%. Wang et al. [17] utilized UAV multispectral images and a random forest model
to confirm the inversion capability of the red band for key growth stage LAI and LCC
in maize. The model maintained stability during cross-site water and fertilizer transfer,
highlighting the monitoring advantages of UAVs in heterogeneous farmland. Liu et al. [18]
captured data for five wheat growth stages using UAVs and selected NDRE/TVI as the
optimal indicators. Their random forest model achieved a plant height prediction error
of less than 1.01 cm and simultaneously identified moisture stress zones, enhancing the
full-growth-stage management scheme. UAV remote sensing provides centimeter-level
resolution imagery, making it highly accurate for identifying rice growth stages. However,
its limited coverage posed challenges in supporting large-scale monitoring needs [19].

Satellite imagery provides global coverage; however, it faces the challenge of limited
labeled data. Traditionally, reference data for remote sensing applications are primarily
collected on the ground and geographically encoded using GNSS devices [20]. However,
this approach has several limitations. First, the quantity of ground reference data is limited
because field surveys are time-consuming, labor-intensive, and costly. For example, in the
studies conducted by Mu, Huang, and others, the number of reference data points did not
exceed 400 [21,22]. Second, the quality and representativeness of ground observation data
are often affected by GPS inaccuracies caused by geographic factors [23]. Moreover, field
data are typically collected as discrete point observations or plot measurements, which do
not align well with the continuous nature of remote sensing data and its spatial scale [24].
Particularly in regions such as Chongqing, which is dominated by mountainous and hilly
terrain, collecting ground reference data proves to be highly challenging.

To overcome these limitations, this study proposes the use of UAVs as an alternative
method for collecting reference data, thereby obtaining spatially continuous information
on rice growth stages with exceptionally high spatial resolution. With the increasing
simplification of UAV operation and data processing technologies, UAVs have become a
cost-effective operational tool for small-scale spatial applications. This concept has been suc-
cessfully demonstrated in other agricultural applications. For instance, Md Kamrul Islam
et al. [25] combined high-spatial-resolution training and validation data provided by UAVs
(for generating accurate sample labels) with the hyperspectral observation capabilities of
WorldView-3 satellites, achieving high-precision wetland plant classification. Wu et al. [26]
used UAV-derived pepper yield information as label data for Sentinel-2 imagery, enabling
large-scale yield inversion. The integration of UAV and satellite imagery effectively ad-
dresses the challenge of scarce labeled data in satellite imagery, thus enabling high-quality
modeling for broader applications. To our knowledge, a similar comprehensive approach
for generating large-scale, high-precision ground-truth datasets for rice growth stage mon-
itoring using UAV imagery to train satellite models has not yet been widely applied or
documented. Once the challenge of scarce labeled data in satellite imagery is addressed,
optimizing the use of multispectral satellite imagery for modeling becomes another key
issue. Constructing vegetation indices (VIs) is an effective approach. Compared to model-
ing with raw spectral bands, VIs improved the model’s resilience to variations in lighting
conditions and atmospheric disturbances, improved the model’s physical interpretability
and generalizability, reduced dimensionality and redundancy, and increased the informa-
tion’s expressiveness. Currently, the primary methods for detecting rice growth stages in
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the remote sensing field include SAR backscatter inversion methods and optical remote
sensing vegetation index approaches. While SAR data (e.g., from Sentinel-1) have been
explored for rice monitoring due to their ability to penetrate clouds and sensitivity to
surface moisture [27,28], these data are often influenced by surface moisture and often
involve higher inversion complexity, and their imaging quality (spatial texture and struc-
tural clarity) is typically inferior to that of optical imagery, limiting their effectiveness in
capturing fine-scale crop phenology dynamics. Conventional optical vegetation indices,
including the Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index
(EVI), and Spectral Derived Index, have been extensively utilized to monitor the growth
stages of rice [7,29]. However, existing studies still face the problem of spectral information
underutilization. Traditional indices are often based on fixed-band combinations (e.g.,
NDVI uses only the red and near-infrared bands), failing to fully exploit the red-edge and
shortwave infrared bands of Sentinel-2 [9]. Building upon the aforementioned challenges
and opportunities, this study aims to enhance the accuracy of rice growth stage detection
using medium-resolution satellite imagery by generating high-precision labels from UAV
imagery, developing data-driven feature selection methods, and integrating advanced
machine learning algorithms. The primary objectives of this study are outlined as follows:
(1) Based on high-resolution UAV imagery, high-precision growth stage labels obtained
from UAV images were mapped to Sentinel-2 imagery through spatiotemporal matching
and scale conversion, thereby constructing a benchmark dataset covering 377.5 hectares of
rice growth stages. (2) A total of 48,600 spectral band combinations were explored based
on 30 vegetation index calculation methods to construct a series of novel vegetation indices.
The maximum relevance minimum redundancy (mRMR) algorithm was utilized to select
a feature subset that is both highly correlated with and complementary to rice growth
stages, with a focus on vegetation indices closely related to key rice growth stages. (3) A
comparative analysis was conducted, and high-precision machine learning models were
established to achieve the accurate identification of key rice growth stages, providing an
expandable technical framework for rice growth stage monitoring.

2. Materials and Methods
2.1. Description of Study Area

This study was conducted in the rice-growing regions of Chonggqing City, located
in the southwestern part of China. It covered areas such as the Nanchuan, Yongchuan,
Tongnan, and Kaizhou districts (Figure 1), which encompass the main rice-producing areas
of the city. Chonggqing is situated in the upper reaches of the Yangtze River, with geographic
coordinates ranging from 105°11’E to 110°11’E and from 28°10'N to 32°13'N. The area is
located within the subtropical monsoon climate zone, characterized by an average yearly
temperature between 16 °C and 18 °C, and annual precipitation varying from 1000 mm
to 1400 mm. This warm and humid climate fosters optimal conditions for the cultivation
of rice. The study area is characterized by complex terrain, mainly composed of hills
and mountains. Rice cultivation is mainly concentrated in river valley plains and gentle
slopes, with a dominant single-cropping rice system. In some areas, double-cropping rice
or rice—oilseed rape rotation systems are practiced.
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Figure 1. (a) Map of China (review number: G5(2023)2766); (b) map of Chongqing Municipality with
the study area marked; (c) Fushou Research Area, Nanchuan District. Map projection: WGS584 UTM
Zone 49N.

The Nanchuan, Yongchuan, Tongnan, and Kaizhou districts are the main rice-
producing areas in Chongqing, with extensive planting areas and high yields, exhibiting
typical characteristics of the southwestern rice-growing region. Moreover, the rice growth
stages in these areas are significantly affected by climate and topography, displaying distinct
spatiotemporal heterogeneity. This provides a rich data foundation and a representative
research scenario for this study. The selection of these regions reflects the rice cultivation
characteristics of the southwestern rice-growing area and offers a scientific foundation for
accurately determining the critical stages of rice growth.

2.2. UAV Image Acquisition

This research utilized the M300 RTK UAYV, produced by DJI Innovations (Shenzhen,
China), and the DJI Zenmuse H20 camera to acquire UAV images. The UAV has a total
weight of 6.3 kg and a wheelbase measuring 895 mm, and it is capable of reaching a
maximum flight speed of 23 m/s. The camera is equipped with a 23 x zoom RGB camera
featuring a 20-megapixel 1/1.7 CMOS sensor, as well as a wide-angle RGB camera with a
12-megapixel 1/2.3 CMOS sensor, allowing for the concurrent capture of RGB imagery.

A total of 10 images were captured during data collection on 13-14 June, 18-20 July, and
12-14 August 2023. According to the Agricultural Meteorological Observation Standards,
the rice imagery was systematically classified into four key growth stages: jointing, heading,
milky, and maturity (Table 1).

Image stitching was carried out with the help of Agisoft Metashape Professional
1.6.4 software. The process encompassed several essential stages, such as loading the
image folder, performing reflectance calibration based on a calibration board, aligning
the photos, optimizing camera settings, creating dense point clouds, developing digital
elevation models (DEMs), generating orthophotos, normalizing reflectance, and exporting
the resulting images.
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Table 1. Detailed description of UAV data.
Imagery Location Growth Stage Cell Size (cm) Resqlutlon
(Pixel)
DJI_202307181803_002 Yongchuan Laishu Heading (0.2,0.2) 25,733 x 20,569
DJI_202307191526_001 Kaizhou Heading (0.2,0.2) 19,576 x 24,503
DJI_202307200949_002 Kaizhou Dade Jointing (0.2,0.2) 22,160 x 22,869
DJI_202307201727_007 Nanchuan Nongji Jointing (0.2,0.2) 24,432 x 31,413
DJI_202307201851_001 Nanchuan Fushou Jointing (0.2,0.2) 26,666 x 20,154
DJI_202308131333_013 Nanchuan Fushou Milky (0.2,0.2) 26,955 x 19,198
DJI_202308131629_014 Nanchuan Nongji Milky (0.2,0.2) 24,769 x 28,047
DJI_202308140904_015 Yongchuan Laishu Maturity (0.2,0.2) 24,719 x 22,190
DJI_202308141250_016  Tongnan Chongcan Milky (0.2,0.2) 23,152 x 18,702
DJI_202308141525_017 Tongnan Zitan Maturity (0.2,0.2) 23,152 x 18,702

This research utilized supervised machine learning classification methods, with the
data provided as masks to assist in classifying the regions of interest. Annotations were
made using ArcGIS Pro 2.5.2, with manual interpretation conducted by experienced inter-
preters. The images were divided into five classes: ‘Other’, ‘Jointing’, ‘Heading’, ‘Milky’,
and ‘Maturity’. Rice growth stage detection in this study was framed as a five-class super-
vised classification task. The visual interpretation of rice growth stages was cross-checked
by two interpreters, and uncertain areas were excluded from the subsequent classification.
The interpretation results were further verified through on-site inspections to ensure the
accuracy of the visual interpretation.

2.3. Satellite Image Acquisition and Annotation

To construct a large-scale rice growth stage recognition model, this study selected
Sentinel-2 satellite imagery data covering the research area. Sentinel-2 consists of 13 spectral
bands, with bands 1, 9, and 10 having a resolution of 60 m, primarily used for atmospheric
correction. Therefore, only the other 10 bands, with resolutions ranging from 10 to 20 m,
were selected. With the use of the Super Resolution plugin developed by the European
Space Agency (ESA) in SNAP software, all bands were resampled to a resolution of 10 m
and exported as TIFF images.

The UAV imagery for the study area and Google imagery were registered and geomet-
rically corrected using ArcGIS 10.8. Since the spatial resolution of UAV imagery (typically
at the centimeter level) is significantly higher than that of Sentinel-2 imagery (10 m), and the
downloaded Sentinel-2 imagery slightly exceeds the coverage of the UAV images, Python
3.6 programming was used to extend the spatial range of the label image to fully match the
Sentinel-2 image. A specific pixel-padding technique was applied to achieve this extension.
Subsequently, the proportion of each rice growth stage class within the corresponding
UAYV image region for each Sentinel-2 pixel was calculated, and the growth stage with
the highest proportion was assigned as the label for that Sentinel-2 pixel. The image and
bridging steps are illustrated in Figure 2. This method effectively bridges high-resolution
UAV imagery with medium-resolution satellite imagery, providing precise growth stage
labeling data for Sentinel-2 imagery. All data are shown in Figure 3.
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Figure 2. (a) Raw dataset; (b) UAV-to-Google georeferencing; (c) label-bridging workflow.

2.4. Vegetation Index Construction and Optimization

To differentiate rice plants at various key growth stages from other regions in the
Sentinel-2 imagery, this study constructed and selected vegetation indices. Using 30 com-
monly applied vegetation index calculation formulas (Table 2), a custom Python script
iterated through various spectral band combinations. The classification performance of
the vegetation indices derived from these combinations was evaluated by developing and
assessing a Multilayer Perceptron (MLP) model, which ranked the spectral band com-
binations according to their performance, thereby identifying the optimal combinations.
Compared to traditional linear correlation-based selection methods (e.g., Pearson’s cor-
relation coefficient), this approach captures nonlinear features and complex interactions,
facilitating the construction of more discriminative and generalizable vegetation indices.

Table 2. The name and calculation method of vegetation indices.

Index Acronym Complete Name Calculation Method

NDVI Normalized Difference Vegetation Index (b1 — b2)/(b1 + b2)

TDVI Transformed Dllrflge;ince Vegetation 15 x (bl — b2)/((b1% + b22 + 0.5)°5))

NIRv Near-Infrared Reflectance of Vegetation (b1 — b2)/(b1 + b2)) x bl
MSI Moisture Stress Index b2/bl

>Band MGRVI Modified Green Red Vegetation Index (b1? — b22)/(b1? + b2?)
an IPVI Infrared Percentage Vegetation Index b2/(b2 + b1)

EVI2 Two-Band Enhanced Vegetation Index 25 x (b2 —bl)/(b2 +2.4 x bl +6)
DVI Difference Vegetation Index b2 — bl
CIG Chlorophyll Index Green (b2/b1) — 1.0
CSI Char Soil Index b1l/b2
BAI Burned Area Index 1.0/((0.1 — b1)? + (0.06 — b2)?)
ARI Anthocyanin Reflectance Index (1/b1) — (1/b2)
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Table 2. Cont.

Index Acronym

Complete Name

Calculation Method

ARI2 Anthocyanin Reflectance Index 2 b3 x ((1/b1) — (1/b2))
ARVI Atmospherically Resistant Vegetation (b3 — (b2 — 2.5 x (b2 — b1)))/(b3 + (b2 — 2.5
Index x (b2 — bl)))
SWI Snow Water Index (b1 x (b2 — b3))/((b1 + b2) x (b2 + b3))
EBBI Enhanced Built-Up and Bareness Index (b2 — b1)/(10.0 x ((b3 + b2) 0.5))
3Band EVI Enhanced Vegetation Index 2.5 x (b3 —Db2)/(b3+6 x b2 — 7.5 x bl +1)
Green-Blue Normalized Difference
GBNDVI Vegetation Index (b3 — (b2 + b1))/(b3 + (b2 + b1))
GLI Green Leaf Index (2.0 x b3 — b2 — b1)/(2.0 X b3 + b2 + bl)
MBI Modified Bare Soil Index (b2 — b3 — bl)/(b2 + b3 + b1)) + 0.5
PSRI Plant Senescing Reflectance Index (b2 — b1)/b3
Bal Bareness Index bl + b3 — b2
BLFEI Built-Up Land Features Extraction Index (b1 +b2 + ]ii))//%(g): E;;/(((bl +b2+
BI Bare Soil Index ((b4 + b2) — (b3 + bl))/((b4 + b2) + (b3 + bl))
DBI Dry Built-Up Index (b1 — b4)/(b1 + b4)) — ((b3 — b2)/(b3 + b2))
DBSI Dry Bareness Index (b4 — b1)/(bl + b4)) — (b3 — b2)/(b3 + b2))
(((b3 — b4 — b2)/(b3 + b4 + b2)) + 0.5) — ((b1
4Band EMBI Enhanced Modified Bare Soil Index —b3)/ (blezr)l;%ll)?): (1;345): ](O(é()l)v3 —bd -
+0.5) + ((b1 — b3)/(b1 + b3)) + 1.5)
FCVI Fluorescence C{);;Zition Vegetation b4 — ((bl + b2 + b3)/3.0)
CARI Green Atmospherically Resistant (b4 — (b1 — (b2 — b3)))/(b4 — (b1 + (b2 —
Vegetation Index b3)))
WRI Water Ratio Index (b1 + b2)/(b3 + b4)

Subsequently, the top ten band combinations with the highest classification accuracy
for each vegetation index form were selected, and a feature dataset was constructed [30]. For
instance, in the case of two-band index forms, 12 possible combinations existed. By selecting
10 bands from Sentinel-2, each vegetation index yielded 90 spectral band combinations. By
choosing the 10 best-performing band combinations, 120 distinct feature vegetation index
band combinations were obtained. The same procedure was applied to three-band and
four-band vegetation index forms, resulting in a total of 300 feature vegetation index band
combinations.

2.5. Multi-V1 Feature Selection

In order to assess the effectiveness of multi-feature modeling, this research utilizes
the feature selection approach based on the minimum redundancy maximum relevance
(mRMR) criterion [31]. The mRMR algorithm concurrently optimizes two objective func-
tions for feature selection: (1) maximizing the correlation between the features and the
target variable, and (2) minimizing the redundancy among features, aiming to select a
subset that is both highly predictive and non-redundant.

In this implementation, this study utilized the Pymrmr toolkit to apply the mRMR
algorithm for secondary feature selection, based on the vegetation index band combinations
selected in Section 2.4. By setting different thresholds for the number of features, data
subsets containing 100, 24, 12, 6, and 3 features were constructed. The effect of feature
quantity on model performance was systematically examined to determine the optimal
feature dimensionality.
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Figure 3. UAV imagery, UAV labels, Google imagery, Sentinel-2 imagery, and Sentinel-2 labels.

2.6. Model Construction and Validation

In this step, the feature dataset selected in Section 2.5 was used to construct machine

learning classification models. A total of five classical classification models were developed:
the K-Nearest Neighbor (KNN) model [32], Support Vector Machine (SVM) model [33],
Multilayer Perceptron (MLP) model [34], Extreme Gradient Boosting (XGBoost) model [35],
and Random Forest (RandomForest) model [36]. All models were implemented using

the Scikit-learn library in Python, and standardized data, processed with exponential
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transformations, were used as inputs for the models. Three-fold cross-validation was
employed for model training. In evaluating the models for rice growth stage classification,
this study employed several performance metrics, including recall, precision, and F1 score.

TP
Recall = ———— 1
Ot = TPIEN M)
.. TP
Precision = TP+ D 2)
F =2 Precision x Recall 3)

X —
Precision + Recall

True positives (TP) refer to cases where both the actual and detected class were positive,
indicating the correct identification of positive values. False positives (FP) represent
instances where positive values were incorrectly detected, while false negatives (FN) denote
situations where negative values were mistakenly identified as positive. These metrics
were calculated using pixel-level detection results; this study placed greater emphasis on
the model’s overall ability to recognize rice growth stages. Therefore, the overall F1 score
for each category [37] was selected as the evaluation metric.

To more clearly illustrate the technical approach of this study, a detailed workflow
diagram was constructed (Figure 4). This diagram outlines all the steps from data col-
lection to model construction, including UAV image acquisition, satellite image retrieval,
UAV-satellite label bridging, vegetation index construction and selection, multi-feature
selection, sensitive band analysis, and final machine learning modeling. Through this
flowchart, readers can quickly understand the overall framework of this study and the
logical relationships between each step.

Data Acquisition and Preprocessing
Data Acquisition Label bridging
Visual interpretation of UAV Samples:9920
_____________ ~ Other: 2962
I/ spatial alignment | Jointing:1468
| Heading:1082
E>I label raster extrapolation I|$ Milky:2601
Google Sentinel-2 | Maturity:1107
l label mapping )
_____________ -
r— Full-band correlation analysis 7~ Vegetation index construction and screening Ji
)
Construction :
Spectral reflectance o m e —————— ~ 100 optimal
e - | 12 Two-bands index \I feature subsets
| Spearman coefficients ) | 10 Three-bands index »  Spectral band | DBI(783nm,2190nm
| | | permutations | ,842nm,1610nm)
| all categories : I\ 8 Four-bands index ) EVI(783nm,2190nm
]y g —— ——— b ,842nm)
. . | =~ Select top 10
|\ rice categories ) MLP ] indices by F1 :/)&le(lﬂﬂnm,sﬂn
___________ -~ ——
300 vegetation index combinations
—  Sensitivity Band Analysis ————————— Machine learning modeling
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3. Results
3.1. Results of Full-Spectrum Modeling

Spectral data were extracted from ten images at the pixel level, yielding a total of
27,906 spectral data points. Due to the uneven distribution of data across categories, a
subset of data was randomly selected from each category to construct a benchmark dataset
comprising 9220 spectral data points. This dataset contained 2962 data points from the
‘Other’ category, 1468 from the ‘Jointing’ stage, 1082 from the ‘Heading’ stage, 2601 from
the ‘Milky’ stage, and 1107 from the ‘Maturity’ stage. A Python script was used to calculate
the average spectral reflectance and standard deviation for each category. Additionally,
Spearman’s correlation coefficients between the spectral data and the different stages of
rice growth, as well as for the entire dataset, were computed. The results are presented in
Figure 5.

Figure 5a illustrates the variation in spectral reflectance across four critical growth
stages of rice (Jointing, Heading, Milky, and Maturity) and other categories within the
490-2190 nm spectral range. Overall, the spectral curves for different growth stages
exhibit minimal variation in reflectance at the 490 nm, 740 nm, 1610 nm, and 2190 nm
wavelengths, with Spearman correlation coefficients for growth stages consistently below
0.1, suggesting that these wavelengths contribute little to distinguishing between growth
stages. Additionally, the standard deviation of spectral reflectance for the ‘Other’ category
is relatively high, introducing some interference into the overall spectral characteristics.

At wavelengths of 560 nm, 665 nm, and 705 nm, the spectral reflectance gradually
increases as the rice plant progresses through its growth stages, with the most significant
increase observed at 705 nm, as shown in Figure 5c. This indicates that these wavelengths
are more sensitive to the spectral response associated with rice growth stages. In contrast,
at wavelengths of 783 nm, 842 nm, and 865 nm, the spectral reflectance shows a declining
trend, with the decrease at 842 nm being particularly notable. As shown in Figure 5b, the
largest difference in Spearman’s correlation coefficients between the full category and the
growth stage experiment reached 0.448 (at 842 nm), with other wavelengths exhibiting
varying degrees of change. This demonstrates that the presence of additional categories
significantly weakened the response of growth stage-specific wavelengths.

Based on the aforementioned spectral characteristics, this study employed five ma-
chine learning algorithms, including Random Forest (RF) and Support Vector Machine
(SVM), to model the complete spectrum, as presented in Table 3. The classification perfor-
mance of different models across categories, as well as their overall performance, exhibited
certain variations, offering valuable guidance for the further optimization of model struc-
ture and feature selection.

3.2. Results of Vegetation Index Selection

This study systematically evaluated the classification performance of multi-band com-
binations in vegetation indices (see Section 2.4). The optimal band combinations were
identified based on the average F1 scores obtained from three-fold cross-validation. As
shown in Figure 6, the best-performing model using the original single bands produces
an F1 score of 0.280. In comparison, the optimal two-band vegetation index, ARI (1610,
665), achieves an F1 score of 0.418. The best-performing three-band index, EVI (865, 842,
2190), further improves performance with an F1 score of 0.471, while the top four-band
index, GARI (842, 2190, 1610, 842), reaches the highest score of 0.476. These results indicate
that band combinations derived from vegetation indices significantly enhance classification
accuracy compared to models based on individual spectral bands. Additionally, the classi-
fication performance shows a consistent upward trend as the number of bands included in
the indices increases.
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Table 3. Model performance using the full set of original spectral bands.

Class KNN SVM MLP XGBoost Random Forest

Other 0.800 = 0.00569 0.794 + 0.01136 0.809 = 0.01455 0.814 =+ 0.01427 0.797 + 0.01594

Heading 0.755 + 0.02470 0.805 =+ 0.01836 0.805 + 0.01147 0.839 + 0.01227 0.810 =+ 0.00585

Precision Jointing 0.849 =+ 0.01835 0.862 = 0.01298 0.838 + 0.00387 0.881 = 0.01347 0.904 + 0.01692
Milky 0.832 + 0.00676 0.831 =+ 0.00172 0.834 + 0.01034 0.863 =+ 0.00685 0.814 =+ 0.00441

Maturity 0.752 + 0.01083 0.719 = 0.00772 0.735 =+ 0.02539 0.803 = 0.01100 0.788 + 0.01262

Mean 0.798 + 0.00758 0.802 = 0.00773 0.804 + 0.00666 0.840 = 0.00498 0.823 + 0.00526

Other 0.770 + 0.00054 0.818 = 0.00834 0.809 + 0.01684 0.819 = 0.00743 0.807 + 0.00744

Heading 0.823 + 0.01268 0.734 + 0.01803 0.759 =+ 0.02439 0.839 = 0.01398 0.800 = 0.00228

Jointing 0.790 + 0.01648 0.819 =+ 0.01067 0.828 + 0.01602 0.834 =+ 0.00964 0.787 + 0.01502

Recall Milky 0.833 + 0.01674 0.837 + 0.01602 0.854 + 0.02557 0.870 + 0.01308 0.869 + 0.01448
Maturity 0.829 + 0.00798 0.759 + 0.01916 0.743 + 0.01596 0.832 =+ 0.00664 0.780 =+ 0.02028

Mean 0.809 =+ 0.00659 0.793 =+ 0.00757 0.798 =+ 0.00605 0.839 =+ 0.00361 0.809 = 0.00461

Other 0.785 + 0.00300 0.806 =+ 0.00863 0.809 + 0.00819 0.816 + 0.01076 0.802 + 0.01154

Heading 0.787 + 0.01817 0.768 = 0.01816 0.781 + 0.01836 0.839 =+ 0.01312 0.805 =+ 0.00398

Fl score Jointing 0.819 + 0.01416 0.840 = 0.00983 0.833 =+ 0.00794 0.857 = 0.00338 0.841 =+ 0.00397
Milky 0.832 £ 0.01175 0.834 =+ 0.00852 0.843 + 0.00794 0.866 = 0.00534 0.841 =+ 0.00450

Maturity 0.789 + 0.00946 0.738 = 0.00518 0.738 + 0.00556 0.817 =+ 0.00641 0.784 + 0.01237

Mean 0.802 + 0.00707 0.797 =+ 0.00758 0.801 =+ 0.00643 0.839 =+ 0.00423 0.815 =+ 0.00430

Figure 7 illustrates the comparative Fl-score performance of four two-band vegetation
index combinations. The optimal F1 values are consistently observed at the spectral
intersection of the short-wave infrared (SWIR) band (Band 1: 1610-2190 nm) and the red-
edge band (Band 2: 665-705 nm), indicating a robust synergistic interaction. Notably, this
spectral pairing demonstrates high generalizability across multiple vegetation indicators.
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Figure 6. Top ten band combinations for vegetation indices based on MLP modeling across different
spectral regions, along with the F1 score of the model constructed using original spectral bands.
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Figure 7. Results of triple cross-validation for MLP regression models of different band combinations
in the dual-band index.

3.3. Results of Multi-Feature Index Selection

This study systematically assessed the potential of different vegetation index com-
binations to improve the classification accuracy of rice phenological stages. A total of
300 candidate vegetation indices derived from Sentinel-2 imagery were considered, cover-
ing the top ten band combinations for each index type. The mRMR algorithm was used to
perform recursive feature selection, with an optimal feature subset iteratively identified
through a forward search strategy.

The experimental results (Table 4, Figure 8) show a progressive improvement in the
model’s F1 score as the number of selected features increases. When all 300 vegetation
indices are employed, the model achieves an F1 score of 0.864, representing a 2.5% improve-
ment over the best-performing model based on raw spectral bands and a 38.8% increase
compared to the optimal single-feature model. These findings highlight the significant
contribution of multi-index combinations in improving classification performance.

Although increasing the number of features can enhance model performance, it may
also lead to higher computational costs and an increased risk of overfitting. The results
further show that model performance tends to stabilize when the number of features
reaches 12, with an F1 score of 0.855, while maintaining acceptable computational efficiency.
Therefore, for practical applications, constructing models with a carefully selected subset
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of 12 optimized vegetation indices offers a balanced solution, achieving high classification
accuracy with reduced computational burden.

Table 4. Optimal vegetation indices selected by the mRMR algorithm.

Feature Selection of mRMR Algorithm

DBI (783 nm,2190 nm,842 nm,1610 nm)
3 EVI (783 nm,2190 nm,842 nm)
BAle (1610 nm,842 nm)

TDVI (842 nm,1610 nm)
6 EVI (1610 nm,2190 nm,842 nm)
PSRI (1610 nm,842 nm,783 nm)

MSI (665 nm,490 nm)

ARI (783 nm,1610 nm)

GBNDVI (2190 nm,842 nm,842 nm)
Bal (842 nm,1610 nm,842 nm)
NIRv (783 nm,2190 nm)

Bal (842 nm,783 nm,1610 nm)

FCVI (842 nm,1610 nm,783 nm,1610 nm)
NIRv (842 nm,1610 nm)

SWI (842 nm,865 nm,2190 nm)

EMBI (783 nm,2190 nm,842 nm,490 nm)
GBNDVI (2190 nm,490 nm,842 nm)
MGRVI (1610 nm,783 nm)

DBI (1610 nm,842 nm,2190 nm,842 nm)
CIG (842 nm,842 nm)

Bal (842 nm,2190 nm,665 nm)

PSRI (842 nm,1610 nm,865 nm)
GBNDVI (490 nm,1610 nm,842 nm)
NIRv (665 nm,490 nm)

12

24

Models

0362 064 KNN
05855 0856
0850 b 0847 0847 gssl 0849 0845 (24 MLP

0.8 I 0813 0813 RandomForest
B 0795 0.795 B 0795 ] !
X B 0779 X 782 SVM
XGBoost
0.707 0711
0682
0.662

06 0.634

0533

F1 Score
o
B

0.2

0.0
F3 F6 F12 F24 F100 F300

Number of Features

Figure 8. F1 score for multi-feature subset selection.

As shown in Table 5, the F1 scores for all four rice growth stages exceed 0.85, with the
heading stage achieving the highest score of 0.872. Figure 9 presents the confusion matrices



Remote Sens. 2025, 17,2180

16 of 21

for five classification models constructed using 12 selected features, while Figure 10 demon-
strates the classification outcomes of the Random Forest model based on 12 vegetation
indices applied to Sentinel-2 imagery. Although some misclassifications occur, the over-
all classification performance remains satisfactory. These results indicate that the model
demonstrates strong discriminative ability across all phenological stages, exhibiting high
robustness and reliability.

Table 5. Evaluation indicators of each category of 12 features.

Class KNN SVM MLP XGBoost RandomForest
Other 0.801 + 0.006 0.814 +0.005 0.830 +0.011  0.831 + 0.006  0.841 + 0.003
Heading 0.729 +0.022  0.762 +0.022  0.780 + 0.005 0.870 + 0.017  0.873 & 0.025
Precisi Jointing 0.837 +£0.021  0.851 +0.029 0.824 +0.025 0.888 + 0.010  0.891 + 0.018
recision Milky 0.794 4 0.010  0.754 +0.006  0.792+£0.009  0.851 & 0.014  0.843 + 0.008
Maturity 0.737 £ 0.023  0.693 +0.029  0.746 + 0.029  0.828 + 0.013  0.838 & 0.006
All 0.780 +0.045 0.7754+0.059 0.794 + 0.036  0.854 4+ 0.026  0.857 4 0.025
Other 0.770 £ 0.006  0.779 +0.017 0.779 +0.022  0.815+ 0.015 0.812 + 0.014
Heading 0.773 +£0.033  0.704 + 0.046  0.774 +0.030  0.827 +0.031  0.828 + 0.029
Recall Jointing 0.784 +0.006 0.779 +0.015 0.811 4+ 0.018 0.860 + 0.015  0.853 4 0.009
eca Milky 0.8154+0.015 0.818+0.018 0.838+0.019 0.895+ 0.011 0.899 &+ 0.013
Maturity 0.787 +0.022  0.764 +0.009 0.787 +0.016  0.850 + 0.007  0.876 %+ 0.011
All 0.786 + 0.023  0.769 +0.044  0.798 + 0.030  0.849 + 0.033  0.854 + 0.036
Other 0.785+ 0.006 0.796 + 0.011  0.804 + 0.016  0.823 +0.011  0.827 + 0.006
Heading 0.750 + 0.027  0.732+0.035 0.777 +0.014  0.848 + 0.022  0.850 & 0.022
- Jointing 0.809 + 0.007 0.813+0.010 0.817 +0.006 0.874 + 0.003  0.872 + 0.006
score Milky 0.804 + 0.006  0.785 4 0.005 0.814 +0.004 0.873 +0.004  0.870 & 0.003
Maturity 0.761 +0.013  0.726 +0.018 0.765+ 0.010  0.839 + 0.009  0.857 + 0.006
All 0.782 +0.027 0.770 +0.040  0.795 + 0.023  0.851 &+ 0.023  0.855 4 0.019
SVM MLP
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Figure 9. 12 Feature data modeling confusion matrix.
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Figure 10. Example of Sentinel-2 imagery, annotated labels, and the prediction results of the Random
Forest model based on twelve extracted features.

4. Discussion
4.1. Integration of UAV Imagery and Satellite Remote Sensing

Low-resolution satellite imagery poses significant challenges in acquiring reliable
labels. In contrast, unmanned aerial vehicles (UAVs) provide an efficient solution for
collecting large-scale, continuous ground reference data with minimal labor, thus offering a
viable alternative to manual ground sampling. Since Sentinel-2 imagery is precisely aligned
with Google Maps, this study effectively addresses the challenge of multi-source remote
sensing data co-registration by accurately co-registering UAV imagery with sub-meter-
resolution Google imagery. To address the issue of pixel expansion during the download of
Sentinel-2 imagery, this study employed a geospatial boundary expansion strategy, which
involved adding a buffer of pixels around UAYV labels to ensure complete alignment with
satellite imagery, thereby ensuring accurate label mapping. Based on this approach, this
study constructed a dataset of over 9200 rice growth period records derived from Sentinel-2
satellite imagery. This method provided an important technical reference for other remote
sensing applications, particularly in the fusion of high-resolution and medium-resolution
imagery, demonstrating broad applicability and potential for wider adoption.
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4.2. Sensitive Bands for Rice Growth Period Classification and Their Physiological Significance

This study calculated the highest F1 mean values for all possible combinations of
vegetation indices derived from two, three, and four bands, with the results presented in
Table 6. It is noteworthy that the 705 nm and 2190 nm bands consistently appear in these
combinations, indicating their significant role in rice growth period classification.

Table 6. Band combinations with the highest F1 mean values for each band.

Band1 Band2 Band3 Band4 F1_Average F1_Max_Index
2band 705 nm 2190 nm 0.387 0.412
3band 2190 nm 705 nm 1610 nm 0.371 0.417
4band 2190 nm 842 nm 705 nm 560 nm 0.370 0.456

The 705 nm band lies within the red-edge region (680-750 nm) and is highly sensitive to
changes in chlorophyll content. During the rice tillering to booting stage, the accumulation
of chlorophyll caused a movement of the red-edge position toward longer wavelengths
(red shift), leading to a significant increase in the reflectance [38]. The spectral curve in
Figure 5a clearly reflects this trend, while the analysis in Figure 5c¢ indicates that Spearman’s
correlation coefficient for the 705 nm band and the rice growth period reached 0.33, further
validating the characteristic increase in reflectance as the growth period progressed.

The 2190 nm band lies within the shortwave infrared (SWIR) region and is highly
sensitive to water absorption [39]. Although Spearman’s correlation coefficient for this
band with the rice growth period was relatively low, its absolute value reached 0.31 in the
full-category Spearman correlation analysis, which was the highest among all bands. This
indicates that the 2190 nm band had a significant effect in distinguishing rice from other
categories.

Overall, the combination of the 705 nm and 2190 nm bands not only captured key
spectral features of the rice growth period but also effectively distinguished rice from other
land cover categories, providing an important spectral basis for the accurate identification
of the rice growth period.

4.3. The Necessity of Multi-Feature Modeling in Complex Spectral Pixel Classification

The spatial resolution of Sentinel-2 imagery is 10 m, which can lead to the presence of
multiple land cover types within a single pixel, thereby creating the issue of mixed pixels.
This makes it challenging for classification models to accurately identify and differentiate
between various land cover types, significantly affecting the accuracy of the classification
results. The analysis of Figure 5 shows that the highest absolute Spearman correlation
coefficient for a single band is only 0.37, while the difference in Spearman correlation
coefficients between the full category and growth period experiments reaches up to 0.448
(842 nm).

This interference primarily stemmed from the overlap and confusion between the
spectral features of other categories and those of the rice growth period. For instance, the
spectral reflectance of certain non-rice categories may have resembled that of a specific rice
growth period, leading to misclassification by the model. Therefore, relying solely on the
spectral information of a single band made it difficult to effectively differentiate between
the various rice growth stages, thereby impacting the accuracy of the classification.

In complex spectral pixel classification, the richness of spectral information is crucial.
The vegetation index calculation framework, by integrating information from multiple
bands, effectively enhances the classification capability of the model. This study found
that as the number of bands increased, the F1 score of individual vegetation index band
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combinations gradually improved, indicating that an increase in the number of bands sig-
nificantly enhanced the richness of spectral information. Additionally, this study employed
the mRMR algorithm for features selection, and the results show that an excessive number
of features had a limited effect on improving model performance. Specifically, the optimal
model with 12 features achieved an F1 score of 0.855, with a difference of less than 1%
compared to the optimal model with 300 features (F1 = 0.864). However, in comparison
with the optimized single-feature model (F1 = 0.476), the model with 12 features showed a
performance improvement of 37.9%. This indicates that the model with 12 features, while
maintaining high classification accuracy, significantly reduced computational load, offering
higher practicality and efficiency.

In the future, this study can integrate the advantages of SAR satellite imagery in
penetrating cloud cover to analyze changes in rice canopy structure, incorporating SAR
data into the analysis framework. By integrating SAR data, the number of features can be
significantly increased, leading to further improvements.

5. Conclusions

This study leverages ultra-high-resolution imagery acquired by unmanned aerial
vehicles (UAVs) to generate accurate, large-scale, and temporally continuous phenological
labels for satellite imagery during key growth stages of rice. By integrating UAV data with
Sentinel-2 satellite imagery, we systematically evaluated the performance of 30 vegetation
indices (VIs) and their optimal band combinations for classifying rice growth stages. Among
these, the most effective dual-band index was ARI (1610, 665), with an F1 score of 0.418;
the optimal tri-band index was EVI (865, 842, 2190), with an F1 score of 0.471; and the
best-performing four-band index was GARI (842, 2190, 1610, 842), which yielded an F1
score of 0.476. The results indicate that the classification performance of vegetation indices
(VIs) shows a notable improvement as the number of spectral bands increases. Notably,
the combination of the 705 nm and 2190 nm bands effectively captures critical spectral
features associated with rice phenology and distinguishes rice from other land cover types,
providing essential spectral evidence for accurate phenological identification.

In addition, the mRMR algorithm was used to select a set of features for combined
modeling, and the corresponding performance was comprehensively evaluated. Compared
to single-feature models, multi-feature approaches exhibited a significant improvement in
classification performance. For instance, a four-band index model incorporating 12 features
achieved an F1 score of 0.855, which significantly surpassed that of models relying on
individual features. The results indicate that using either six or twelve selected features
leads to strong and consistent classification performance.

Overall, this study underscores the feasibility of synergistically combining UAV and
satellite imagery for the phenological monitoring of rice using machine learning and
vegetation indices. The proposed approach provides a promising foundation for large-
scale, efficient agricultural monitoring and provides critical technical support for future
integrated UAV-satellite crop phenology observation frameworks.
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