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Abstract

In response to water scarcity and low agricultural water-use efficiency in arid regions in
Northwest China, this study conducted field experiments in Wuwei, Gansu Province, from
2023 to 2024. It aimed to develop a water stress diagnosis model for spring maize to provide
a scientific basis for precision irrigation and water management. In this work, two irrigation
methods—plastic film-mulched drip irrigation (FD, where drip lines are laid on the soil
surface and covered with film) and plastic film-mulched shallow-buried drip irrigation
(MD, where drip lines are buried 3–7 cm below the surface under film)—were tested under
five irrigation gradients. Multispectral UAV remote sensing data were collected from
key growth stages (i.e., the jointing stage, the tasseling stage, and the grain filling stage).
Then, vegetation indices were extracted, and the leaf water content (LWC) was retrieved.
LWC inversion models were established using Partial Least Squares Regression (PLSR),
Random Forest (RF), and Support Vector Regression (SVR). Different irrigation treatments
significantly affected LWC in spring maize, with higher LWC under sufficient water supply.
In the correlation analysis, plant height (hc) showed the strongest correlation with LWC
under both MD and FD treatments, with R2 values of −0.87 and −0.82, respectively. Among
the models tested, the RF model under the MD treatment achieved the highest prediction
accuracy (training set: R2 = 0.98, RMSE = 0.01; test set: R2 = 0.88, RMSE = 0.02), which
can be attributed to its ability to capture complex nonlinear relationships and reduce
multicollinearity. This study can provide theoretical support and practical pathways for
precision irrigation and integrated water–fertilizer regulation in smart agriculture, boasting
significant potential for broader application of such models.

Keywords: spring maize; unmanned aerial vehicle (UAV); moisture diagnosis; sensitive
phenotype; machine learning

1. Introduction
Maize is one of the most widely cultivated and high-yield grain and forage crops in

China and plays a critical role in national agricultural production and food security [1].
In Gansu Province, it is the leading grain crop, with a planting area of approximately
1.009 million hectares [2]. However, the arid Northwest region is characterized by limited
and unevenly distributed precipitation, high evaporation, and seasonal water deficits, so
crop productivity there is low and unstable [3,4]. Irrigation remains an essential measure
for sustaining and enhancing summer maize yield [5]. Water shortage is a primary yield-
limiting factor, often reducing the maize yield by 20–30% or more [6]. Therefore, improving
water-use efficiency has become the key to achieving high maize yield in Northwest China.
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In typical arid regions in Northwest China, water stress, particularly caused by inad-
equate rainfall or limited irrigation, has become a key constraint on maize productivity.
Soil drought not only affects physiological and developmental processes in maize, but
also significantly reduces the yield. Therefore, conducting research on spring maize water
stress diagnosis is of practical importance for regional food security, promoting green
agricultural transformation, and improving water-use efficiency [7–15]. Unmanned Aerial
Vehicle (UAV)-based remote sensing enables dynamic monitoring of maize water status
and phenotypes [16–19], thus providing critical technical support for precision irrigation
and efficient management in smart agriculture.

Research on maize water monitoring and irrigation efficiency began in the mid-to-
late 20th century in China, while foreign studies started earlier. For example, Mazahrih
et al. [20] found that subsurface drip irrigation significantly improved water saving and
crop yield in alfalfa. Singh et al. [21] reported similar findings for broccoli. In the domain of
non-contact imaging technologies, Zhang et al. [22] employed UAV multispectral imaging
to construct maize water stress maps. Niu et al. [23] applied various machine learning
models to estimate maize vegetation coverage. In addition, Zhou et al. [24] integrated
texture and spectral features to improve accuracy of water stress diagnosis. In China,
scholars such as Wang Huaiping, Diao Qingyan, and Zhao Xiaoqiang [5,25,26] conducted
systematic studies on irrigation methods, maize water stress responses, and remote sensing
monitoring, creating valuable theoretical and technical foundations. Among these water-
saving techniques, plastic film–mulched drip irrigation (FD), in which drip lines are laid
on the soil surface and covered with film, and plastic film–mulched shallow-buried drip
irrigation (MD), in which drip lines are buried 3–7 cm below the surface under film, have
been widely adopted in arid regions of Northwest China. These two methods effectively
reduce soil evaporation, improve irrigation efficiency, and serve as key technologies for
sustainable maize production in water-scarce environments.

Despite progress in crop water monitoring and yield prediction, several limitations
still exist. Most studies focus on a single growth stage but lack multi-temporal dynamic
analysis. For example, Song et al. [27] pointed out that water stress during the seedling
stage is often neglected in its impact on maize growth and final yield. Monteleone et al. [28]
also noted that many studies focus only on water stress at specific growth stages, lacking
a comprehensive analysis across the entire growing season. Chen et al. [29] emphasized
the cumulative effects of multi-stage water stress on maize growth, highlighting that water
deficits at different stages significantly affect plant development, root morphology, and
water use efficiency. Inadequate identification of water-sensitive phenotypic indicators
hinders the application of remote sensing indices in drought classification and precision
regulation. For instance, Feng et al. [30] highlighted the correlation between phenotypic
indicators like leaf area index (LAI) and SPAD values with water stress, supporting the
need for better phenotypic identification. Li et al. [31] discussed how multi-modal remote
sensing can improve drought tolerance assessment, which is limited by inadequate phe-
notypic data. Zhang et al. [32] developed a UAV–Sentinel-2 image fusion method that
enhances environmental monitoring accuracy, further supporting the application of remote
sensing in precision agriculture. Moreover, challenges in multi-source data fusion and
high-dimensional modeling have limited UAVs’ spatiotemporal capabilities. Zhu et al. [33]
review these challenges, noting that time-space data fusion methods have yet to reach their
full potential in improving UAV-based monitoring. Samadzadegan et al. [34] provided
a comprehensive review of multi-platform and multi-sensor remote sensing data fusion,
analyzing the challenges of improving spatiotemporal capabilities and outlining future
development trends. Guo et al. [35] explore the difficulties in high-dimensional modeling,
especially in the context of UAV image fusion, which further hinders its application in
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precision agriculture. Therefore, this study has addressed key issues in dynamic monitoring
of water stress and phenotypic inversion for spring maize under precision irrigation in arid
areas. By screening water-sensitive phenotypes and constructing water stress diagnosis
models with remote sensing indices and inverted phenotypic traits, we have evaluated the
performance of SVR, PLSR, and RF models to identify the most suitable one for regional
precision irrigation. This research can provide a theoretical foundation and practical so-
lution for smart agriculture in terms of precision water and fertilizer management and
present promising application prospects.

2. Materials and Methods
2.1. Overview of the Study Area

This study was conducted from 2023 to 2024 at the National Field Scientific Observa-
tion and Research Station for Efficient Water Use in Oasis Agriculture, located in Wuwei,
Gansu Province. The experimental site lies in the Hexi Corridor, at 37.52 ◦N latitude and
102.5 ◦E longitude, with an elevation of 1580 m, an arid region in Northwest China. It has a
typical temperate continental arid climate, with approximately 3000 h of annual sunshine
and a frost-free period of around 150 days. Its mean annual temperature is 8 ◦C, with
accumulated temperature above 0 ◦C exceeding 3550 ◦C. Its mean annual evaporation is
over 2000 mm, while the average annual precipitation is only 164 mm. Its average soil bulk
density is 1.56 g/cm3, and the field capacity is 19.23%. In addition, the soil texture there is
sandy loam.

2.2. Experimental Design

The crop was spring maize (Xianyu 1225), and was manually sown with hole planting.
Its row spacing was 60 cm, plant spacing 21 cm, and planting density 5294 plants per mu
(~79,410 plants per hectare). Basal fertilizer (Stanley compound fertilizer, 54% N) was
applied before sowing. The fertilization schedule is shown in Table 1. In 2023, sowing was
carried out on 5 May and harvesting on 19 September and in 2024, on 25 April and on
14 September, respectively.

Table 1. Fertilization regime reference table for spring maize in Northwest China.

Fertilization Stage Recommended Nutrient Application
Additional FertilizersN P K

Basal Application 38% 100% 100%
In zinc-deficient areas, apply

1.5 kg of zinc sulfate
monohydrate (ZnSO4·H2O)
per 667 m2 either as a basal

application or through
integrated water and

fertilizer management.

Topdressing
Emergence–Jointing 15.5% 0 0
Jointing–Tasseling 31% 0 0

Tasseling–Grain Filling 15.5% 0 0

Total Recommended Nutrient Application
per 667 m2 (kg): 20.78 15.1 3.6

N: P2O5: K2O 1: 0.73: 0.17

Two irrigation methods, plastic film-mulched shallow-buried drip irrigation (MD)
and plastic film-mulched drip irrigation (FD), were employed. CK denotes the control
treatment (conventional irrigation) and corresponds to the suitable irrigation quota per mu
(definition and calculation in Equation (1)). Each irrigation method was applied under five
water deficit levels: W1 (100% CK), W2 (85% CK), W3 (70% CK), W4 (55% CK), and W5
(40% CK). Each treatment was replicated three times, with each replicate corresponding to
a 5.25 m × 6 m plot, totally 30 plots. The drip tape was installed with 0.6 m spacing. The
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emitter had 0.15 m spacing and a flow rate of 3 L/h. Under drip irrigation, fertilizer was
dissolved in a fertigation tank and delivered to the root zone along with irrigation water.

Each treatment had a set lower threshold for soil moisture. The threshold was used to
control irrigation from the jointing stage. When soil moisture dropped below the threshold,
irrigation was applied. All three replicates under the same water deficit level were irrigated
on the same date, while different deficit levels had respective irrigation dates based on
their thresholds. Both the lower irrigation thresholds and the planned wetting depth varied
across maize growth stages [36]. A “dry sowing, wet emergence” planting strategy was
adopted. To ensure uniform germination, a 30 mm emergence irrigation was applied to
all treatments after sowing. The irrigation was implemented approximately every 10 days
and would be postponed in the event of rainfall. The actual field irrigation amounts under
different treatments in 2023 and 2024 are shown in Table 2. The irrigation amount for each
treatment was calculated using the following equation:

CK = 666.7 × H × θf × (100% − θu) × γo × 0.75 (1)

where CK (m3) represents the suitable irrigation quota per mu, calculated as the product of
the planned wetting depth and a crop coefficient; H (m) means the planned wetting depth,
which varies with root depth across growth stages (see Table 3); θf (%) signifies the field
capacity; θu (%) denotes the lower irrigation threshold, which also varies by growth stage
(see Table 1), and γo (t/m3) is the dry soil bulk density.

Table 2. Field irrigation amounts under different treatments in 2023 and 2024.

Irrigation Method Water Stress
Treatment

Irrigation Amount
in 2023 (mm)

Irrigation Amount
in 2024 (mm)

Plastic
film-mulched

shallow-buried
drip irrigation (MD)

W1 (100%CK) 340.87 346.17
W2 (85%CK) 290.61 294.96
W3 (70%CK) 205.80 263.28
W4 (55%CK) 170.87 223.99
W5 (40%CK) 148.31 166.63

Plastic
film-mulched drip

irrigation (FD)

W1 (100%CK) 337.27 298.20
W2 (85%CK) 256.81 266.10
W3 (70%CK) 228.55 265.40
W4 (55%CK) 162.93 196.26
W5 (40%CK) 127.46 175.52

Table 3. Planned wetting depth and lower irrigation limit in different growth stages.

Growth Stage Planned Wetting Depth
(m)

Lower irrigation Limit (As
a Percentage of Field

Capacity) (%)

Jointing Stage 0.4 60
Tasseling Stage 0.5 65

Grain Filling Stage 0.5 70
Maturity Stage 0.5 65

2.3. Observation Items and Methods
2.3.1. Determination of Soil Moisture Content, Bulk Density, and Field Capacity

Beginning at the jointing stage, soil moisture content was measured every 10 days
using the gravimetric method with a soil auger. Additional measurements were taken
before and after irrigation or rainfall events. One fixed sampling plot was selected for each
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treatment, with soil samples collected at depths of 0–20 cm, 20–40 cm, 40–60 cm, 60–80 cm,
and 80–100 cm.

To determine soil bulk density and field capacity, two representative soil profiles were
randomly selected within the experimental area. Soil samples were collected with a cutting
ring at the same depth intervals (0–20 cm, 20–40 cm, 40–60 cm, 60–80 cm, and 80–100 cm).
For each depth layer, six replicates were collected: three were oven-dried at 105 ◦C for 24 h
(or until a constant weight was reached) to determine dry mass, and the other three were
used to determine field capacity. To obtain dry bulk density, three soil samples were dried
and then weighed with an electronic balance with 0.01 g precision. The average dry mass
for each layer was divided by the volume of the cutting ring to calculate bulk density. To
determine field capacity, the other three replicates from each layer were saturated using
the cutting ring method. A piece of filter paper was placed at the bottom of the cutting
ring and then they placed into a water container where water was 1–2 mm below the ring’s
top. After at least 24 h to ensure full saturation, the saturated ring was placed on a layer of
air-dried soil (with the filter paper still in place) to simulate drainage. To maintain close
contact without disturbing the soil structure, an empty ring was used to apply pressure
from above. After an 8 h drainage period, a 20–30 g soil subsample was collected from
the ring, placed in an aluminum box, weighed, and oven-dried at 105 ◦C for 24 h (or until
constant weight) to determine the moisture content. The average of the three replicates for
each layer was taken as its field capacity.

2.3.2. Determination of Maize Dry Matter and Phenotypic Parameters

In the jointing, tasseling, grain filling, and maturity stages, physiological parameters
were measured using whole above-ground maize plant samples. The plants were dried in
an oven, initially at 105 ◦C for 0.5 h to deactivate enzymes, followed by drying at 75 ◦C
until a constant weight. Dry weights were measured using an electronic balance with 0.01 g
precision. For phenotypic measurements, three maize plants with uniform growth were
selected from each plot. The plant height was measured using a tape measure, the stem
diameter with a vernier caliper, and leaf length and width with a tape measure. The leaf
area was estimated by a reduction coefficient. SPAD (SPAD refers to the relative chlorophyll
content of leaves, measured using a SPAD (Soil Plant Analysis Development) meter) values
of the ear leaf (or the third newly emerged leaf if the ear leaf had not yet emerged) were
measured using a chlorophyll meter (SPAD-502 Plus, Konica Minolta Sensing, Japan).

LAI =
Aa

Ab
=

∑n
1 a × Li × Dimax

Ab
(2)

where Aa (cm2) represents the total leaf area per plant, n means the number of leaves per
plant, Dimax (cm) signifies maximum width of the ith leaf, Li (cm) is length of the ith leaf.
The coefficient a = 0.74 for maize.

2.3.3. UAV Multispectral Data Acquisition and Processing

The DJI Matrice 300 RTK drone (manufactured by DJI, Shenzhen, China; DJI refers to
Da-Jiang Innovations, the manufacturer of the UAV platform used in this study, and RTK
stands for Real-Time Kinematic, a satellite navigation technique that provides centimeter-
level positioning accuracy) was employed as the aerial remote sensing platform. It is
equipped with six-direction obstacle sensing, and offers an IP45 protection rating, a maxi-
mum payload of 2.7 kg, a maximum flight time of 55 min, and a flight ceiling of 7000 m.
It can resist a wind speed up to 15 m/s. In addition, it supports triple-channel 1080p
video transmission and dual-band communication (2.4/5.8 GHz), and has a maximum
transmission distance of 15 km. It can operate under temperatures ranging from −20 ◦C
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to 50 ◦C. Its aircraft and sensor system are designed with redundancy and equipped with
binocular vision and infrared sensing for obstacle avoidance. The UAV was equipped with
a RedEdge-MX Dual multispectral imaging system manufactured by MicaSense (Seattle,
WA, USA). The system consists of two synchronized multispectral cameras: RedEdge-
MX and RedEdge-MX Blue. With a total weight of 508.8 g, it provides 10 spectral bands
corresponding to wavelengths used by Landsat 8 and Sentinel-2A sensors. The multi-
spectral system delivers images with a spatial resolution of approximately 8 cm per pixel
at a flight altitude of 120 m (ground sampling distance), and each camera has a native
resolution of 1280 × 960 pixels. This configuration allows for broader spectral information
collection in a single flight and can be used in agriculture, forestry, urban planning, and
water quality monitoring. Technical specifications of the UAV and the sensor are detailed
in Tables 4 and 5.

Table 4. Band parameters of the RedEdge-MX sensor.

Band Band Name Center Wavelength (nm) Band Width FWHM (nm)

1 Blue 475 32
2 Green 560 27
3 Red 668 14
4 Near-IR 842 57
5 Red-Edge 717 12

Table 5. Band parameters of the RedEdge-MX Blue sensor.

Band Band Name Center Wavelength (nm) Band Width FWHM (nm)

1 Coastal aerosol 444 28
2 Green 531 14
3 Red 650 16
4 Red-Edge 705 10
5 Red-Edge 740 18

In principle, UAV-based multispectral image acquisition was conducted on the same
day when ground-based measurements were performed under clear, windless conditions
around solar noon in open fields to ensure optimal lighting. The multispectral camera was
mounted in a nadir orientation to capture orthophotos of the crop canopy. The UAV was
flown at an altitude of 50 m to minimize the influence of downdraft on the plants and to
ensure high image clarity.

The images captured by UAV were processed with Pix4Dmapper software(version 4.4,
Pix4D, Lausanne, Switzerland) for stitching, to generate a complete mosaic of the study
area. Vector delineation of each maize cultivar plot was performed using GPS control points
located between plots. The orthomosaic images were imported into QGIS 3.34.11. Then, the
batch extraction of vegetation indices and evapotranspiration data were conducted with
the QGIS Raster Calculator and masking tools.

A strict image quality screening process was conducted in the preprocessing stage. To
that end, redundant images, including those captured during take-off and landing as well
as those with abnormal overlap rates, were discarded, while only images with ideal overlap
and clarity were retained. Initial parameter settings were verified in professional aerial
photogrammetry software, to ensure the correctness of coordinate systems and sensor pa-
rameters. The preliminary outputs were then evaluated through multi-dimensional quality
assessments in terms of geometric accuracy (planar and elevation errors within preset
thresholds), data completeness (image matching rate >85%), and system compatibility (lens
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focal length variation within a 5% threshold). Any output failing the required standards
underwent iterative parameter optimization to achieve model convergence.

To enhance geospatial accuracy, ground control points (GCPs) with 3D coordinates
were embedded into the processing workflow. The integration of 3D spatial registration
of GCPs improved accuracy of both horizontal and vertical positions. Each GCP was
matched with 7 to 10 neighboring images to ensure spatial error distribution conforms to
project specifications.

2.3.4. Vegetation Index Calculation

Based on relevant literatures, vegetation indices highly sensitive to maize water stress
were selected to identify and assess the crop’s water status. The selected vegetation indices
and their calculation equations are provided in Table 6.

Table 6. Vegetation indices and their calculation equations.

Vegetation Index Detailed Equation References

Normalized Difference Greenness Index, NDGI NDGI = (G − R)/(G + R) [37]
Structure insensitive pigment index, SIPI SIPI = (NIR − B)/(NIR − R) [38]

Normalized Pigment Chlorophyll Index, NPCI NPCI = (R − B)/(R + B) [39]
Normalized difference vegetation index, NDVI NDVI = (NIR − R)/(NIR + R) [40]

Redness Index, RI RI = G/R [41]
Green Environment Monitoring Vegetation

Index, GEMVI GEMVI = (NIR − R)/(NIR + R + 1) [42]

Ratio vegetation index, RVI NDWI = (G − NIR)/(G + NIR) [43]
Vegetation Growth Cycle Index, VGCI VGCI = (NIR − R)/R [44]

Normalized Difference Water Index, NDWI NDWI = (G − NIR)/(G + NIR) [45]
Difference vegetation Index, DVI DVI = NIR − R [46]

Optimized soil adjusted vegetation index, OSAVI OSAVI = (NIR − R)/(NIR + R + 0.16) [47]
Enhanced vegetation

Index, EVI EVI = 2.5 × (NIR − R)/(NIR + 6 × R − 7.5× B + 1) [48]

Atmospherically Resistant Vegetation Index, ARVI ARVI = (NIR − (2 × R − B))/(NIR + (2 × R − B)) [49]
Greenness Index, GI GI = (G − B)/(G + B) [50]

Note: In the formulas, R, G, B, and NIR represent the red, green, blue, and near-infrared spectral bands, respectively.
Although NDVI is widely used and included in this study for consistency with previous maize remote sensing
research, it is known to saturate at high canopy cover. NDRE can provide improved sensitivity in dense canopy
conditions, and its performance will be considered in future work.

2.4. Model Overview
2.4.1. Partial Least Squares Regression (PLSR)

Partial least squares regression (PLSR) is a multivariate statistical method designed
to address high-dimensional, multicollinear, and small-sample datasets [51]. Its core prin-
ciple lies in the simultaneous extraction of latent information components from both the
independent variable matrix (X) and the dependent variable matrix (Y) through projection
transformation and establishing linear regression relationships between such components.
Unlike principal component regression (PCR), PLSR maximizes the covariance between
X and Y during component extraction, thereby enhancing predictive performance. By
reducing dimensionality through latent variables, it effectively mitigates high intercor-
relation among predictors, hence enabling stable modeling even when the number of
variables (p) exceeds the number of samples (n). Through component selection, irrele-
vant variable interference is minimized. PLSR’s efficient dimensionality reduction and
information co-extraction mechanism makes it a powerful modeling tool for complex high-
dimensional systems. It is particularly suitable for multivariate prediction tasks in fields
such as agricultural phenotyping and chemometrics.
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2.4.2. Support Vector Regression (SVR)

Support vector regression (SVR) is a supervised learning algorithm rooted in the
statistical learning theory [52]. Its fundamental goal is to construct an optimal decision
boundary to model the data [53]. SVR projects data into a high-dimensional feature space
and searches for a hyperplane that best fits the data distribution. To carry out nonlinear
regression tasks, kernel functions are employed to transform nonlinear relationships in low-
dimensional spaces into linearly separable forms in high-dimensional spaces. Commonly
used kernels include the polynomial kernel (for data with explicit polynomial structures),
the radial basis function (RBF) kernel (with infinite-dimensional mapping capability), and
the sigmoid kernel (mimicking neural network activation functions). SVR relies solely
on support vectors (boundary samples) for prediction, thus reducing computational and
storage demands. The kernel trick allows implicit high-dimensional mapping, thereby
avoiding the curse of dimensionality. In this study, SVR was employed to model the
relationships between vegetation indices and leaf water content (LWC) for maize, where
the high-dimensional feature space allowed for better handling of complex, nonlinear
patterns. However, despite its utility, SVR showed moderate performance compared to
Random Forest (RF), particularly in handling the more intricate dependencies inherent in
agricultural data.

2.4.3. Random Forest (RF)

Random forest (RF) is a supervised machine learning algorithm based on ensemble
learning principles [54]. It constructs multiple decision trees and aggregates their pre-
dictions (mean for regression, majority vote for classification), significantly enhancing
the generalization ability and predictive accuracy. It is well-suited for high-dimensional
data, robust against overfitting, and can be applied in ecological modeling and medical
diagnosis [55]. For a new sample, RF predicts by averaging the outputs from all decision
trees, which helps reduce variance and improves the overall prediction accuracy. RF’s
dual-randomness design, which introduces randomness at both the feature selection and
tree construction stages, allows it to outperform single decision trees. Additionally, RF
handles missing data and outliers automatically, eliminating the need for data normaliza-
tion. In this study, RF was chosen for its ability to capture complex, nonlinear relationships
between vegetation indices and leaf water content (LWC) in maize, which is critical for
accurate water stress monitoring. Its superior performance (R2 = 0.98 on the training set
and R2 = 0.88 on the test set) can be attributed to its ability to handle multicollinearity
and high-dimensional data, making it ideal for the precision irrigation applications of
this study.

2.5. Data Analysis

Microsoft Excel 2013 was used for basic data processing. SPSS 27.0 was employed for
correlation analysis, and Duncan’s multiple range test (DMRT) for significance analysis.
Origin 2024 introduced for graphical visualization.

Model simulations were conducted using python 3.14.0 with the following key libraries:
scikit-learn for model implementation, pandas for data manipulation, and matplotlib for
visualizing model outputs. To optimize model performance, hyperparameters were selected
based on grid search with 5-fold cross-validation. The Random Forest (RF) model was trained
with 100–500 estimators and maximum depth values ranging from 5 to 20 to capture complex
nonlinear relationships. The Support Vector Regression (SVR) model was implemented using
an RBF kernel with parameter values for C (penalty parameter) ranging from 0.1 to 100, and γ

(kernel coefficient) set between 0.01 and 1. For the Partial Least Squares Regression (PLSR)
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model, 2 principal components (n_components = 2) were selected to reduce the dimension of
features and optimize the variance interpretation of the data.

In this study, the input data for the simulation include multispectral UAV remote
sensing data, soil moisture content, and phenotypic parameters (such as plant height,
leaf area index, and dry matter weight) collected from field experiments conducted in
Wuwei, Gansu Province, in 2023 and 2024. These data were gathered during key growth
stages of spring maize, including the jointing stage, tasseling stage, and grain filling
stage. In addition, irrigation treatments and water deficit levels (W1 to W5) were used as
input parameters for the simulation models. The dataset is described in detail within the
manuscript, and we have outlined how these data were employed in the calibration and
validation of the models, including the sources and processing methods for each variable.

2.6. Model Accuracy Evaluation Metrics

The performance of models was evaluated using the coefficient of determination (R2)
and root mean square error (RMSE). A higher R2 value (closer to 1) indicates better model
fitting, while a lower RMSE value (closer to 0) reflects higher estimation accuracy. The
calculation formulas are as follows:

R2 = 1 − ∑n
i=1(yi − ŷi)

∑n
i=1(yi − y)2

2

RMSE =

√√√√ 1
N

N

∑
i=1

(yi − ŷi)
2

where yi represents the observed value, ŷi signifies the predicted value, yi denotes the mean
of the observed values, and n means the number of samples.

3. Results
3.1. Effects of Different Treatments on Leaf Water Content of Spring Maize

As can be seen from Figure 1, under plastic film-mulched shallow-buried drip irri-
gation (MD), the leaf water content (LWC) of spring maize exhibited a consistent trend
of an initial decline followed by stabilization throughout the growth period. During the
early growth stage, LWC decreased rapidly, with the most significant drop observed before
1 July, reaching 18.75% in 2023 and 11.56% in 2024. This sharp decline is likely attributed to
intensified competition for assimilates and enhanced transpiration due to rapid growth of
the plants in the jointing stage. As maize plants required substantial water and exhibited
vigorous physiological activities, the rate of water loss in leaves increased significantly.
With the intensification of water stress, LWC continued to decrease and showed a positive
correlation with water availability. When water deficit became severe, LWC dropped
markedly, showcasing the high sensitivity of maize leaves to water stress.

In 2023, the minimum LWC was observed around 20 August, whereas no clear mini-
mum was recorded in 2024. This may be explained by the significant reduction in LWC
for lack of irrigation in 2023, while a similar decline was prevented by different irrigation
scheduling in 2024. Overall, under MD conditions, LWC of spring maize was highly re-
sponsive to water availability and strongly sensitive to drought. Therefore, LWC can serve
as a reliable indicator for monitoring maize water status and drought response. These
findings provide important guidance for precision irrigation management of maize and
offer a scientific basis for optimizing water use and improving water use efficiency in arid
and semi-arid regions.
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Figure 1. Changes in spring maize LWC under five water stress levels with MD (plastic film-mulched
shallow-buried drip irrigation). Irrigation was applied under five water deficit levels: W1 (100% CK),
W2 (85% CK), W3 (70% CK), W4 (55% CK), and W5 (40% CK). CK denotes the control (conventional)
irrigation; see Equation (1) for the definition of the suitable irrigation quota per mu. In MD, the drip
lines are buried 3–7 cm below the surface under plastic film.

Figure 2 illustrates that in 2023, under plastic film-mulched drip irrigation (FD), LWC
of spring maize continuously declined throughout the growth period, presenting a con-
sistent trend across all water treatments. Under severe water stress conditions (W4 and
W5), a sharp decrease in LWC occurred around 20 August, accompanied by leaf yellowing,
wilting, and in some cases, abscission, indicating that severe water deficit intensified water
loss in leaves and possibly impaired physiological functions. Statistical analysis revealed
a positive correlation between LWC and water availability, further validating LWC’s sen-
sitivity to water deficit. On 20 August 2023, the lowest LWC was recorded, reflecting the
peak impact of water stress on maize. In 2024, under FD conditions, LWC showed a similar
overall trend of a sharp decline followed by stabilization across treatments. Before 1 July,
LWC decreased most rapidly by 12.62%, which may be related to increased transpiration,
accelerated plant growth, and higher water demand in the early developmental stages.
After 1 July, fluctuations in LWC were primarily influenced by irrigation events, indicating
water regulation capacity to some degree.
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Figure 2. Changes in spring maize LWC under five water stress levels with FD (plastic film-mulched
drip irrigation). Irrigation was applied under five water deficit levels: W1 (100% CK), W2 (85% CK),
W3 (70% CK), W4 (55% CK), and W5 (40% CK). CK denotes the control (conventional) irrigation; see
Equation (1) for the definition of the suitable irrigation quota per mu.

Although LWC decreased throughout the growing season under all water stress levels,
its rate of decline varied by treatment. LWC reduced with increase in water stress, showing
significant positive correlation between them. In summary, under FD conditions, LWC was
highly sensitive to water supply and effectively reflected the impact of water stress on crop
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growth. The dynamic changes in LWC can be used as an important water monitoring index
to support precision irrigation in spring maize. This approach contributes to optimizing
irrigation strategies under limited water resources, improving crop water use efficiency,
and minimizing the adverse effects of water deficit on maize yield and quality.

3.2. Optimal Selection of Vegetation Indices Based on Correlation Analysis

Figures 3 and 4 show the Pearson correlation coefficient matrices between vegetation
indices, retrieved phenotypic parameters, and LWC under different irrigation regimes. They
intuitively demonstrate the strength and direction of the relationships between various
indices and LWC. In selection of optimal indices, those with higher correlation coefficients
are generally prioritized to improve prediction accuracy. Additionally, indices with low
intercorrelation should be chosen to reduce multicollinearity and enhance model stability.

Figure 3. Correlation matrix between LWC and vegetation indices under MD (plastic film-mulched
shallow-buried drip irrigation).
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Figure 4. Correlation matrix between LWC and vegetation indices under FD (plastic film-mulched
drip irrigation).
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As shown in Figure 3, under MD, many vegetation indices exhibited significant
positive correlations with LWC, demonstrating strong potential for water status monitoring.
Both the Normalized Difference Water Index (NDWI) and Leaf Area Index (LAI) had a
correlation coefficient of 0.79, indicating their strong sensitivity and reliability in detecting
water variation. Plant height (hc) showed the highest correlation (−0.87) with LWC,
suggesting its strong response to water stress. Dry matter weight (DM) also displayed a
good correlation (R2 = −0.76), revealing a close relationship between biomass accumulation
and plant water status. Improved vegetation indices such as GEMVI and OSAVI maintained
high correlation levels (R2 = −0.7) under complex conditions, showing good adaptability
even in arid environments.

Overall, the highly correlated indices above provide a robust foundation for con-
structing LWC inversion models, enhancing both predictive accuracy and generalization
capability. They can offer valuable theoretical support and practical reference for remote
sensing-based water status monitoring and precision irrigation decision-making, especially
in arid and semi-arid agricultural systems.

In contrast, under FD, as shown in Figure 4, LWC exhibited relatively high negative
correlations with plant height (hc) and dry matter (DM), with a correlation coefficient of
−0.82 and −0.7, respectively. This suggests that LWC may decrease with increase in plant
height and biomass accumulation. This might be related to the water supply conditions
and the relationship between biomass partitioning and water distribution during maize
development.

Overall, the key vegetation indices affecting LWC differed across irrigation strate-
gies, indicating the necessity of selecting optimal indices based on specific correlation
characteristics to improve the accuracy of LWC monitoring and prediction.

As summarized in Table 7, under both MD and FD, plant height (hc), dry matter
weight (DM), leaf area index (LAI), Optimized Soil Adjusted Vegetation Index (OSAVI), and
Normalized Difference Water Index (NDWI) showed strong correlations with LWC. They
consistently reflected plant water status across different irrigation regimes, demonstrating
their adaptability and broad application potential. Therefore, they can be used as key input
variables in LWC remote sensing inversion models, improving estimation accuracy and
supporting dynamic water monitoring and precision irrigation management in spring
maize cultivation.

Table 7. Summary of sensitive vegetation indices and phenotypic parameters under different irriga-
tion regimes.

Irrigation Methods Target Parameter Sensitive Vegetation Indices

Plastic film-mulched shallow-buried
drip irrigation (MD) Leaf Water Content (LWC) NDWI, LAI, hc, DM, GEMVI, OSAVI

Plastic film-mulched drip irrigation (FD) Leaf Water Content (LWC) hc, DM

3.3. Inversion of Leaf Water Content Based on UAV Remote Sensing

In each growth stage, sensitive indices selected through correlation analysis were used
as input variables to construct inversion models of spring maize LWC through Partial
Least Squares Regression (PLSR), Random Forest (RF), and Support Vector Regression
(SVR). Figures 5 and 6 illustrate the predicted and observed LWC values under MD and
FD, respectively.

As shown in Figure 5, under MD, the inversion models constructed exhibited consid-
erable differences in prediction accuracy. Specifically, in the PLSR model, its training had
R2 of 0.80 and an RMSE of 0.03, and its test set had R2 of 0.74 with an RMSE of 0.03. This in-
dicates that this model reasonably captured the temporal variation in LWC, demonstrating
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practical utility. In contrast, the RF model performed best, with its training set having R2 as
high as 0.98 and an RMSE of only 0.01 and its test set having R2 of 0.88 and an RMSE of 0.02.
This demonstrates that RF not only achieved excellent fitting accuracy and low error, but
also displayed stability and robustness, capable of accurately capturing subtle variations in
LWC across different irrigation treatments and temporal stages. This can be attributed to
its non-parametric ensemble learning characteristics, which effectively handle nonlinear
relationships and multicollinearity among variables, making it the optimal choice for LWC
prediction tasks. However, the SVR model performed moderately, with its training set
having R2 of 0.43 and an RMSE of 0.06, and its test set having R2 of only 0.06 and an RMSE
of 0.05. These results indicate that SVR exhibited higher prediction error and lower fitting
accuracy than RF and PLSR.

Figure 5. Comparison of predicted and observed LWC using PLSR, RF, and SVR models under MD
(plastic film-mulched shallow-buried drip irrigation).

 
(a) (b) (c) 

Figure 6. Comparison of predicted and observed LWC using PLSR, RF, and SVR models under FD
(plastic film-mulched drip irrigation).

In summary, under MD, the RF algorithm demonstrated the highest predictive perfor-
mance for LWC inversion. This provides a powerful technical foundation for high-precision
remote sensing estimation of LWC and intelligent water management in agriculture. These
findings also offer theoretical reference and model guidance for future applications of
remote sensing and machine learning-based crop water monitoring across diverse cropping
systems and ecological conditions.

As shown in Figure 6, under FD, the LWC inversion models all achieved relatively
high prediction capability and good fitting accuracy, adequately reflecting actual variations
in LWC. To be precise, the PLSR model yielded intermediate performance, with its training
set having R2 of 0.67 and an RMSE of 0.06, and its test set having R2 of 0.73 and an RMSE
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of 0.04. In comparison, the RF model demonstrated superior predictive performance, with
R2 of 0.97 and RMSE of 0.02 for its training set and R2 of 0.77 and an RMSE of 0.04 for its
test set. This indicates that this model exhibited strong fitting capability and effectively
reflected the actual dynamics of LWC, whereas in the SVR model, its training set had R2 of
0.62 and an RMSE of 0.07, and the two figures for its test set were 0.50 and 0.06, respectively,
demonstrating relatively lower prediction accuracy and poorer ability to capture LWC
variability than RF and PLSR.

In summary, under FD, the RF algorithm clearly outperformed SVR and exhibited
higher model accuracy and reliability and great application potential in LWC inversion for
spring maize.

4. Discussions
This study investigated maize leaf water content (LWC) estimation under two drip-

irrigation methods using UAV-based multispectral data and multiple machine-learning
models. The discussion first addresses the relationships between plant growth indicators
and LWC, then compares the performance of different irrigation treatments, and critically
analyzes the role of various vegetation indices and model performance metrics in enhancing
precision irrigation and drought classification.

In this study, plant height and dry matter weight were found to be strongly and
positively correlated with LWC, highlighting the direct impact of water supply on biomass
accumulation and morphological development. These relationships highlight the potential
of using plant growth indicators, such as plant height and dry matter weight, as reliable
proxies for estimating LWC under varying irrigation conditions. The study showed that
as an important indicator of the canopy structure, LAI effectively reflected variation in
leaf water content (LWC). These findings are consistent with Cohen [56], who reported
strong correlations between vegetation indices and leaf water potential in conifer species,
suggesting that structural parameters can serve as reliable proxies for crop water status.
OSAVI and NDWI, representing soil background interference and improved moisture
sensitivity, respectively, also demonstrated good responsiveness to LWC, confirming their
robustness in reducing soil background effects and enhancing moisture sensitivity com-
pared with traditional NDVI. The use of vegetation indices can improve the sensitivity of
LWC predictions, facilitating more accurate irrigation scheduling.

This study showed that the LWC inversion models constructed under FD generally
exhibited lower prediction accuracy than those under MD. This may result from the more
heterogeneous soil moisture distribution and complex maize water-use strategies under
FD, which increase within-plot variability and reduce model stability. In contrast, MD
irrigation, with its more uniform moisture distribution, enabled better performance of
the LWC inversion models, indicating that they could provide more reliable theoretical
support for water status monitoring and precision irrigation [57,58]. Understanding the
varying performances of irrigation methods (FD vs. MD) can inform the selection of the
most appropriate irrigation techniques for optimizing water use efficiency and minimizing
water stress during critical growth periods.

Among the tested algorithms, the Random Forest (RF) model consistently achieved
the highest predictive accuracy, followed by Partial Least Squares Regression (PLSR) and
Support Vector Regression (SVR). The superior performance of RF can be attributed to its
non-parametric ensemble learning strategy, which effectively handles nonlinear relationships
and multicollinearity among vegetation indices [59]. This agrees with previous findings in
crop water-status modeling where RF outperformed linear and kernel-based methods.

Despite its strong performance, the RF model exhibited signs of overfitting (training
R2 = 0.98 vs. test R2 = 0.88). This suggests that while RF captures complex patterns, careful
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tuning-such as limiting tree depth, increasing the minimum sample size per leaf node,
or applying feature selection-is needed to improve generalization. The highly nonlinear
and complex relationship between LWC and vegetation indices also challenges traditional
regression approaches such as PLSR and SVR, further highlighting the adaptability of RF
for UAV-based crop water monitoring.

5. Conclusions
This study focused on spring maize in field experiments conducted in Wuwei, Gansu

Province. Two irrigation methods and five water stress levels were implemented. Through-
out the entire growing season, multispectral UAV remote sensing was used to monitor crop
water status and generate imagery to construct LWC diagnostic models. The following
conclusions have been reached:

(1) Different treatments had significant effects on LWC. Under both irrigation methods,
LWC decreased with reduced irrigation. This indicates that water availability directly
influenced leaf water status, with higher irrigation volumes maintaining higher LWC.

(2) High-precision inversion models of the leaf water content were established based
on multisource remote sensing parameters and phenotypic indicators. By comparing
the performance of PLSR, RF, and SVR models under different irrigation strategies, it
was found that under MD, the RF model performed best, with its training set having R2

values up to 0.98 and an RMSE of 0.01, and its test set had an R2 of 0.88 and an RMSE of
0.02. The significant differences in model accuracy between irrigation methods provide
effective technical pathways for dynamic water monitoring and precision irrigation in
spring maize cultivation.
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