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Abstract: Cotton (Gossypium hirsutum L.), as a significant economic crop, has undergone
significant modernization in planting methods, and its smart irrigation management relies
heavily on accurate cotton water content (CWC) estimation. Existing ground-based meth-
ods for measuring CWC are constrained by their limited scope and high monitoring costs.
Although the development of unmanned aerial vehicle (UAV) technology has provided
a new opportunity for large-scale CWC measurements, there remains a gap in the study
of CWC estimation in cotton using multi-source and multi-stage data. In this study, we
used UAV-based data, including texture features, vegetation indices, and a heat index,
and applied four machine learning algorithms, i.e., partial least-squares regression (PLSR),
support vector regression (SVR), random forest regression (RFR), and extreme gradient
boosting (XGB), to estimate CWC. The findings demonstrate that in a single growth stage,
the boll setting stage performs the best, and multi-source and multi-stage inputs can im-
prove the accuracy of CWC estimation, with the best performance of XGB (R? = 0.860).
Overall, this study highlights that the synergistic use of multi-source and multi-stage data
can effectively improve CWC estimation in cotton, suggesting UAV-based data will lead to
a brighter future for precision agriculture.

Keywords: UAV; smart agriculture; irrigation management; machine learning

1. Introduction

Cotton (Gossypium hirsutum L.), as an important economic crop, is directly affected by
water resource management during its growth [1]. Cotton water content (CWC), which
refers to the proportion of water to total weight in the cotton, is a key indicator for eval-
uating water stress. It is closely related to the process of plant growth and development,
and the accurate measurement of its value is of great significance for optimizing irrigation
strategies and ensuring healthy crop growth [2].

Traditional CWC measurements rely on the weighing method, which calculates the
weight difference between dry and wet plant samples. Although this method can provide
more accurate data, the operation process is cumbersome, time-consuming, and has ir-
reversible destructive effects on plants, making it difficult to widely apply in large-scale
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agricultural monitoring [3]. With the advancement of technology, remote sensing technol-
ogy has emerged in the field of crop physiological feature monitoring due to its non-contact,
large-area, and rapid monitoring characteristics [4], especially in the non-destructive esti-
mation of CWC, showing great potential. However, satellite remote sensing is limited by
its relatively low spatial resolution and is inadequate in small-scale agricultural monitoring.
It is also susceptible to interference by weather changes and fixed orbit revisit stages. These
limitations greatly reduce the timeliness of data acquisition. In sharp contrast, unmanned
aerial vehicle (UAV) remote sensing technology has rapidly emerged due to its advantages
of flexibility, maneuverability, and high spatiotemporal resolution. It can accurately capture
crop growth information in farmlands [5], providing a more reliable data source for CWC
estimation, and is a focal area of research in agricultural remote sensing. For instance, Zhu
et al. studied multispectral UAV imagery in wheat. They evaluated radiometric calibration
methods and explored the impacts of light, flight altitude, and flight time on reflectance,
vegetation index, and the inversion of winter wheat’s AGB and LAI [6]. Similarly, Guo
et al. utilized UAV hyperspectral data and random forest models to estimate potato canopy
water content across multiple growth stages, achieving higher accuracy (R? = 0.85) [7]. In
cotton-specific studies, Chen et al. developed a vegetation supply water index (VSWI) using
RGB and thermal sensors, revealing strong correlations with leaf moisture under drought
conditions [8]. These studies highlight the potential of UAV for agricultural applications.

Crop growth and development is a complex process that goes through multiple stages,
each with its own unique physiological characteristics. Differences in these characteristics
can largely affect the relationship between various remote sensing features and CWC. In
previous studies, although there was no lack of attention to crop growth stages, the focus
was on yield [9]. Most studies of crop water have a single stage; for example, Wang et al.
observed the changes in stomatal conductance of bison grass under water stress through
thermal infrared imagery from a drone to explore the relationship between the two [10].
But there are significant differences in crop response to water at different growth stages.
This means that it is difficult to rely on a single stage to accurately capture the dynamics of
CWC throughout the growth cycle. In view of this, in order to more comprehensively and
accurately analyze the dynamics of CWC during crop growth, it is necessary to consider
multi-stage data to build a more complete research system.

Spectral characteristics have long been regarded as an important basis for crop water
content estimation [11]. Previous studies have shown that specific vegetation indices such
as greenness and chlorophyll index are sensitive to water changes and can be effectively
used for crop water estimation by using multiple hyperspectral vegetation indices to
estimate various crop water indicators [12]. However, the study by Zhang et al. pointed
out that the stability of spectral data is susceptible to environmental factors. During the
high-water content stage of crops, spectral reflectance is especially prone to saturation,
leading to a decrease in sensitivity to subtle changes in crop water [12]. To compensate for
this deficiency, Pei et al. effectively improved the accuracy of crop water content estimation
by introducing a combination of textural characteristics and vegetation indices [13]. The
study by Zhou et al. also showed that combining vegetation indices with texture features
can significantly improve the accuracy of estimating stomatal conductance in winter wheat,
providing a more accurate method for diagnosing water stress in winter wheat [14]. In
addition, thermal infrared characteristics have been validated as an important parameter
source for estimating water content [15-17]. Due to the strong transpiration of plants with
sufficient water, the surface temperature of their leaves is relatively low, so thermal infrared
data can indirectly reflect the water status of crops. The comprehensive utilization of
multiple types of remote sensing data for crop water estimation has become an important
trend in current research [4].
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Although there is a close relationship among spectral information, texture information,
and thermal information and crop water, this relationship is mostly non-linear [13], which
creates vast potential for the application of machine learning algorithms. Machine learning
models can effectively handle non-linear features and heteroscedasticity problems in data,
and perform well in agricultural remote sensing big data analysis [18]. Some scholars have
used random forest algorithms to predict wetland biomass based on UAV multispectral
images and achieved a high degree of accuracy with R? = 0.760 [19]; Foody et al. confirmed
that support vector machines have an excellent performance in multi-class remote sensing
image classification, especially when dealing with high-dimensional data and complex cat-
egory structures [20]. However, current research on accurately estimating crop CWC based
on multi-source data, integrating vegetation index, thermal index, and high-resolution
image texture features, is still in the exploratory stage, and relevant results are relatively
scarce. The aim of this study is to integrate multi-stage and multi-source data to estimate
CWC in cotton using partial least-squares regression (PLSR), support vector regression
(SVR), random forest regression (RFR), and extreme gradient boosting (XGB) methods
to estimate CWC. The main research objectives are to (1) analyze the optimal estimation
characteristics and underlying mechanisms of cotton at different growth stages, and then
determine the optimal estimation parameter combination for each growth stage; (2) evalu-
ate the performance differences of different machine learning models in CWC estimation
tasks; and (3) explore the advantages of multi-source and multi-stage data compared to
single-growth-stage and single-source data in estimating cotton CWC. Overall, this study
is expected to provide a technological framework for smart irrigation and to help farmers
apply efficient water management strategies at the best time.

2. Materials and Methods
2.1. Study Area

The study site is located at the Avati Cotton Research Station, Xinjiang Academy
of Agricultural Sciences (40°27" N, 80°21" E) (Figure 1). This region is the core cotton
production area in China, and the production model is widely represented. It has a warm
temperate continental arid climate, with an annual average temperature of 10.40 °C, an
annual average precipitation of 46.70 mm, an annual average evaporation of 1890.70 mm, a
frost-free stage of 211.00 d, and an average annual sunshine of 2679.00 h. The soil texture
in the experimental area is sandy loam soil, with a field water holding capacity of 28.92%,
moderate soil fertilization, and a soil pH value of 7.33. The main high-yield cultivation
technique used in the local area is subsurface drip irrigation technology.

Based on previous studies and the experience of local farmers, we determined the
irrigation quota and set up five irrigation treatments based on it [21]. The two-year trial
was conducted from April to October 2023 and April to October 2024, and five irrigation
treatments were used, W1 (2250 m3/hm?), W2 (3150 m3®/hm?), W3(4050 m3/hm?), W4
(4950 m?/hm?), and W5 (5850 m3/hm?), with three replicates for each treatment. The
planting variety was Xinluzhong 88. Other treatments were consistent with local farmers’
practices. The weather variables for the cotton growing season are shown in Figure 2.
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Figure 1. The general map of the study area: (a) a map of China; (b) a map of Xinjiang administrative
region; (c) the experimental site of the study area.
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Figure 2. Temperature changes during the cotton growing season.

2.2. Data Collection
2.2.1. UAV Data Collection

This study used the DJI M210 drone equipped with a ZENMUSE XT2 red—green—blue
(RGB) camera (SZ DJI Technology Co., Shenzhen, China), a ZENMUSE XT2 thermal infrared
(TIR) camera (SZ DJI Technology Co., Shenzhen, China) (sensitivity of less than 50 mK),
and a Micasense RedEdge MX Dual multispectral (MS) camera (MicaSense, Seattle, WA,
USA) for remote sensing data acquisition (Figure 3). The UAV conducted flight operations
between 13:00 and 15:00, when the sun’s altitude angle was almost perpendicular to the
ground. The route design task had a height of 30 m, a heading overlap rate of 75%, a
lateral overlap rate of 75%, and a speed of 2 m/s and used equidistant photography with a
photography interval of 2 m per image. A total of 21 flights were conducted in 2023, and
31 flights were conducted in 2024. The key growth stages (i.e., budding stage, flowering
stage, boll setting stage, opening stage) for these two years were selected as 11 June
2023 (budding stage); 12 July 2023 (flowering stage); 15 August 2023 (boll setting stage);
18 September 2023 (opening stage); 13 June 2024 (budding stage); 7 July 2024 (flowering
stage); 9 August 2024 (boll setting stage); and 6 September 2024 (opening stage). UAV data
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collection was also synchronized with each sampling event. Figure S1 provides the images
acquired by three sensors.

Figure 3. UAV system and corresponding devices: (a) DJI M210 RTK V2; (b) Micasense RedEdge MX
dual multispectral sensors; (c) ZENMUSE XT2 RGB and ZENMUSE XT2 thermal infrared sensors;
(d) temperature calibration board; (e) multispectral image calibration board; (f) ground control point.

2.2.2. CWC Data Collection

To ensure the reliability of the data and minimize errors, three cotton plants with
uniform growth were randomly selected within the sampling range of each community,
and their aboveground parts were taken. The water content of the cotton plants was
obtained through the following steps: (1) the fresh weight (FW) of cotton plants was
obtained; (2) the plants were put in a paper bag in an oven set at 105 °C for 30 min and
then 75 °C to dry them to a constant weight; and (3) the dried weight (DW) of cotton
was obtained and the data were recorded. Then, the average CWC of 3 cotton plants
was calculated as the final value of the community. The calculation formula for CWC is
as follows:

CWC = w x 100% (1)

In the two-year experiment, 60 valid data were obtained for each of the four key
growth stages of cotton growth and development, and a total of 480 samples were obtained

in the two years.

2.3. Data Preprocessing

The images obtained from multispectral and thermal sensors needed to undergo mo-
saic procedures, georeferencing, and calibration. We used Agisoft Metashape Professional
software (version 2.1.0, AgiSoft LLC, St. Petersburg, Russia) to mosaic UAV-based images
and generate corrected images. A total of 28 ground control points (GCPs) were set up in
the field for geographic reference. This study used ArcGIS software (version 10.6, Envi-
ronmental Systems Research Institute, Inc., Redlands, CA, USA) to perform geographic
registration on the images.
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After being mosaiced and georeferenced, the multispectral image and thermal image
were calibrated separately. A gray board and six different colored boards set up in the field
were used for the calibration (Figure 3d,e). The reflectance of the gray board for blue, green,
red, red edge, and near infrared was 0.533, 0.531, 0.529, 0.528, and 0.526, respectively. To
calibrate the thermal image, a temperature sensor fixed on the blackboard was applied to
record the temperature of the blackboard during flight. Similarly, the relationship between
the temperature of the blackboard extracted from the thermal infrared image and the digital
number (DN) values was fitted as a linear function. Subsequently, this function was used
to calibrate the thermal image (Figure 4).

2

T =0.029 x DN-184.835
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Figure 4. Conversion of DN value to temperature.

2.4. Multi-Source Features
2.4.1. Texture Features

To estimate CWC, the gray-level co-occurrence matrix (GLCM) [17], which is com-
monly used to extract texture feature information from UAV-based images, was employed.
Eight features containing texture information were extracted based on the GLCM: variance,
contrast, entropy, correlation, mean, uniformity, dissimilarity, and second moment. The
RGB GLCM was obtained using ENVI software (version 5.6.0.0, Harris Geospatial Solutions,
Inc., Broomfield, CO, USA). Additionally, considering the impact of resolution [18], only
texture features from the red-edge (RED) and near-infrared (NIR) bands of multispectral
images were extracted as supplementary information.

2.4.2. Vegetation Indices

In previous studies, the vegetation index has been used as an effective tool for esti-
mating crop water [22]. On this basis, the CWC was estimated by calculating 19 vegetation
indices using radiometrically calibrated multispectral images, as shown in Table 1. The
19 vegetation indices calculated were all input into the model as spectral information.
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Table 1. The vegetation indices used in this study.

Vegetation Index Formulation Reference
Normalized difference vegetation index (NDVI) NDVI = N%jrg [23]
Green normalized difference vegetation index (GNDVI) GNDVI = ﬁ%jrg [24]
Optimized soil-adjusted vegetation index (OSAVT) OSAVI = NII\TRIEEEL [25]
Soil-adjusted vegetation index (SAVI) SAVI = [%] (14+1L) [26]
Modified soil-adjusted vegetation index (MSAVI) {2 X NIR 41— sqrt [(2 y II\\]/Ili{AJ‘r/iF* 8 x (NIR — RED)] } /2 [27]
Ratio vegetation index (RVI) RVI = NIR/R [28]
Green chlorophyll index (GCI) GCI = (NIR/G) -1 [29]
Red-edge chlorophyll index (RECI) RECI = (NIR/RE) —1 [30]
Green-red vegetation index (GRVI) GRVI= (G—R)/(G+R) [31]
Normalized difference red edge (NDRE) NDRE = (NIR — RE)/(NIR + RE) [32]
Normalized difference red edge (NDREI) NDREI = (RE - G)/(RE + G) [29]
Simplified canopy chlorophyll content index (SCCCI) SCCCI = NDRE/NDVI [33]
The enhanced vegetation index (EVI) EVI=25x% (NIR—R)/ (1+ NIR —24R) [32]
Two-band enhanced vegetation index (EVI2) EVI2=25x (NIR—R) / (1+24R+ NIR) [34]
Wide dynamic range vegetation index (WDRVI) WDRVI = (a x NIR—R) / (a x NIR+ R) [34]
Disease water stress index (DWSI) DWSI = G/R [35]
Structure insensitive pigment index (SIPI) SIPI = (NIR — B)/(NIR — R) [36]
Modified simple ratio (MSR1) MSR = (NIR/R — 1)/[(NIR/R)0.5 + 1] [37]
Red-edge vegetation index (RERVI) RERVI = NIR/RE [38]

2.4.3. Thermal Index

Normalized relative canopy temperature (NRCT) is widely used to determine the
water status of crops [39]. The temperature of the blackboard was recorded by a wireless
temperature sensor fixed to the blackboard (Figure 3d) A linear function was fitted between
this temperature and the DN value of the blackboard extracted from the thermal infrared
image (Figure 4). This function was then used to calibrate the thermal image. The NRCT

was calculated as follows:
Ti - Tmin

Tmax - Tmin

NRCT = )

where T; denotes the remote sensing temperature of the pixel i, and T, (or Truux) denotes
the lowest (or highest) remote sensing temperature in the whole region.

2.5. Data Integration

The data collection process was completed as described above. In this study, the
normalized difference vegetation index (NDVI) was employed as the core discriminating
criterion, and it was combined with the threshold segmentation method to optimize the
background of remote sensing images acquired by UAVs. Due to the fact that there were
insufficient data for a single stage in a year, we combined two years of data and estimated
the performance of each stage as well as that of multiple stages. For the different features
extracted from different images, we combined them in various ways, namely single feature,
two-feature combination, and multi-feature combination, for a total of seven ways to be
used as input features for the model.

2.6. Statistical Analysis

In this study, four machine learning algorithms, i.e., PLSR [40], SVR [41], RER [42], and
XGB [43], were applied to estimate CWC. PLSR can handle the problem of multicollinear-
ity of variables. Faced with numerous correlated features extracted from multi-source
remote sensing data, PLSR can explore potential variables that affect CWC, reduce feature
interference, and improve estimation accuracy. Its main formula is as follows:

Y:(TPT+E)B+F 3)



Drones 2025, 9, 163

8 of 22

where T is the latent variable matrix, P is the loadings matrix, B is the regression coefficients
matrix, and E and F are the residual matrices. SVR has good generalization ability and can
effectively process high-dimensional data, accurately estimate cotton water content, and
is suitable for research scenarios with the combination of multiple features and complex
samples. Its main formula is as follows:

mingpg ||0|2 +C Y2 (& + &) @
I1=1
yi— @Tp(x;) —b<e+¢
@Tp(x)+b— y; <e+3f (5)
gi¢i >0

where € is the insensitive bandwidth, ;¢ is the relaxation variable, ¢(x) is the kernel
function mapping, and C is the penalty coefficient. RFR has high accuracy and good anti-
overfitting ability and can still stably and accurately estimate CWC in the face of complex
samples and a large number of features, ensuring the reliability of estimation results. Its
main formula is as follows:

K
7= 1 Y fil(x) )
Kk:l

where K is the number of decision trees, and fi(x) is the predicted value of a single tree.
XGB is an efficient gradient boosting framework that can capture non-linear relationships
in data well and deeply explore the hidden water content changes behind the data. Its main
formula is as follows:

n K
£(@) = L1090+ 1 (7 + Al 7)
i=1 =1
where [ is a differentiable convex loss function that measures the difference between the
prediction, §;, and the target, y;. T is the number of leaf nodes of the tree, @ is the leaf
weights, and 7y and A are regularization parameters.

In this study, the key parameters of the RFR, XGB, PLSR, and SVR models were
confirmed by the trial-and-error approach and were optimized using the grid search
method [44]. The RFR algorithm was optimized for the number of trees (n_estimators) and
the maximum depth of the tree (max_depth), ranging from 100 to 300 with an interval of 50
and from 5 to 15 with an interval of 1, respectively; XGB also optimized max_depth from
1 to 10 with an interval of 1 and a subsample from 0.4 to 0.7 with an interval of 0.1; the
SVR algorithm optimized the regularization parameter (C) from 0.1 to 100 and the penalty
parameter (cost) from 0.1 to 0.5; PLSR optimized the max_iter of iterations from 500 to 1000
with an interval of 100; and the other parameters were left at their default values in the
Python 3.11 scikit-learn package.

These machine learning algorithms have been widely used for remote sensing data
estimation. To ensure a fair and comprehensive comparison of these four machine learning
methods and their given input variables, this study used 70% of the randomly selected
samples to train the machine learning methods and the remaining 30% to determine the
accuracy of CWC estimates generated by these methods. This study applied five-fold
cross-validation to verify the accuracy of the algorithms for CWC estimation. In addition,
two metrics, root mean square error (RMSE) and coefficient of determination (R?), were
calculated to quantify the performance of the model. In general, the technical route of this
study is shown in Figure 5.
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Figure 5. Technical route for estimating CWC.

2.7. Shapley Additive Explanations for Machine Learning

Shapley additive explanations (SHAP) is a technique used to explain machine learning
model predictions. It originates from the Shapley value in game theory, which quantifies the
impact of each feature on the final prediction result by calculating the marginal contribution
of the feature to the model output. For the input sample x and model f, the SHAP value ¢;
is given by

I(|F| — |S| — 1)!
o=y BHAZSEDas0 ) - so) ®

SCP\{i}

where F is the full set of features, S is the subset of features, and f(S) denotes the expected
value of the model output when only the subset S is used. In this study, SHAP visualizations
were generated based on the final best model. And in this way, the effect of different features
on the best model for estimating cotton water content was explored, and the important
factors for cotton water content estimation were found.

3. Results
3.1. Field-Measured CWC

CWC showed a decreasing trend throughout the growth stage (Figure 6). The overall
variation ranged from 40.67% to 83.46%, and the distribution of data points indicated
that the different treatments had a significant effect on CWC. At the early budding stage
of cotton growth, CWC is at a high level. At this time, cotton is in the stage of nutrient
growth; the plant grows rapidly and needs a lot of water to maintain cell division and
growth and build new tissues and organs. A large amount of water is in the form of free
water, so cotton in this stage has strong transpiration, thus maintaining a high CWC. As
cotton enters the flowering stage, the focus of its growth is gradually shifted from nutrient
growth to reproductive growth. This shift makes the water demand and distribution of
cotton organs change significantly. On the one hand, the development of reproductive
organs consumes a lot of energy and material, with water being an important medium
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for these physiological processes, playing a key role in the transportation of nutrients
and maintaining cell physiological function. On the other hand, due to the change in
growth mode, the efficiency of plant water utilization changes, and part of the water is
preferentially allocated to reproductive organs, resulting in a decrease in overall CWC.
During the boll setting stage, the growth and metabolic activities of cotton are still vigorous,
and the development of cotton bolls accounts for the most water demand. The rapid
expansion of cotton bolls requires sufficient water supply to ensure fiber formation and
development. At the same time, the photosynthesis of the leaves, which enhances the
development of cotton bolls to provide energy and a material basis, also requires water
so that the physiological function of the leaves is maintained. At the boll opening stage,
cotton gradually matures, the bolls begin to open and flocculate, and the fibers gradually
lose water and dry out. At this time, the growth activity of cotton gradually decreases, and
the demand for water is greatly reduced. Leaf photosynthesis and transpiration are also
significantly weakened; part of the leaves began to senesce and shed, resulting in a further
decline in the overall water content of the plant. At the same time, as cotton bolls mature,
their internal water will gradually be transferred to the fibers, making the fibers dehydrated
and dry, at which point harvesting and storage take place, which further reduces the CWC

of the cotton plant.
90 ] *kk
80 -
~ 70 -
N
A2
g 60
R I 25%~75%
50 - I Range within 1.5IQR
—— Median Line
+ Data
40 -

Budding Flowering Boll Setting Opening
Stage

Figure 6. Distribution of CWC at different growth stages: 25% and 75% represent the upper and
lower quartiles, respectively; IQR stands for interquartile range; the black line represents the upper
and lower boundaries of the detected outliers. *** Represents a significant role at the level p < 0.001.

3.2. Dynamic Monitoring of CWC

To better analyze the effect of growth stage on CWC, we first used individual growth
data to estimate CWC from spectral, textural, and thermal information from the RGB,
multispectral, and thermal infrared sensors of the UAV as well as from different combi-
nations of sensors in conjunction with the PLSR, SVR, XGB, and RFR machine learning
models. The results indicated that different growth stages of cotton showed an inconsistent
performance in estimating CWC. The CWC estimation was good during the budding stage
(Table 2), with the highest R? of 0.634. At that time, the plant canopy was relatively uniform,
and the vegetation index and texture characteristics performed well in reflecting the plant
growth condition.
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Table 2. Different machine learning models’ estimations of CWC at budding stage.
Sensor Type Feature Type * No. of Features Metrics XGB RFR SVR PLSR
R? 0.022 0.056 0.012 0.001
TIR 1 MAE (%) 4.21% 3.69% 3.16% 4.21%
RRMSE (%) 5.12% 5.77% 4.00% 4.97%
R? 0.546 0.574 0.552 0.544
MS 19 MAE (%) 1.87% 1.95% 1.89% 2.44%
RRMSE (%) 2.73% 2.97% 2.97% 3.31%
R? 0.414 0.485 0.501 0.504
RGB 24 MAE (%) 2.82% 2.92% 2.51% 2.98%
RRMSE (%) 4.21% 4.33% 3.33% 3.87%
R? 0.551 0.580 0.567 0.531
MS + TIR 20 MAE (%) 1.81% 1.89% 1.76% 2.54%
RRMSE (%) 2.53% 2.81% 2.67% 3.43%
R? 0.481 0.548 0.542 0.511
RGB + TIR 25 MAE (%) 2.43% 2.12% 2.03% 2.87%
RRMSE (%) 3.61% 3.01% 2.97% 3.65%
R? 0.555 0.596 0.571 0.560
MS + RGB 59 MAE (%) 1.77% 1.76% 1.73% 2.31%
RRMSE (%) 2.31% 2.42% 2.61% 3.21%
R? 0.552 0.634 0.584 0.561
RGB+TIR+MS Te+Th+Sp 60 MAE (%) 1.79% 1.44% 1.64% 2.31%

RRMSE (%) 2.48% 2.01% 2.45% 3.19%

Note: * Th represents the thermal index extracted from thermal infrared, Sp represents the 19 vegetation indices
extracted from multispectral sensors, and Te represents the texture features extracted from RGB. Th + Sp represents
the combination of spectral index and thermal index, Te + Th represents the combination of texture features and
thermal index, Sp + Te represents the combination of spectral features and texture features, and Te + Th + Sp
represents the combination of texture features, thermal index, and spectral features. The best result for each type
of input variable is highlighted in bold.

The estimation results at the flowering stage were average and did not show as
consistent a performance as in the budding stage, with R? = 0.491 (Table 3). At this time,
the focus of cotton growth and development gradually shifted from vegetative growth to
reproductive growth.

Among the four growth stages, the estimation result at the boll setting stage was the
best, with an R? of 0.684 (Table 4). At this stage, both spectral and textural features showed
significant advantages in water content estimation, but the single thermal index estimation
result was not satisfactory.

The worst estimation results were obtained during the opening stage, with R? = 0.188
(Table 5), and the estimation results for both single- and multi-source features were unsat-
isfactory. This may be due to the fact that when cotton grows to the opening stage, there
is an obvious senescence phenomenon of the leaves, and the physiological functions of
the leaves gradually decline during this process. On the other hand, some leaves begin
to fall off during the opening stage, and the canopy structure becomes less complete and
uniform. This change destabilized the canopy reflectance model and made the estimation
of CWC based on canopy spectral and textural features challenging. This canopy structural
incompleteness also affects the acquisition and analysis of thermal infrared information,
making the thermal index less accurate in reflecting the overall moisture status of cotton.
However, regardless of the stage, with the combination of multi-source features, R? in-
creased accordingly and performed best when all features were applied, which validated
the effectiveness of multi-source data estimation of CWC. RFR performed well in all growth
stages, especially in the boll setting stage (R? = 0.684) and budding stage (R? = 0.634). XGB



Drones 2025, 9, 163 12 of 22

performed generally well in a single growth stage and poorly in the flowering and opening
stages. In general, SVR performed stably, while PLSR performed the worst, especially in the
flowering and opening stages (R? = 0.013 and 0.314, respectively), with a significantly lower
level of R? than the other models. This suggests that linear regression models struggle to
handle high-dimensional, non-linear, and complex combinations of features.

Table 3. Different machine learning models’ estimations of CWC at flowering stage.

Sensor Type Feature Type * No. of Features Metrics XGB RFR SVR PLSR
R? 0.018 0.033 0.012 0.010
TIR Th 1 MAE (%) 3.43% 2.97% 3.41% 3.21%
RRMSE (%) 5.21% 3.49% 4.33% 3.97%
R? 0.102 0.141 0.300 0.214
MS Sp 19 MAE (%) 2.99% 2.31% 2.27% 2.55%
RRMSE (%) 4.39% 2.81% 2.95% 3.01%
R? 0.155 0.118 0.258 0.126
RGB Te 24 MAE (%) 2.65% 2.35% 2.35% 2.77%
RRMSE (%) 3.53% 2.87% 3.11% 3.31%
R? 0.108 0.156 0.382 0.219
MS + TIR Sp +Th 20 MAE (%) 2.97% 2.28% 2.16% 2.53%
RRMSE (%) 4.31% 2.76% 2.74% 2.97%
R? 0.140 0.128 0.369 0.145
RGB + TIR Te + Th 25 MAE (%) 2.73% 2.33% 2.21% 2.71%
RRMSE (%) 3.77% 2.84% 2.87% 3.24%
R? 0.194 0.195 0.483 0.302
MS + RGB Sp + Te 59 MAE (%) 2.42% 2.25% 1.85% 2.29%
RRMSE (%) 3.29% 2.71% 2.35% 2.74%
R? 0.268 0.310 0.491 0.314
RGB+TIR+MS Te+Th+Sp 60 MAE (%) 2.27% 1.97% 1.82% 2.23%

RRMSE (%) 2.80% 2.12% 2.33% 2.67%

Note: * Th represents the thermal index extracted from thermal infrared, Sp represents the 19 vegetation indices
extracted from multispectral sensors, and Te represents the texture features extracted from RGB. Th + Sp represents
the combination of spectral index and thermal index, Te + Th represents the combination of texture features and
thermal index, Sp + Te represents the combination of spectral features and texture features, and Te + Th + Sp
represents the combination of texture features, thermal index, and spectral features. The best result for each type
of input variable is highlighted in bold.

Table 4. Different machine learning models” estimation of CWC at boll setting stage.

Sensor Type Feature Type * No. of Features Metrics XGB RFR SVR PLSR
R? 0.016 0.010 0.019 0.045
TIR Th 1 MAE (%) 3.51% 3.41% 3.21% 3.23%
RRMSE (%) 4.76% 4.87% 4.77% 4.71%
R? 0.456 0.573 0.459 0.481
MS Sp 19 MAE (%) 2.83% 2.48% 2.53% 2.83%
RRMSE (%) 3.71% 3.41% 3.65% 3.91%
R? 0.395 0.560 0.385 0.505
RGB Te 24 MAE (%) 2.92% 2.56% 2.77% 2.76%
RRMSE (%) 3.97% 3.50% 3.89% 3.66%
R? 0.588 0.594 0.517 0.501
MS + TIR Sp + Th 20 MAE (%) 2.52% 2.41% 2.40% 2.77%

RRMSE (%) 3.07% 3.23% 3.10% 3.68%
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Table 4. Cont.

Sensor Type Feature Type * No. of Features Metrics XGB RFR SVR PLSR
R? 0.523 0.562 0.508 0.529
RGB + TIR Te + Th 25 MAE (%) 2.65% 2.55% 2.43% 2.71%
RRMSE (%) 3.44% 3.49% 3.21% 3.58%
R? 0.659 0.627 0.606 0.559
MS + RGB Sp+Te 59 MAE (%) 2.37% 2.33% 2.09% 2.64%
RRMSE (%) 2.81% 2.97% 2.75% 3.45%
R? 0.669 0.684 0.629 0.599
RGB+TIR+MS Te+Th+Sp 60 MAE (%) 2.31% 2.21% 2.04% 2.57%

RRMSE (%) 2.69% 2.67% 2.55% 3.23%

Note: * Th represents the thermal index extracted from thermal infrared, Sp represents the 19 vegetation indices
extracted from multispectral sensors, and Te represents the texture features extracted from RGB. Th + Sp represents
the combination of spectral index and thermal index, Te + Th represents the combination of texture features and
thermal index, Sp + Te represents the combination of spectral features and texture features, and Te + Th + Sp
represents the combination of texture features, thermal index, and spectral features. The best result for each type
of input variable is highlighted in bold.

Table 5. Different machine learning models” estimations of CWC at opening stage.

Sensor Type Feature Type * No. of Features Metrics XGB RFR SVR PLSR
R? 0.016 0.020 0.001 0.001
TIR Th 1 MAE (%) 10.19% 10.18% 8.03% 9.23%
RRMSE (%) 12.50% 12.48% 10.38%  11.20%
R? 0.032 0.084 0.049 0.060
MS Sp 19 MAE (%) 9.41% 7.74% 8.85% 9.95%
RRMSE (%) 11.94% 9.51% 11.47%  12.05%
R? 0.028 0.047 0.065 0.089
RGB Te 24 MAE (%) 9.36% 8.56% 7.43% 9.48%
RRMSE (%) 11.38% 11.37% 9.89% 11.25%
R? 0.034 0.093 0.054 0.082
MS + TIR Sp + Th 20 MAE (%) 9.38% 9.03% 9.82% 9.39%
RRMSE (%) 11.93% 10.66% 11.89%  11.77%
R? 0.025 0.060 0.072 0.075
RGB + TIR Te + Th 25 MAE (%) 9.34% 8.41% 7.41% 9.53%
RRMSE (%) 11.40% 10.81% 9.86% 11.34%
R? 0.112 1.500 0.102 0.134
MS + RGB Sp +Te 59 MAE (%) 9.17% 8.07% 7.88% 9.66%
RRMSE (%) 10.83% 10.31% 9.98% 11.73%
R? 0.125 0.151 0.139 0.150
RGB +TIR+MS Te+Th+Sp 60 MAE (%) 9.12% 8.03% 7.30% 9.52%

RRMSE (%) 10.81% 10.23% 9.49% 11.63%

Note: * Th represents the thermal index extracted from thermal infrared, Sp represents the 19 vegetation indices
extracted from multispectral sensors, and Te represents the texture features extracted from RGB. Th + Sp represents
the combination of spectral index and thermal index, Te + Th represents the combination of texture features and
thermal index, Sp + Te represents the combination of spectral features and texture features, and Te + Th + Sp
represents the combination of texture features, thermal index, and spectral features. The best result for each type
of input variable is highlighted in bold.

3.3. Multi-Source and Multi-Growth Stage Remote Sensing Data Estimation of CWC
3.3.1. Modeling and Verification of CWC Estimation During Multiple Stages

In this study, the water content of cotton was investigated based on different growth
stages, which effectively revealed the dynamic characteristics of water content at different
growth stages of cotton. However, there is obvious continuity and correlation between the
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water content change trends of different growth stages, and only focusing on the water
content change of a single growth stage may not fully reflect its dynamic characteristics.
Therefore, to further analyze the dynamic changes in water content during the life cycle of
cotton, we conducted a comprehensive study on the estimation of the multi-stage water
content of cotton. This study demonstrated that multispectral information has a huge
advantage in estimating CWC (Table 6). Of the three results estimated using a single sensor,
the best results were obtained using only multispectral information, with R? ranging from
0.551 to 0.806. The texture features performed well, with R? fluctuating between 0.640 and
0.740. Thermal information extracted from thermal infrared sensors performed worse in
CWC estimation compared to MS and RGB sensors, with R? values ranging from 0.110
to 0.205.

Table 6. Different machine learning models’ results in estimating multi-stage CWC.

Sensor Type Feature Type * No. of Features Metrics XGB RFR SVR PLSR
R? 0.185 0.238 0.119 0.140
TIR Th 1 MAE (%) 9.47% 9.14% 10.04%  10.36%
RRMSE (%) 12.52% 12.45% 14.08%  13.00%
R? 0.794 0.790 0.806 0.627
MS Sp 19 MAE (%) 4.47% 4.89% 4.17% 5.87%
RRMSE (%) 6.51% 6.71% 5.90% 8.35%
R? 0.710 0.740 0.647 0.655
RGB Te 24 MAE (%) 5.04% 4.85% 5.08% 6.35%
RRMSE (%) 7.13% 6.91% 6.96% 8.23%
R? 0.804 0.795 0.832 0.634
MS + TIR Sp + Th 20 MAE (%) 3.93% 4.75% 3.68% 5.84%
RRMSE (%) 5.72% 6.63% 5.05% 8.28%
R? 0.739 0.776 0.774 0.659
RGB + TIR Te + Th 25 MAE (%) 4.95% 4.58% 4.21% 6.33%
RRMSE (%) 7.05% 6.41% 6.31% 8.19%
R? 0.842 0.836 0.842 0.774
MS + RGB Sp + Te 59 MAE (%) 4.10% 3.85% 3.69% 4.63%
RRMSE (%) 5.82% 5.60% 5.56% 6.67%
R? 0.860 0.857 0.846 0.785
RGB+TIR+MS Te+Th+Sp 60 MAE (%) 3.58% 3.37% 3.45% 4.41%

RRMSE (%)  4.94%  5.01% 521%  6.50%

Note: * Th represents the thermal index extracted from thermal infrared, Sp represents the 19 vegetation indices
extracted from multispectral sensors, and Te represents the texture features extracted from RGB. Th + Sp represents
the combination of spectral index and thermal index, Te + Th represents the combination of texture features and
thermal index, Sp + Te represents the combination of spectral features and texture features, and Te + Th + Sp
represents the combination of texture features, thermal index, and spectral features. The best result for each type
of input variable is highlighted in bold.

The combination of MS and RGB greatly improved the predictive power compared to
using only a single sensor, with a maximum R? of 0.845 (XGB). The combination of RGB and
TIR features showed some improvement in modeling, with R? ranging from 0.659 (PLSR)
to 0.776 (RFR). The combination of canopy spectral, structural, and thermal information
was superior to that of any combination of two sensors/features. The combination of
all features derived from the three sensors achieved the best prediction with the highest
R? of 0.860 (XGB). The performance of all models was significantly improved with this
combination. This was consistent with previous results for a single growth stage and again
validated the effectiveness of multi-source data combination estimation of CWC.
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In the estimation of CWC over multiple stages, the performance of the XGB model
gradually improved with the increase in the number of features, and it performed the
best among all feature inputs; the RFR model performed similarly, and both of them were
comparable in terms of overall performance; the SVR model showed relative stability;
and the PLSR model performed relatively poorly under various combinations of features,
and there was an obvious gap between it and the other three models. Meanwhile, it
could be clearly seen that both PLSR and SVR exhibited significant overestimation and
underestimation at low levels of CWC when all features were input, indicating their
inadequacy in handling this particular estimation task. On the contrary, both XGB and RFR
models maintained good performance in this case, performing the estimation operation
accurately and showing strong adaptability and stability (Figure 7). Meanwhile, this study
generated a spatial distribution map of CWC for 9 August of the 24-year period (Figure 8).
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Figure 7. Performance of four machine learning models after multi-source and multi-stage data
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Figure 8. Spatial distribution of CWC on 9 August 2024.
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3.3.2. Importance of Model Features

To assess the importance of individual features in CWC estimation, this study selected
the best model (XGB) for SHAP visualization (Figure 9). Our results indicate that vegetation
indices and textural features were key drivers in estimating CWC. Vegetation indices
contributed significantly to the prediction model by directly characterizing plant spectral
features. Textural features complemented the prediction model by capturing subtle changes
in plant water stress and canopy structure. Our SHAP analysis showed that among the
vegetation indices, EVI was the most contributive metric, with a wide range of SHAP
values and a clear distribution of positives and negatives. Higher values of EVI contributed
significantly to positive prediction, indicating that the EVI value increased significantly
when water content was high. This further suggests that EVI is more suitable for describing
vegetation conditions in high-humidity environments. Similarly, high values of GRVI
contributed significantly positively to the model, reflecting the close relationship between
vegetation activity and water content. For textural features, high values of nir Homogeneity
in the NIR band significantly and positively contributed to water content prediction,
suggesting that highly correlated and uniformly distributed textural features in the canopy
corresponded to healthy and high-water-content plant states. High values of metrics such as
entropy and correlation (nir_Correlation, nir_Entropy) had a strong negative contribution
to the model, suggesting that increased textural variability under water stress or low water
content provided critical information to the model. The combination of vegetation indices
and texture characteristics provided multi-source information support for the accurate
estimation of cotton water content during multiple stages. In addition, the thermal index
(NRCT) provided an important supplement for capturing water changes.
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Figure 9. The model features” importance ranking and SHAP analysis.
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4. Discussion
4.1. Links Between UAV Multi-Source Data and CWC

In this study, most of the variables that performed well in estimating CWC were
closely related to the NIR band, which is consistent with the theory that the NIR band is
a water-sensitive band [45]. Spectral features exhibited significant advantages in CWC
estimation, which is consistent with numerous previous research results [11]. This study
further found that the combination of RGB and multispectral information can significantly
improve the estimation accuracy of CWC, possibly because texture features overcome the
problem of spectral feature saturation to a certain extent [14]. Peng et al. achieved good
accuracy by extracting the band reflectivity, canopy coverage, and canopy temperature of
grape leaves, combined with machine learning, to predict their water content [21]. Similarly,
in this study, vegetation indices, texture features, and a thermal index were calculated for
estimation, and the accuracy of the estimation results was improved. This may be because
vegetation indices and a thermal index can enhance signal stability, highlight physical
significance, and comprehensively reflect multidimensional factors of vegetation status
and environmental stress. This study utilized multi-source data, which not only consider
spectral information but also incorporate texture and thermal information. Compared to
data from a single sensor, it can provide more comprehensive information on plant health
and water status, effectively compensating for the shortcomings of a single data source and
reflecting plant water status more comprehensively. This study provided new ideas and
methods for accurately estimating CWC by integrating multiple types of information.

4.2. Effects of Using UAV Single-Stage and Multi-Stage Data to Estimate CWC

This study conducted estimations of CWC during a single growth stage and multiple
stages, and the results showed significant differences between the two, which have impor-
tant implications. Firstly, they indicate that relying solely on single-growth-stage data may
lead to inaccurate assessments of cotton’s water requirements over the entire growth period.
This could potentially result in either over-irrigation, which wastes water resources and
may lead to other problems such as soil salinization, or under-irrigation, which can limit
crop growth and yield. Secondly, the multi-stage analysis revealed the complex relationship
between the growth stage and water content, suggesting that different strategies may be
needed at different stages to optimize water use efficiency. Previous study by Santesteban
et al. used high-resolution UAV thermal imaging for vineyard plant water status research,
offering important references for understanding crop water status at different stages [15].
Regarding the multi-stage aspect, Zhou et al. found that a model combining texture features
and a vegetation index had higher accuracy and stability in diagnosing winter wheat water
stress through comparing different feature combinations [14]. Similarly, this study added
the heat index to further enrich crop water-related information. Wang et al. constructed
a robust model for winter wheat water stress diagnosis by combining UAV multispectral
and thermal remote sensing data [46]. Compared with these studies, the combination of
multi-source data adopted in this study more fully takes into account the various data
related to water content and verifies the validity of multi-source and multi-stage data.
However, according to previous research, canopy structure has a significant impact on
spectral reflectance and related feature extraction [47]. Meanwhile, changes in water trans-
port pathways and rates can weaken the correlation with UAV image features [48]. These
factors collectively increase the uncertainty of CWC prediction and the difficulty of model
training. When estimating CWC over multiple stages, the model faces the challenge of
complex changes in different growth stages, requiring stronger generalization and feature
integration abilities. Therefore, this study fully utilized the advantages of multi-source
data by integrating data from multiple stages, and more comprehensively reflected the
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water status of cotton throughout the entire growth cycle. The estimation results of mul-
tiple stages indicated that multi-source data combination has significant advantages in
capturing the dynamic changes in CWC. By integrating data from multiple stages, the
model can obtain more comprehensive information, thereby more accurately reflecting
the water status of cotton throughout the entire growth cycle. This result emphasizes
that when conducting crop water monitoring, information from multiple stages should be
comprehensively considered to improve the accuracy and reliability of estimation.

4.3. Performance Differences Among Machine Learning Models

Machine learning models have become important tools for solving non-linear problems
and have shown broad potential in complex remote sensing applications. This study
compared the performance of four machine learning algorithms in multiple stages and in
a single growth stage and found that the XGB model performed the best in multi-stage
estimation. The XGB model has significant advantages in high-dimensional and multi-
source data estimation tasks due to its fast processing ability for complex samples and
multidimensional features, as well as strong its anti-overfitting properties [49]. However,
in the case of a single growth stage, XGB’s performance was not as good as that of RFR.
This may be due to the small sample size of a single growth stage and the sensitivity of
XGB to data noise, which limited its adaptability to small-sample scenarios [50].

In addition, as some studies have shown, due to the non-linear relationship between
water and spectral features [51], research has found that non-linear models perform bet-
ter overall than linear models in CWC estimation. Multi-source data combination has
significant advantages in modeling complex spectral water relationships. However, the
performance improvement of PLSR in the context of multi-source data combination was
limited. This could be attributed to the fact that PLSR has poor adaptability to non-linear
relationships and cannot fully tap into the potential of new data, resulting in its overall
effectiveness being weaker than that of non-linear algorithms. Therefore, the importance of
model selection cannot be ignored in complex remote sensing data processing. This study
comprehensively verified the key role of multi-source data combination and appropriate
machine learning algorithm selection in improving CWC estimation accuracy through ex-
periments, providing a more solid theoretical and practical foundation for future precision
agriculture applications, and emphasizing the importance of model selection in complex
remote sensing data processing.

4.4. Limitations and Future Work

Although this study achieved good results in estimating CWC through multi-source
data combination, there are still many shortcomings. First, in terms of data acquisition
and processing, although a variety of features were extracted from the multiple sensors
carried by the UAYV, the exploration of RGB and thermal infrared information was not
comprehensive enough. For example, RGB only focuses on extracting texture features,
while thermal infrared utilizes a limited number of thermal indices, which may miss
important information contained in the structural features, the color features of RGB,
and more thermal indices. And this not fully utilized information may further improve
the accuracy of CWC estimation. Meanwhile, spectral information and canopy thermal
information easily overlap [52], which may interfere with the model’s capture of critical
information, affecting the accuracy and reliability of the final estimation results and limiting
the application of the research results on a wider scale. Secondly, in the selection of machine
learning methods, commonly used methods were adopted in this study. Although these
methods have shown a certain degree of effectiveness in previous studies and in this
study, more advanced machine learning or deep learning methods continue to emerge
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as the field of machine learning continues to develop [53]. In contrast, existing methods
may not be sufficient to deal with complex multi-source data and explore deeper features
of the data, thus limiting the further improvement of the accuracy of CWC estimation,
failing to give full play to the potential of multi-source data combination and making it
difficult to better satisfy the increasing accuracy requirements of precision agriculture for
crop water management. In future research, more advanced machine learning models,
especially neural networks, may lead to better performance; however, considering the
large amount of data required for deep learning, we need to actively collect more UAV
data and expand the dataset size to provide sufficient data support for neural network
training. At the same time, some lightweight neural network structures could be applied to
reduce the computational cost and improve the scalability of the model. In addition, the
method of estimating CWC using UAV multi-source data and machine learning algorithms
in this study has the potential to be generalized to other crops to a certain extent, but
inter-crop differences need to be considered. For common crops such as wheat and maize,
some scholars have already achieved valuable results using similar remote sensing data
and analysis methods. This indicates that the idea of multi-source data fusion and the
model construction method in our study are somewhat generalizable. However, there
are significant differences in the physiological characteristics, growth cycles, and canopy
structures of different crops. For example, different leaf morphology and organization
can lead to different light absorption, reflection, and transmission characteristics, which
in turn affect the relationship between spectral characteristics and moisture. In addition,
differences in crop growth cycles can affect the collection and analysis of multi-stage data.
Some crops with short growth cycles may require more frequent data collection, while
crops with long growth cycles face more complex environmental changes at different
stages, requiring greater model adaptation. Therefore, when extending the results of this
research to other crops, data collection schemes and models need to be appropriately
adapted and optimized according to the specific characteristics of the crops. In summary,
these limitations affect, to some extent, the accuracy, generalizability, and guidance of the
results of this study in the practical application of precision agriculture. Future studies
need to improve and refine these issues to promote the continuous development of CWC
estimation research and provide better data support and a better basis for decision-making
for precision agriculture practice.

5. Conclusions

This study evaluated the effectiveness of four machine learning algorithms (PLSR,
SVR, RFR, and XGB) in estimating CWC by integrating multi-source and multi-stage data.
The results showed that multi-source data combination significantly improved the accuracy
of CWC estimation. The estimation results of multi-stage data significantly improved
compared to those of single-growth-stage data. RFR performed the best in the single
growth stage, while the XGB model slightly outperformed RFR in multiple stages. The
present study provided a new technological approach for water resource management in
precision agriculture. Through multi-source data combination and appropriate machine
learning algorithms, crop water status can be monitored and managed more accurately,
and irrigation strategies can be optimized to improve crop yield and quality. The successful
implementation of this approach can help farmers to accurately understand the water
requirements of cotton at different growth stages. This would allow them to implement pre-
cise irrigation strategies for different areas of a cotton field. On the other hand, the results
of this study fully demonstrate the importance of utilizing advanced technology to achieve
precision irrigation for agricultural water conservation and sustainable development. Based
on these results, policy makers can promote related technologies and equipment in differ-



Drones 2025, 9, 163 20 of 22

ent regions, guide farmers to adopt precision irrigation, and promote the transformation
and upgrading of agricultural production methods. At the same time, policy makers
can allocate water resources more rationally according to the current situation, optimize
the structure of agricultural water use, improve the overall utilization efficiency of water
resources, and provide a strong guarantee for the long-term stable development of agricul-
ture. Future research could further explore more types of remote sensing data and more
advanced machine learning algorithms to further improve the accuracy and usefulness of
CWC estimation.
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