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Abstract

Accurate and rapid estimation of aboveground biomass (AGB) in cotton is crucial for
precise agricultural management. However, current AGB estimation methods are limited
by data homogeneity and insufficient model accuracy, which fail to comprehensively reflect
the cotton growth status. This study introduces a novel approach by coupling cotton
canopy Soil and Plant Analyzer Development (SPAD) values with multispectral (MS) data
to achieve precise estimation of cotton AGB. Two experimental treatments, involving varied
nitrogen fertilizer rates and organic manure applications, were conducted from 2022 to
2023. MS data from UAVs were collected across multiple cotton growth stages, while AGB
and canopy SPAD values were synchronously measured. Using the coefficient of variation
method, SPAD values were coupled with existing vegetation indices to develop a novel
vegetation index termed CGSIVI. Moreover, the applicability of various machine learn-
ing algorithms—including Random Forest Regressor (RFR), eXtreme Gradient Boosting
(XGBoost), Categorical Boosting (CatBoost), Particle Swarm Optimization-XGBoost (PSO-
XGBoost), and Particle Swarm Optimization-CatBoost (PSO-CatBoost)—was evaluated
for inverting cotton AGB. The results indicated that, compared to the original vegetation
indices, the correlation between the improved vegetation index (CGSIVI) and AGB was
enhanced by 13.60% overall, with the CGSICIre exhibiting the highest correlation with
cotton AGB (R2 = 0.87). The overall AGB estimation accuracy across different growth
stages, spanning the entire growth period, ranged from 0.768 to 0.949, peaking during
the flowering stage. Furthermore, when the CGSIVI was used as an input parameter in
comparisons of different machine learning algorithms, the PSO-XGBoost algorithm demon-
strated superior estimation accuracy across the entire growth stage and within individual
growth stages. This high-throughput crop phenotyping analysis method enables rapid and
accurate estimation. It reveals the spatial heterogeneity of cotton growth status, thereby
providing a powerful tool for accurately identifying growth differences in the field.

Keywords: unmanned aerial multispectral remote sensing; cotton; aboveground biomass;
vegetation index; machine learning algorithm
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1. Introduction
Aboveground biomass (AGB), serving as a pivotal indicator for assessing the accu-

mulation of organic matter per unit area in crops, is crucial for monitoring crop growth
status, nutrient diagnosis, and yield prediction [1]. In large-scale farmland, traditional
measurement methods are time-consuming, labor-intensive, and prone to low precision
due to human interference and poor timeliness [2]. In contrast, remote sensing technol-
ogy, characterized by its low cost and high timeliness, offers the potential for rapidly and
accurately acquiring biomass information over broad areas [3].

Unmanned aerial vehicles (UAVs) offer unique advantages in estimating AGB, as
they can carry various sensors to capture phenotypic parameter information of crops,
significantly enhancing the comprehensiveness and accuracy of the collected data [4]. For
instance, multispectral vegetation indices such as GNDVI and NDRE, acquired through
multispectral sensors, have improved the estimation accuracy of forest AGB (R2 = 0.71) [5].
Furthermore, by incorporating both multispectral vegetation indices (VIs) and Fourier spec-
trum textures as input parameters in machine learning algorithms, models for extracting
rice growth parameters have been developed, enhancing the precision of estimating rice leaf
area index, canopy chlorophyll content, and aboveground biomass [6]. Increasing amounts
of research show that integrating various data sources can enhance the estimation accuracy
of AGB. The fusion of UAV-derived multisource data and phenological information has
been demonstrated to be a reliable predictor of crop biomass [7]. The results indicated
that this approach yielded more accurate predictions than using a single indicator [8].
Besides remote sensing data, biochemical indicators like chlorophyll content effectively
indicate crop growth. Soil and Plant Analyzer Development (SPAD) values, closely linked
to chlorophyll content, serve as a useful parameter for estimating crop phenotypes [9].
While remote sensing data efficiently estimate crop aboveground biomass, few studies
have integrated UAV multispectral data with SPAD values for cotton AGB estimation.

In recent years, the swift advancements in computing technology and artificial intelli-
gence have facilitated substantial progress in crop phenotype estimation through machine
learning and deep learning models [10]. Nevertheless, the performance of traditional
machine learning approaches remains constrained by limitations related to datasets and
generalization capabilities [11,12]. In contrast, ensemble learning methods, such as random
forest regression (RFR), enhance estimation accuracy by amalgamating predictions from
multiple models [13]. Previous research has demonstrated that maize biomass can be
predicted using unmanned aerial vehicle hyperspectral data coupled with maize plant
height data, and the XGBoost regression yielded superior accuracy in predicting maize dry
and fresh weights relative to multiple stepwise regression and random forest regression,
with the peak accuracy for dry matter prediction occurring at the V6 growth stage [14].
Separate studies have focused on estimating wheat aboveground biomass, and in these
studies, multiple machine learning models were optimized using algorithms like the GOA
(Grasshopper Optimization Algorithm) and PSO (Particle Swarm Optimization); the opti-
mization results have revealed that the GOA-XGB model achieves the highest estimation
accuracy when multispectral bands and vegetation indices (VIs) are used as combined
input parameters [15].

While previous studies have predominantly relied on individual VIs for biomass
estimation, often leveraging machine learning techniques, this approach fails to fully
capture the synergistic interactions and complementary information among multiple VIs.
Moreover, it overlooks the complex and dynamic nature of crop growth processes, which are
influenced by multifaceted factors such as phenological stages, environmental conditions,
and agronomic practices. A more holistic approach—integrating multiple vegetation
indices (VIs) and advanced modeling frameworks—is therefore essential to enhance the
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accuracy and robustness of biomass estimation. The overreliance on single VIs limits
further improvements in estimation accuracy, whereas ground-based data (e.g., field-
measured SPAD values) typically exhibit high accuracy and can complement spectral
information. Cotton is an important economic crop, and its canopy structure (such as
multiple branches and dense leaf arrangement) is more complex than crops such as wheat
and rice. There is still a lack of research on whether coupling spectral indices with SPAD
can improve the estimation accuracy of AGB. In this study, ground data SPAD values
are combined with multispectral vegetation indices to construct a new type of vegetation
index, and by comparing the applicability of different machine learning algorithms in the
inversion of cotton AGB. We develop an estimation method of cotton AGB that combines
the improvement in vegetation indices and optimization of algorithms, which can provide
an alternative and effective method for monitoring crop growth in agricultural production.

2. Materials and Methods
2.1. Study Sites and Experimental Design

The experimental site was situated at the Weixian Experimental Station (115◦27′ E,
36◦56′ N, Hebei Province) from 2022 to 2023 (Figure 1), characterized by a warm temperate
continental semi-arid monsoon climate. The study comprises two experimental treatments.
In experiment I, the cotton cultivar Jinongda 36 was used as the experimental material,
with six nitrogen levels established: 0 kg/hm2 (N1), 75 kg/hm2 (N2), 150 kg/hm2 (N3),
225 kg/hm2 (N4), 300 kg/hm2 (N5), and 375 kg/hm2 (N6). A randomized block design
was employed, with each treatment replicated three times. The ratio of basal nitrogen
fertilizer to topdressing (applied at the early flowering stage) was maintained at 6:4. Cotton
was planted with a uniform row spacing of 76 cm, and the plot area was standardized
at 66 m2, with a length of 10 m and a width of 6.6 m. The sowing date was set for April
25th. In experiment II, Shikang 126 was utilized as the test material, and ten distinct
treatments were configured. These treatments included CK (control without fertilizer
application), CKF (conventional chemical fertilizer application with N:P2O5:K2O ratios of
12 kg/hm2/5 kg/hm2/10 kg/hm2), M1 (moderate organic fertilizer application, specifically
chicken manure at 1500 kg/hm2), M2 (high organic fertilizer application, chicken manure
at 3750 kg/hm2), and a series of treatments exploring the integration of organic and
reduced chemical fertilizers: L1 (moderate organic fertilizer with 10% reduction in chemical
fertilizer), L2 (moderate organic fertilizer with 30% reduction in chemical fertilizer), L3
(moderate organic fertilizer with 50% reduction in chemical fertilizer), H1 (high organic
fertilizer with 10% reduction in chemical fertilizer), H2 (high organic fertilizer with 30%
reduction in chemical fertilizer), and H3 (high organic fertilizer with 50% reduction in
chemical fertilizer). A randomized block design was adopted for this experiment as well,
with each plot replicated four times (Figure 1d). Each plot measured 10 m in length, 5 m
in width, and featured a uniform row spacing of 76 cm. All other management practices
followed local high-yield field standards. Both experimental plots in this study featured
loam soil. For Plot 1, the soil properties were as follows: organic matter content of 7.7 g/kg,
total nitrogen of 0.57 g/kg, available nitrogen of 52.33 mg/kg, available phosphorus of
6.83 mg/kg, and available potassium of 112.12 mg/kg. For Plot 2, the soil properties were
organic matter content of 8.39 g/kg, total nitrogen of 0.85 g/kg, available nitrogen of 54.16
mg/kg, available phosphorus of 16.23 mg/kg, and available potassium of 132.45 mg/kg.
The irrigation amount was referenced to the standard of local high-yield fields.
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Figure 1. Location of the study area and distribution of experimental sites. (a) Location of Hebei
Province in China; (b) location of the experimental station in Hebei Province; (c) distribution of
experimental site plot I; (d) distribution of experimental site plot II.

2.2. Data Acquisition
2.2.1. UAV Data Acquisition and Preprocessing

Using a quadcopter DJI Phantom 4 multispectral drone equipped with RGB and
multispectral sensors (Table 1), data were collected during clear and cloudless weather,
specifically between 11:00 and 14:00. The heading overlap rate was set to 80%, the side
overlap rate to 90%, and the flight altitude to 50 m, resulting in a ground resolution of
3.5 cm. The UAV, sensors, and their data acquisition process are illustrated in Figure 2.
Before acquiring the multispectral image data, a calibration plate was photographed with
the multispectral camera for radiometric calibration. The data were collected at different
stages of cotton growth: squaring stage (SS), flowering stage (FS), boll maturation stage
(BMS), and boll opening stage (BOS).
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Table 1. UAV lens parameters.

Camera Parameter Parameter Value

Filter

Blue: 450 nm ± 16 nm;
Green: 560 nm ± 16 nm;
Red: 650 nm ± 16 nm;

Red Edge: 730 nm ± 16 nm;
Near-Infrared: 840 nm ± 26 nm

Color Sensor ISO Range 200–800
Monochrome Sensor Gain 1–8 times
Electronic Global Shutter 1/100–1/20000 s (RGB); 1/100–1/10000 s (Multispectral imaging)

Maximum Photo Resolution 1600 × 1300 (4: 3.25)
Image stitching was performed using Agisoft PhotoScan software (version 1.4.5, Agisoft LLC, St. Petersburg,
Russia), and radiometric calibrations were used to obtain orthophotos. Processes such as band combination
and alignment were performed using ENVI (version 5.6, L3Harris Technologies, Inc., Melbourne, FL, USA) and
ArcMap (version 10.6, ESRI, Inc., Redlands, CA, USA) software.

Figure 2. Experimental equipment and field images.

Detailed parameters of the DJI Elf 4 drone lens are shown in Table 1.

2.2.2. SPAD and AGB Acquisition

On the day of the UAV flight, cotton SPAD values and AGB were measured syn-
chronously. The upper, middle, and lower parts of the cotton canopy leaves were measured
using SPAD-502 (chlorophyll content meter), and the average value was taken as the canopy
SPAD value. Three plants were replicated for each treatment. In each plot, five cotton
plants of uniform growth were selected, decomposed, and put into kraft paper bags, baked
in an oven at 105 ◦C for 30 min, then dried at 80 ◦C until constant weight, weighed, and
finally recorded. Changes in cotton SPAD values at different stages under different fertilizer
treatments can be seen in Figure 3.

2.2.3. Selection of Spectral Indices

In this study, 20 commonly used multispectral and RGB vegetation indices related to
crop AGB were selected (Table 2).
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Table 2. Vegetation indices extracted from multispectral and RGB images.

Sensor Vegetation Index Calculation Formula References

Multispectral Normalized Difference Vegetation Index (NDVI) NDVI = (NIR − R)/(NIR + R) [16]
Enhanced Vegetation Index (EVI) EVI = 2.5 × (NIR − R)/(NIR + 6 × R − 7.5 × B + 1) [17]

Two-Band Enhanced Vegetation Index (EVI2) EVI2 = 2.5 × (NIR − R)/(NIR + 2.4 × R + 1) [18]

Global Environment Monitoring Index (GEMI) GEMI = [2 × (NIR2 − R2) + 1.5 × NIR + 0.5 ×
R]/(NIR + R + 0.5) [19]

Soil-Adjusted Vegetation Index (SAVI) SAVI = 1.5 × (NIR − R)/(NIR + R + 0.5) [20]

Modified Soil-Adjusted Vegetation Index (MSAVI) MSAVI = 0.5 × [2 × NIR + 1-sqrt((2 × NIR + 1)2 −
8 × (NIR − R))]

[21]

Transformed Soil-Adjusted Vegetation Index
(TSAVI)

TSAVI = 0.33 × (NIR − 0.33 × R − 0.5)/[0.5 × NIR
+ R − 0.5 × 0.33 + (1 + 0.332)] [22]

Near-Infrared Reflectance times Vegetation (NIRv) NIRv = NDVI × NIR [23]
Green Chlorophyll Vegetation Index (GCVI) GCVI = NIR/GREEN − 1 [24]
Green Difference Vegetation Index (GDVI) GDVI = NIR − GREEN [25]

Green Normalized Difference Vegetation Index
(GNDVI) GNDVI= (NIR − G)/(NIR + G) [26]

Chlorophyll Index Red Edge (CIre) CIre = NIR/REDedge − 1 [27]
Red Edge Normalized Difference Vegetation Index

(NDVIre) NDVIre= (NIR − REDedge)/(NIR + REDedge) [28]

Difference Vegetation Index (DVI) DVI = NIR-R [29]

RGB Red to Green Ratio Index (RGRI) RGRI = R/G [30]
Green Chromatic Coordinate (GCC) GCC = G/(R + G + B) [31]
Green Red Vegetation Index (GRVI) GRVI= (GREEN − RED)/(GREEN + RED) [32]

Water Index (WI) WI = (G − B)/(R − G) [33]
Visible Atmospherically Resistant Index (VARI) VARI = (G − R)/(G + R − B) [34]

Principal component analysis index (IPCA) IPCA = 0.994 × |R − B| + 0.961 × |G − B| + 0.914
× |G − R| [35]

Figure 3. Changes in cotton SPAD values under different fertilizer treatments. (a) Experiment I;
(b) experiment II.
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2.3. VI-Weight SPAD Variation Coefficient

To quantify the relative importance of SPAD values and VIs in assessing crop growth
status, we employed a two-step weighting approach combining variance inflation fac-
tor screening and the coefficient of variation (CV) method. The rationale for CV-based
weighting is as follows: The relative variability of SPAD values and vegetation indices
(VIs) directly reflects their response sensitivity to differences in cotton biomass. On the
premise of eliminating multicollinearity (VIF < 10), indicators with higher variability better
capture spatiotemporal heterogeneity of cotton biomass under different fertilizer treatments
and growth stages, and they also make greater informational contributions to biomass
prediction [11,36]. Subsequently, CV was calculated for each SPAD indicator and VI to
evaluate their variability. CVi was derived as the ratio of the standard deviation (σi) to the
mean of each indicator (xi), as shown in Equation (1):

CVi =
σi
xi

(1)

The normalized weight (Wi) for each indicator was then computed by dividing its co-
efficient of variation by the sum of all coefficients of variation, as expressed in Equation (2):

Wi =
CVi

Σn
i=1CVi

(2)

This weighting scheme reflects the relative contribution of each indicator to the overall
variability, with higher weights assigned to indicators exhibiting greater dispersion. To
integrate SPAD values and VIs into a unified metric, both indicators were normalized to a
common scale using max normalization, as described in Equation (3):

Ui =
xi

max(xi)
(3)

Finally, a novel vegetation index, termed the CGSIVI, was developed by combining the
weighted SPAD values and VIs. This approach not only mitigates the limitations of relying
on single indicators but also provides a comprehensive representation of crop growth
dynamics, as demonstrated in previous studies [37].

The newly developed vegetation index CGSIVI is ultimately constructed by the
weighted fusion of normalized SPAD values and VIs, with the formula presented as follows:

CGSIVI = WSPAD × USPAD + WVI× UVI (4)

2.4. Setting of Regression Methods
2.4.1. RFR

In the study of AGB estimation based on remote sensing technology, the RFR algorithm
has shown good predictive ability in this field [38]. The study implemented the RFR model
using the Python 3.7 environment (Google Inc., Mountain View, CA, USA) and achieved
effective processing and prediction of random data samples by constructing an integration
containing 100 decision trees. Except for specifying the number of trees as 100, all other
configurations of the model followed the default parameter settings of the scikit-learn
library. The AGB was estimated separately for the two types of independent variables, VI
and CGSIVI, and all the metrics of the corresponding type were utilized in each case to
assess the performance of the RFR model under different input conditions.
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2.4.2. XGBoost

XGBoost is an optimization algorithm based on Gradient Boosting Decision Tree (GBDT).
Compared to random forest (RF), XGBoost can correct the residuals more finely by construct-
ing a new tree iteratively and learning a new function in each round to fit the residuals of the
previous round, to predict the scores efficiently based on the sample characteristics.

2.4.3. CatBoost

This study applied the Yandex open source CatBoost algorithm, which has a built-in
category feature processing mechanism with a gradient boosting framework [39]. The
parameter configurations follow the default values of CatBoost, except for the dataset
partitioning, to evaluate the algorithm’s performance with standard configurations.

2.4.4. PSO-CatBoost

The PSO-CatBoost algorithm combines PSO with CatBoost for optimizing model
parameters [40]. The range of hyperparameters was set to cover the number of iterations
(400~1100), tree depth (1~10), learning rate (0.01~0.5), and regularization term (1~10). The
PSO configuration was set to 80 particles with an upper limit of 200 iterations. The stopping
criterion for PSO optimization adopts a dual-threshold mechanism: either reaching the
maximum number of iterations (200) or the variation in the optimal fitness value of the
population being less than 1 × 10−5 for 10 consecutive iterations (the fitness function
aims to maximize the R2 of the validation set). The iteration stops when either condition
is satisfied.

2.4.5. PSO-XGBoost

The PSO-XGBoost algorithm is applied to integrate the PSO and XGBoost techniques
in order to optimize the model parameters. The key hyperparameters are set as number of
trees (1000~1500), maximum depth of trees (1~10), learning rate (0.1~0.5), and regulariza-
tion factor (1~10). The stopping criterion is consistent with that of PSO-CatBoost.

The dataset was split into the training set and the test set at a ratio of 7:3. Dur-
ing the splitting process, spatial and temporal correlations were strictly controlled. The
sklearn.train_test_split function was employed, with random_state = 42 set to fix the
random sampling results.

2.5. Correlation Analysis and Accuracy Assessment
Accuracy Assessment

Performance metrics such as coefficient of determination (R2) and relative root mean
square error (rRMSE) are calculated on the test set. The two metrics are calculated as follows:

R2 = 1 −
Σn

i=1(xi − yi)
2

∑n
i=1(yi − yi)2 (5)

rRMSE =

√
∑n

i=1(xi−yi)
2

n
y

× 100% (6)

In the above equation, xi represents the estimated value of cotton AGB, yi represents
the measured value of cotton AGB, yi is the mean of the sample estimates, and n represents
the total sample size.



Agriculture 2025, 15, 2608 9 of 18

3. Results
3.1. Descriptive Statistics of Cotton AGB

Cotton AGB increased with the increase in fertilizer rate during 2022–2023, with
standard deviations ranging from 0.290 to 0.616 t/hm2 for single stage (116 samples were
taken at each growth stage, reaching a maximum value at the boll opening stage, Table 3).
For the whole growth stage (464 samples in total), the standard deviation of AGB was
2.665 t/hm2, with significant variability, and the larger variation was favorable for the
establishment and validation of the inversion model.

Table 3. Statistics for cotton AGB of training and testing datasets.

Growth Stage Dataset Number of
Samples

Maximum
Value (t/hm2)

Minimum
Value (t/hm2)

Average Value
(t/hm2)

Standard
Deviation (t/hm2)

Entire growth stage Training 324 10.007 0.633 4.585 2.754
Testing 140 9.605 0.765 4.516 2.665

Squaring stage Training 81 2.480 0.633 1.694 0.519
Testing 35 2.417 0.666 1.679 0.477

Flowering stage Training 81 3.623 2.522 3.041 0.290
Testing 35 3.621 2.592 3.051 0.316

Boll maturation stage Training 81 5.245 4.187 4.726 0.294
Testing 35 5.192 4.113 4.750 0.329

Boll opening stage Training 81 10.007 6.477 8.809 0.616
Testing 35 9.646 7.205 8.866 0.594

3.2. Correlation Analysis of VI and CGSIVI with AGB

VIs were calculated using raw spectra, and 40 indices were derived by the CV method.
The degree of correlation between these indices and cotton AGB was quantified using
Pearson correlation analysis (Figure 4).

Figure 4. Correlation analysis of indicators and biomass of cotton. (a) Multispectral vegetation index
and biomass correlation; (b) correlation coefficient box plot.

As shown in Figure 4a, the absolute correlation coefficients for all VIs remained below
0.80, the threshold for strong correlation, indicating a relatively weak correlation between
these VIs and cotton AGB. Among them, the absolute values of correlation coefficients for
five VIs, namely GCVI, NDVI, GNDVI, CIre, and NDVIre, were relatively higher (0.70~0.72),
but they did not reach a significant level. Among the new VIs derived through the CV
method, five indices had absolute values of correlation coefficients exceeding the threshold
of 0.80, including the CGSINDVI, CGSIGCVI, CGSIGNDVI, CGSICIre, and CGSINDVIre. Notably,
the CGSICIre exhibited the highest correlation coefficient with cotton AGB, reaching 0.87.
As shown in Figure 4b, the CGSIVI generally had a higher correlation with cotton AGB,
with an overall improvement of 13.6% compared to VIs calculated from the original spectra.

Through correlation analysis, the index with the highest correlation coefficient with
cotton AGB was selected, and the relationship between CIre and CGSICIre with cotton
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AGB across different growth stages was compared (Figure 5). As shown in the figure, the
variation range of the vegetation index CIre is relatively small, approximately around 0.10,
and there is no obvious pattern of change. In contrast, the trend of the CGSICIre across
different growth stages exhibits a similar increasing trend to that of cotton AGB.

Figure 5. Indicators and trend of biomass of cotton during the different growth stages. (a) Changes in
vegetation index CIre and AGB at different stages; (b) changes in CGSICIre and AGB at different stages.

3.3. AGB Estimation with Different Machine Learning Algorithms at the Whole Stage

In this study, RFR, XGBoost, CatBoost, PSO-XGBoost, and PSO-CatBoost were utilized
to estimate the AGB of cotton throughout its entire growth cycle. The input parameters
included SPAD values, Vis, and the CGSIVI. As demonstrated in Table 4, the incorporation
of the CGSIVI as an input parameter significantly improved the estimation accuracy across
all models, yielding R2 values ranging from 0.94 to 0.97 and rRMSE between 11.97% and
14.73%. In contrast, the use of SPAD values alone as the input parameter resulted in the
lowest estimation accuracy, with R2 values ranging from 0.43 to 0.65 and rRMSE values
between 38.40% and 45.49%. These findings underscore the superior performance of
the CGSIVI in capturing the complex dynamics of cotton AGB compared to traditional
SPAD-based approaches.

Table 4. Accuracy of cotton AGB estimation using different data combinations and algorithms.

Data
RFR XGBoost CatBoost PSO-XGBoost PSO-CatBoost

R2 rRMSE
(%) R2 rRMSE

(%) R2 rRMSE
(%) R2 rRMSE

(%) R2 rRMSE
(%)

SPAD 0.43 44.61 0.51 45.49 0.49 41.83 0.63 39.79 0.65 38.40
VI 0.94 16.60 0.95 14.91 0.94 16.16 0.96 12.35 0.94 15.93

CGSIVI 0.94 14.73 0.95 13.14 0.94 14.56 0.97 11.97 0.95 13.97

Figures 6 and 7 present scatter plots of cotton AGB estimations using VIs and the
CGSIVI as input parameters for XGBoost, PSO-XGBoost, CatBoost, and PSO-CatBoost,
respectively. As shown in the figures, AGB values above 8000 kg/hm2 exhibited significant
scatter. This scattering may be mainly attributed to spectral saturation—when AGB is
high, cotton canopy spectral reflectance plateaus, reducing VIs’ ability to distinguish
biomass differences. Alternative factors include insufficient model learning of high-biomass
samples, limited samples with AGB > 9000 kg/hm2 (only eight in the test set), and slight
field measurement errors in high-biomass plant processing. By comparing the scatter
plots of Figures 6 and 7, it is found that using the CGSIVI as input parameters in machine
learning algorithms improves the estimation accuracy of cotton AGB. Among them, the
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PSO-XGBoost model exhibits the best performance in AGB estimation, with an R2 value of
0.966 and an rRMSE of 11.97%.

Figure 6. Scatter plots for estimating AGB using XGBoost and PSO-XGBoost algorithms:
(a) VI + XGBoost, (b) CGSIVI + XGBoost, (c) VI + PSO-XGBoost, and (d) CGSIVI + PSO-XGBoost.

Figure 7. Scatterplot of AGB estimated by CatBoost and PSO-CatBoost algorithms. (a) MS+ CatBoost,
(b) CGSIVI+ CatBoost, (c) MS+PSO-CatBoost, and (d) CGSIVI+PSO-CatBoost.

The comparison between R2 and rRMSE indicates that the R2 values for RFR, XGBoost,
and CatBoost fluctuate within the ranges of 0.43–0.94, 0.51–0.95, and 0.49–0.94, respec-
tively (Figure 8). Meanwhile, their corresponding rRMSE values fall within the ranges of
3.61–44.61%, 3.26–45.49%, and 3.42–41.83%, respectively. Among these three algorithms,
both XGBoost and CatBoost show better prediction results. After applying PSO optimiza-
tion to these models, the PSO-XGBoost algorithm achieves an R2 ranging from 0.63 to 0.97
and an rRMSE between 2.80% and 39.80%. Compared to RFR, CatBoost, and XGBoost,
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the PSO-XGBoost algorithm exhibits significantly improved performance, indicating its
enhanced accuracy in estimating AGB.

Figure 8. AGB estimation accuracy of different algorithms. (a) R2; (b) rRMSE.

3.4. Estimates of AGB at Different Growth Stages

As can be seen from Table 5, the accuracy of cotton AGB estimation varied at different
growth stages. The R2 values of AGB estimation at the squaring stage ranged from 0.61 to
0.85, and the rRMSE ranged from 3.53% to 14.70%, and the R2 was improved by 10.32%, on
average, using the CGSIVI as the input parameter compared with VI. As cotton entered the
flowering stage, the accuracy of the AGB estimation reached the maximum, the R2 values
increased to 0.79~0.95, while the rRMSE was 2.80%~14.70%. The R2 increased by an average
of 4.49% with the CGSIVI as an input parameter compared to VI as an input parameter
into the five models. The R2 values at the flowering stage were 0.47~0.87, showing that a
decreasing trend was observed, while the rRMSE values ranged from 3.03% to 4.76%. As
can be seen from Figure 9, the estimation accuracy of AGB showed a tendency of increasing
and then decreasing with the advancement of the cotton reproductive process, and it
reached its highest at the flowering stage.

Table 5. Comparison of AGB estimation accuracy and algorithms for different cotton stages.

Growth Stage Data
RFR XGBoost CatBoost PSO-XGBoost PSO-CatBoost

R2 rRMSE
(%) R2 rRMSE

(%) R2 rRMSE
(%) R2 rRMSE

(%) R2 rRMSE
(%)

Squaring stage VI 0.61 6.41 0.77 5.15 0.66 5.73 0.83 12.56 0.77 14.70
CGSIVI 0.70 5.91 0.75 5.37 0.77 5.20 0.89 3.53 0.85 4.19

Flowering stage VI 0.79 3.84 0.81 3.81 0.76 3.85 0.91 2.98 0.84 3.20
CGSIVI 0.81 3.61 0.85 3.26 0.82 3.42 0.95 2.80 0.87 3.17

Boll maturation stage VI 0.51 4.76 0.58 4.09 0.47 4.96 0.71 3.39 0.61 3.94
CGSIVI 0.60 4.00 0.67 3.63 0.61 3.94 0.77 3.03 0.67 3.64

Boll opening stage VI 0.66 12.75 0.67 13.31 0.66 13.64 0.80 9.08 0.77 12.25
CGSIVI 0.70 13.32 0.76 11.96 0.73 13.05 0.82 6.98 0.77 10.92

Using the CGSIVI as an input parameter effectively improved the accuracy of the AGB
estimation at different growth stages (Figure 10), and this improvement was consistent
with the trend observed throughout the growth stages (Table 5). It is shown that the fusion
technique of multispectral sensor data and SPAD values improves the accuracy of AGB
estimation both in the whole growth stage and single stage.
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Figure 9. Statistics of AGB estimation accuracy at different growth stages. (a) R2; (b) rRMSE.

Figure 10. Statistics of AGB estimation accuracy for different vegetation indices. (a) R2; (b) rRMSE.

3.5. Spatial and Temporal Distribution of Cotton AGB

Figures 11 and 12 show the spatial distribution of AGB based on RGB-VIs in each
growth cycle of cotton. AGB showed a significant growth trend as cotton phenological
development progressed. As can be seen from Figure 11, at six different nitrogen fertilizer
treatments (N1 to N6), it was found that cotton plants from N5 and N6 treatments exhibited
higher AGB levels and grew better than the other treatment groups. In contrast, plants in
the N1 treatment showed significantly lower AGB levels.

Figure 11. PSO-XGBoost-based CGSIVI estimation of AGB spatiotemporal distribution under different
nitrogen treatments.
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As can be seen in Figure 12, the AGB of cotton also showed a significant increasing
trend with the increase in fertilizer application in the 10 organic fertilizer treatment trials.
Among them, the H1 treatment exhibited the highest AGB level due to its higher organic
fertilizer input, which indicated that reasonable organic fertilizer input had a significant
promotion effect on cotton growth.

Figure 12. PSO-XGBoost-based CGSIVI estimation of spatial and temporal distribution of AGB under
different organic fertilizer treatments.

4. Discussion
The multispectral vegetation index, derived from spectral reflectance across multiple

bands through specific algorithms, serves as a critical parameter for monitoring crop
growth. However, its accuracy in biomass estimation is often compromised by external
environmental factors such as crop growth status and soil conditions [41]. To address this
limitation, integrating additional data sources, such as SPAD values, has been proposed
to mitigate sensor bias and enhance estimation reliability. SPAD values, which reflect
chlorophyll content and photosynthetic activity, provide a robust proxy for crop growth [42].
In this study, the newly developed CGSIVI, which incorporates SPAD values, demonstrated
a significantly stronger correlation with cotton AGB across all growth stages compared to
traditional multispectral vegetation indices. The coefficient of determination (R2) between
the CGSIVI and aboveground biomass (AGB) was 0.87, representing a 13.6% improvement
compared to the highest R2 value (0.72) of traditional vegetation indices (VIs). Taking the
PSO-XGBoost model as an example, when the CGSIVI was used as the input parameter,
the relative root mean square error (rRMSE) for AGB estimation across the entire growth
period was 11.97%, which was a 3.08% reduction compared to the rRMSE (12.35%) obtained
with traditional VIs as inputs. The most significant improvement in estimation accuracy
was observed at the flowering stage, where the R2 value increased from 0.91 to 0.95. The
correlation coefficient between the CGSIVI and AGB exceeded 0.8, aligning with the findings
from previous studies [37]. However, while prior research has primarily focused on the
integration of spectral indices and environmental factors, this study highlights the unique
contribution of SPAD values in enhancing biomass estimation accuracy. Unlike traditional
vegetation indices, the CGSIVI captures the dynamic interplay between chlorophyll content
and biomass accumulation, offering a more comprehensive representation of crop growth
dynamics. This distinction is particularly evident in the sensitivity of the CGSIVI to biomass
variations across different growth stages and environmental conditions, a feature less
pronounced in conventional indices [43]. Furthermore, the close relationship between
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SPAD values and photosynthetic efficiency enables the CGSIVI to better explain biomass
variability, a finding consistent with earlier studies [44]. This study further verified that
the overall AGB estimation accuracy across different growth stages ranged from 0.768 to
0.949. This variation is closely linked to cotton’s phenological characteristics: the flowering
stage achieved the highest accuracy (R2 = 0.95) due to the stable canopy structure and
comprehensive synergistic information captured by the CGSIVI (canopy structure from
VIs and leaf physiology from SPAD). In contrast, lower accuracy at the squaring stage
(R2 ≈ 0.768) is attributed to soil background interference, while the boll opening stage is
affected by leaf senescence and uneven boll maturation, leading to moderate accuracy (R2

≈ 0.82). These results align with prior crop biomass estimation studies, where inversion
accuracy is highly dependent on crop growth stage-specific canopy traits [37,44]. Despite
these advantages, the reliance on SPAD values introduces certain limitations, such as
the need for high-quality, complete datasets and increased computational complexity
due to the coefficient of variation method. These challenges highlight the importance of
future research to optimize data collection and processing techniques, ensuring broader
applicability and improved accuracy in diverse agricultural contexts.

Despite the excellent performance of the proposed CGSIVI in cotton aboveground
biomass (AGB) estimation, certain limitations in its practical application need to be clarified.
The core limitation lies in its reliance on field-based manual SPAD measurements, which
are time-consuming and labor-intensive, which conflicts with the goal of high-efficiency
monitoring. However, the integration of SPAD data is indispensable for improving the
accuracy and reliability of AGB estimation, and its advantages fully justify this trade-off:
First, it compensates for the lack of physiological information in traditional remote sensing
by supplementing chlorophyll-related physiological data to multispectral vegetation indices
(VIs), facilitating the capture of subtle differences in cotton growth under complex fertilizer
treatments; second, it enhances estimation performance under complex growth conditions,
increasing the correlation between the CGSIVI and AGB by 13.6% compared with traditional
VIs (with a maximum R2 = 0.87). Particularly in the middle and late growth stages, where
canopy structure is complex and spectral saturation is prone to occur, it can distinguish
biomass differences that cannot be identified by single VIs alone. Third, it improves the
environmental adaptability of the model, reducing dependence on spectral reflectance and
mitigating the impacts of external interferences.

5. Conclusions
Based on different fertilizer treatment experiments in the field, the ability of UAV mul-

tispectral data to improve the estimation of aboveground biomass in cotton was explored.
An improved vegetation index, the CGSIVI, for estimating the aboveground biomass of
cotton was constructed. By analyzing the correlation between the multispectral vegetation
index and aboveground biomass of cotton, it was found that the CGSIVI model performed
better than the original vegetation index, with the highest correlation between the CGSICIre

and AGB. The overall estimation accuracy of AGB across different growth stages through-
out the entire growth stage ranged from 0.768 to 0.949, peaking during the flowering stage.
When the CGSIVI was used as an input parameter in the comparison of different machine
learning algorithms, the PSO-optimized XGBoost algorithm exhibited higher estimation
accuracy both across the entire growth stage and within individual growth stages.
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