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Abstract. In the context of the need for efficient agricultural monitoring under climate change, this study aimed to
achieve rapid and non-destructive monitoring of foxtail millet aboveground biomass (AGB), AGB data and canopy
spectral data were measured under varying sowing dates. Preprocessed using Standard Normal Variate (SNV),
Multiple Scattering Correction (MSC), and First Derivative (1ST) methods. Based on this, foxtail millet AGB
monitoring models were constructed using the full spectrum, characteristic wavelengths, and optimized spectral
indices, and their accuracy was evaluated. The results showed that all three preprocessing methods improved the
correlation between spectral reflectance and foxtail millet AGB. The best spectral index was 1ST-TB1 (451, 626,
697), which exhibited a correlation coefficient of 0.863 with foxtail millet AGB. Among the constructed models,
the 1ST-PLS model based on the full spectrum exhibited higher accuracy (R?=0.834; RMSE=1.443 t/hm?;
RPD=2.507). This study confirms the feasibility of spectral monitoring for foxtail millet AGB and provides a
reference for rapid, non-destructive monitoring of foxtail millet AGB, and provide a robust framework for precision
agriculture, enabling efficient foxtail millet management and yield optimization.
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Introduction

Foxtail millet is one of the most important traditional food crops in China, boasting a long
history of cultivation (Lv et al., 2020; Li et al., 2022b). Due to its drought tolerance, poor soil
adaptability, high water use efficiency, improve soil structure and reduce soil erosion, and
balanced nutrition, it remains a crucial crop in the arid and semi-arid regions of the Asia, Africa,
and Eastern Europe (Lata et al., 2013; Yang et al., 2019b; Diao, 2019). Considering food
security, enhancing the yield of foxtail millet is vital for ensuring regional food supply and
improving farmers' incomes (Li et al., 2021c). The sowing date significantly influences the
yield and quality of foxtail millet; an optimal sowing schedule aligns the growth and
developmental stages of foxtail millet with favorable climatic conditions, thereby improving
the utilization of water and solar heat and enhancing both yield and quality (Li et al., 2021b,
2022a). Aboveground biomass (AGB) is a critical parameter reflecting crop growth status and
guiding field management, closely associated with crop yield. Research on AGB can provide a
theoretical basis for high-yield cultivation of foxtail millet (Wang et al., 2023a; Zhu et al., 20233;
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Dong et al., 2024a). Although traditional destructive sampling methods for determining millet
AGB are accurate, they are time-consuming and have a delayed response (Marshall et al., 2015;
Yue etal., 2019).

Since the 1970s, remote sensing techniques have been extensively used to estimate various
crop physiological parameters (Kuplich et al., 2005; Yang et al., 2019a; Jiang et al., 2022). With
the advancement of high-resolution sensors and computing technology, remote sensing for
monitoring crop conditions has gained increasing attention (Kang et al., 2020; Zhao et al., 2024).
Specifically, hyperspectral remote sensing technology allows for the quantitative analysis of
subtle changes in crop development through minor differences in spectral reflectance, offering
a rapid, non-destructive method to assess foxtail millet AGB (Yan et al., 2022). Currently,
spectral monitoring of crop growth parameters can be categorized into three types based on the
number of wavelengths used in model construction. The first type uses the full spectrum,
treating all wavelengths as variables to construct the monitoring model. For instance, Dong et
al. (2019) developed a hyperspectral monitoring model for the chlorophyll content of maize
leaves, which showed that models based on the full spectrum performed best (R?=0.910,
RMSE=2.071). The second type involves constructing models using characteristic wavelengths,
such as the work by Xie et al. (2023) who used correlation analysis and stepwise multiple linear
regression (CA+SMLR), partial least squares regression (PLS+SMLR), and the successive
projection algorithm (SPA) to identify characteristic wavelengths for proline content in winter
wheat. Their PLSR model demonstrated superior performance. The third type employs spectral
indices to construct models. Commonly used dual-band spectral indices include the Ratio
Spectral Index (RSI), Normalized Difference Spectral Index (NDSI), and Difference Spectral
Index (DSI) (Zhu et al., 2023b; Zhang et al., 2023). For example, Gong et al. (2023) constructed
estimation models for soybean AGB using seven different vegetation indices, finding that the
model based on the Infrared VVegetation Index (IPV1) outperformed those based on other indices.
Wang et al. (2023b) monitored the Leaf Area Index (LAI) and AGB of rice using multispectral
images, showing strong correlations between vegetation indices and LAl and AGB, with the
best indices being the Chlorophyll Red Edge Index (CIRE) and the Normalized Difference Red
Edge Index (NDRE), achieving R? values of 0.80 and 0.76, respectively. However, when
vegetation cover is high, dual-band spectral indices can saturate, failing to accurately reflect the
actual condition of the vegetation. Compared to dual-band indices, three-band spectral indices
can mitigate this saturation issue to some extent, providing a more comprehensive reflection of
vegetation growth conditions.

Current hyperspectral studies on crop biomass predominantly focus on staple cereals (e.g.,
wheat, maize), while neglecting drought-adapted minor crops like foxtail millet. Existing
models often rely on dual-band indices prone to saturation and lack systematic evaluation of
preprocessing methods (SNV, MSC, 1ST) for spectral noise reduction. We systematically
conduct a comprehensive comparison of various preprocessing techniques and different model
types specifically tailored for the monitoring of AGB. This systematic approach not only
addresses the long - standing neglect of foxtail millet in related research but also contributes to
resolving the ambiguity in methodological choices, thereby potentially advancing the field of
crop biomass monitoring with respect to this under - studied yet important cereal crop. In
constructing models for monitoring crop conditions, the number of bands used for modeling is
a crucial factor affecting model accuracy. There is still no consensus on how to select
appropriate wavelength variables for model construction. Moreover, the collection of spectral
data is often influenced by factors such as temperature, atmospheric water vapor content, and
soil background, making the elimination or reduction of spectral noise essential for building
robust models (YYan et al., 2023). Numerous studies have shown that preprocessing raw spectral
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data can effectively remove the effects of spectral noise and enhance the accuracy of monitoring
models (Yang et al., 2020; Feng et al., 2022; Zheng et al., 2023), SNV minimizes scattering
effects by normalizing each spectrum to zero mean and unit variance. MSC corrects additive
and multiplicative scattering via linear regression against a reference spectrum. 1ST (first
derivative) enhances spectral features by reducing baseline shifts and isolating absorption peaks.
These methods were selected to address noise from soil background and atmospheric
interference. Thus, based on these issues, this study applied several classical methods to
preprocess the original spectral reflectance of foxtail millet, comparing the capabilities of full
spectrum, characteristic wavelength, and optimized spectral index methods for monitoring
foxtail millet AGB. This study addresses the critical gap in hyperspectral monitoring of foxtail
millet AGB. We aim to (1) evaluate preprocessing methods (SNV, MSC, 1ST) for enhancing
spectral correlations, (2) identify optimal spectral indices and wavelengths, and (3) develop
accurate AGB estimation models to support non-destructive crop management.

Materials and methods
Experimental design

The experiment was conducted in 2023 at the Dingxiang base in Xinzhou, Shanxi Province,
China. The field trials used the variety Jingu 21, with six sowing dates (B1: May 5, B2: May
12, B3: May 19, B4: May 26, B5: June 2, and B6: June 9). The planting density was 300,000
plants per hectare, with a row spacing of 30 cm, and the plot size was 5 x 6 m? Each trial
included three replications, totaling 18 plots. Before planting, 22,500 kg/hm? of organic
fertilizer and 375 kg/hm? of compound fertilizer (N:P:K = 24:10:6) were applied.

Data collection
Hyperspectral data acquisition

Hyperspectral data were collected using the FieldSpec4 portable spectroradiometer
produced by Analytical Spectral Devices (ASD), USA. The spectral range spanned from 350
to 2500 nm, with a field of view of 25°. The spectral sampling intervals were 1.4 nm from 350
to 1000 nm with a spectral resolution of 3 nm, and 2 nm from 1000 to 2500 nm with a spectral
resolution of 10 nm. Spectral measurements of the foxtail millet canopy were conducted from
10:00 to 14:00 under clear, calm or light wind conditions. Measurements began on July 11 (the
elongation stage of the sixth sowing period) and were taken every 10 days, totaling four sessions.
During measurements, the sensor probe was oriented vertically downwards at a distance of
approximately 1.0 m above the canopy. Three points were measured per plot, with each point
measured five times to calculate the average spectral reflectance. Standard whiteboard
calibration was performed before and after each group of observations.

Biomass measurement

Following the collection of hyperspectral data, three representative foxtail millet plants were
harvested from each experimental plot, quickly brought back to the laboratory, and their fresh
weight was measured. The samples were then blanched at 105°C for 30 minutes and
subsequently dried at 80°C until a constant weight (W/g) was achieved. The formula for
calculation is as follows:

WxN
3%S*100

AGB = (t/hm?) (Eq.1)
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In the formula, W represents the dry weight of three foxtail millet plants, N is the
number of foxtail millet plants per plot, and S refers to the area of each experimental plot.

Construction of spectral indices

Spectral indices are calculated from remote sensing data by combining and comparing
spectral characteristics across different wavelength ranges. These indices can characterize
surface cover types, crop growth, and soil properties and are widely used in research and
monitoring in agriculture, ecology, and water resource fields. To identify the optimal
spectral indices for monitoring foxtail millet AGB, nine spectral indices were evaluated
and optimized. Table I lists the spectral indices used in this study along with their
calculation formulas.

Table 1. Spectral indices used in this study

Spectral Indices Formula Spectral Indices Formula
RSI AL/A2 TB3 AL/(A2*)3)
NDSI (A1-A2)/(A1+A2) TB4 A/(A2+A3)
DSI A-A2 TBS (A1-A2)/ (A1+A2-223)
TB1 (A1-A2)/(A2+A3) TB6 (A1-A24+2A3)/(A1+A2-2)3)
TB2 (A1-1.8A2)/(A3-1.8)2)

Note: A1, A2, and A3 represent random wavelengths of the spectrum. (This table shows the spectral indices
used in this study and their calculation formulas. Spectral indices are calculated by combining and
comparing spectral characteristics across different wavelength ranges, which are used to characterize
surface cover types, crop growth conditions, soil properties)

Data analysis methods

Spectral data outliers were removed using ViewSpecPro software. The Unscrambler
X 10.4 was utilized for preprocessing the spectral data, which included Standard Normal
Variate Transformation (SNV), Multiple Scatter Correction (MSC), and First Derivative
(1ST). Correlation analysis and model construction were performed using Matlab2019,
while plotting was done with Origin2021. This study evaluated model accuracy using the
coefficient of determination (R?), Root Mean Square Error (RMSE), and the Ratio of
Performance to Deviation (RPD). A higher R?, closer to 1, and a smaller RMSE indicate
better model fit and predictive ability. A higher RPD value signifies better predictive
capability of the model. Generally, an RPD value less than 1.4 indicates poor predictive
ability; an RPD between 1.4 and 2.0 suggests good predictive capability, and an RPD of
2.0 or higher indicates excellent predictive capability (Guo et al., 2014). The calculation
formula is as follows:

RZ = ?:1(Yi’_Zi)2

Eq.2
Tii(Yi-Yp? (Eq2)
1 ’
RMSE = |51, (5 - ¥))? (Eq3)
SD
RPD = SMSE (Eq.4)
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In the formula, n represents the number of samples, Y;and Y;are the predicted and

actual values of the samples respectively, Y; is the mean of the actual sample values, and
SD is the standard deviation of the samples.

Results
Descriptive statistical analysis of foxtail millet biomass data

As shown in Table 2, the dataset was divided into calibration (75%) and validation
(25%) sets using a concentration gradient method to ensure representative distribution of
AGB values across both subsets. From Table 2, it is observed that the range of foxtail
millet AGB values spanned from 0.211 to 15.248 t/hm?. Moreover, the mean values and
standard deviations of the calibration set, validation set, and total samples were closely
aligned. The mean values were 5.791 t/hm?, 5.665 t/hm? and 5.760 t/hm? for the
calibration, validation, and total samples, respectively. The standard deviations were
3.647 t/hm?, 3.618 t/hm?, and 3.614 t/hm? for the calibration, validation, and total samples,
respectively.

Table 2. Descriptive statistics of foxtail millet AGB

Data set Samples Range Min Max Mean SD
Calibration set 54 15.037 0.211 15.248 5.791 3.647
Validation set 18 13.362 0.428 13.790 5.665 3.618

Total 72 15.037 0.211 15.248 5.760 3.614

Note: The range, minimum value, maximum value, mean, and standard deviation are t/hm?. (The table
presents the descriptive statistical results of foxtail millet AGB data. The study used the concentration
gradient method to divide the data into a calibration set and a validation set at a ratio of 3:1. The table
shows the number of samples, the range, minimum value, maximum value, mean value, and standard
deviation of different data sets (calibration set, validation set, and total samples). These statistical
information helps to understand the distribution characteristics of foxtail millet AGB data and provides
basic data reference for subsequent model construction and evaluation.)

Hyperspectral response of foxtail millet biomass

To elucidate the hyperspectral response characteristics of foxtail millet biomass, this
study analyzed the trends in hyperspectral changes across different gradient ranges. As
shown in Figure 1, with the increase in foxtail millet AGB, a gradual decrease in spectral
reflectance was observed within the visible and near-infrared wavelength ranges.
However, within the visible light spectrum, the spectral differences between the gradient
ranges of 8.000 to 12.000 t/hm? and 12.000 to 16.000 t/hm? were minimal, with noticeable
changes in spectral reflectance only near the 550 nm peak.

Correlation analysis between foxtail millet biomass and canopy spectral reflectance
under different preprocessing conditions

To fully extract spectral information from foxtail millet, this study applied three
preprocessing methods to the raw spectral reflectance. Based on the reflectance after
different preprocessings, the study analyzed the correlation between spectral reflectance
and foxtail millet AGB using correlation analysis methods. As shown in Figure 2, the
original spectral reflectance exhibited a negative correlation with foxtail millet biomass
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across the entire spectral range, with the maximum absolute correlation coefficient
(MACC) being 0.612. After preprocessing with SNV, MSC, and 1ST, the correlation
between spectral reflectance and foxtail millet biomass showed fluctuating positive and
negative correlations across the full spectrum. The correlation trends for MSC and SNV
were similar, while 1ST showed greater fluctuations. From the right graph, it is evident
that all three preprocessing methods enhanced the correlation between foxtail millet AGB
and spectral reflectance. Notably, the correlation after MSC preprocessing was
significantly improved, with the MACC value reaching 0.784.

0.6
— 074 t/hn’
0.5F 478 t/hm’
8712 t/hm®
n™ 2
ol — 12716 t/hm” |
0]
8]
=
20.3
(@]
=
Z0.2
0.1
0'0_ 4 450 500 600 [t

400 600 800 1000 1200 1400
Wavelength (nm)

Figure 1. Hyperspectral characteristics of AGB of foxtail millet in different gradient ranges.
(The figure shows the hyperspectral characteristics of foxtail millet under different AGB
gradient ranges. The abscissa represents the wavelength (nm), and the ordinate represents the
spectral reflectance. The curves of different colors represent the AGB gradient ranges of 0 ~4
t/hm? 4 ~8 t/hm? 8 ~12 t/hm? and 12 ~ 16 t/hm?)

Extraction of characteristic wavelengths for foxtail millet biomass

To explore the characteristic wavelengths of foxtail millet biomass and reduce the
redundancy in the original spectral data, this study utilized the Successive Projection
Algorithm (SPA) to extract ten characteristic wavelengths from the foxtail millet biomass
following preprocessing of the original spectral reflectance. As shown in Table 3,
preprocessing significantly altered the characteristic wavelengths of the foxtail millet.
The characteristic wavelengths of the original spectral reflectance were distributed
between 409 nm and 1300 nm. After SNV preprocessing, the characteristic wavelengths
ranged between 516 nm and 751 nm, and 958 nm to 1140 nm. Following MSC
preprocessing, they ranged between 574 nm and 761 nm, and 956 nm to 1141 nm. After
IST preprocessing, the wavelengths were distributed between 447 nm and 1073 nm. This
indicates that different preprocessing methods affect the extraction of information from
spectral data differently.
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Figure 2. Correlation analysis of spectral reflectance with foxtail millet AGB after
preprocessing. (The figure presents the correlation analysis results between the spectral
reflectance after preprocessing and the AGB of foxtail millet. The abscissa is the wavelength
(nm), and the ordinate is the correlation coefficient. The curves of different colors represent the
correlations between the spectral reflectances after original spectral reflectance (R), Standard
Normal Variate (SNV), Multiplicative Scatter Correction (MSC), and First Derivative (1ST)
preprocessing and AGB)

Table 3. Characteristic wavelength of foxtail millet

Preprocessing method Characteristic wavelength (nm)
R 746/904/459/675/719/1146/554/1300/409/934
SNV 516/751/589/1001/1140/1108/958/1124/547/678
MSC 1141/761/1110/1028/956/740/1126/574/994/673
IST 999/525/1003/831/447/900/1073/671/976/968

Note: Original Spectral Reflectance(R), Standard Normal Variate (SNV), Multiple Scattering Correction
(MSCQC), First Derivative (1ST)

Selection of optimal spectral indices

As shown in Figures 3 and 4, based on the preprocessing of the original spectral
reflectance, this study employed an exhaustive method to calculate the correlation
between all possible combinations of spectral indices and foxtail millet AGB. Table 4
lists the selected optimal spectral indices. From Table 4, it can be seen that among the
dual-band spectral indices, the R-RSI (766, 762) constructed from the original spectral
reflectance has a correlation coefficient with foxtail millet AGB of 0.788. The spectral
indices SNV-RSI (572, 1045) and MSC-NDSI (765, 766), constructed from SNV and
MSC preprocessed reflectance respectively, achieved correlation coefficients of 0.803
and 0.794 with foxtail millet AGB. The 1ST-DSI (537, 684), constructed from 1ST
preprocessed reflectance, reached a correlation coefficient of 0.824 with foxtail millet
AGB.

In the category of three-band spectral indices, the R-TBS5 (703, 430, 513) constructed
from the original spectral reflectance had a correlation coefficient of 0.830 with foxtail
millet AGB. The R-TB5 (450, 696, 449) constructed from SNV preprocessed reflectance
achieved a correlation coefficient of 0.837, and the MSC-TB6 (720, 400, 528) constructed
from MSC preprocessed reflectance reached a correlation coefficient of 0.839. The 1ST-
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TBI1 (450, 625, 536), constructed from 1ST preprocessed reflectance, showed the highest
correlation with foxtail millet AGB, achieving a correlation coefficient of 0.863. It is
evident that the 1ST preprocessing method significantly enhanced the effective
information from the spectra, improving the correlation between the spectral indices and
foxtail millet AGB. Furthermore, the three-band spectral indices showed superior
correlation with foxtail millet AGB compared to the dual-band spectral indices, and
correlation coefficients >0.8 indicate strong predictive potential for AGB, enabling
farmers to adjust irrigation and fertilization in real time.
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Figure 3. Correlation coefficient plots between dual-band spectral indices and AGB of foxtail
millet. (The figure shows the correlation coefficient plots between dual - band spectral indices
and the AGB of foxtail millet. The abscissa is the wavelength (nm), and the ordinate is the
correlation coefficient. The curves of different colors represent the correlations between
different dual - band spectral indices (RSI, NDSI, DSI,) constructed from the original spectral
reflectance (R), SNV - preprocessed reflectance, MSC - preprocessed reflectance, and 1ST -
preprocessed reflectance and AGB)
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Figure 4. Correlation coefficient plot between three-band spectral index and AGB of foxtail
millet. (The figure presents the correlation coefficient plot between three - band spectral indices
and the AGB of foxtail millet. The abscissa is the wavelength (nm), and the ordinate is the
correlation coefficient. The curves of different colors represent the correlations between
different three - band spectral indices (TB1, TB5, TB6) constructed from the original spectral
reflectance (R), SNV - preprocessed reflectance, MSC - preprocessed reflectance, and 1ST -
preprocessed reflectance and AGB)

Table 4. Optimal spectral bands and correlation coefficients

R SNV MSC IST

RSI | (766, 762)0.788 (572, 1045) 0.803 (767, 765) 0.790 (686, 542) 0.803
NDSI| (766, 765) 0.786 (765, 767) 0.802 (765, 766) 0.794 (849, 1209) 0.805
DSI | (846, 848) 0.748 (765, 767) 0.786 (765,767 0.785 (537, 684) 0.824
TB1 | (764, 760, 759) 0.801 | (401, 1019, 514) 0.809 | (522, 815, 614) 0.812 | (451, 626, 697) 0.863
TB2 | (770, 549, 761) 0.810 | (1020, 459, 432) 0.824 | (741, 515, 400) 0.826 | (486, 510, 495) 0.856
TB3 | (504, 736, 676) 0.792 | (1013, 596, 514) 0.816 | (882, 1114, 760) 0.815 | (846, 1230, 1209) 0.831
TB4 |(983, 1271, 762) 0.816 | (400, 1020, 516) 0.821 | (998, 1260, 759) 0.817 | (680, 904, 691) 0.840
TB5 | (703,430, 513) 0.830 | (710, 434, 520) 0.837 | (703,432, 515) 0.835 | (904, 680, 696) 0.849
TB6 | (719, 675, 512) 0.820 | (1031, 400, 513) 0.829 | (720, 400, 528) 0.839 | (511, 464,505) 0.837

Note: The table shows the optimal spectral bands constructed based on different preprocessed spectral
reflectances and their correlation coefficients with the AGB of foxtail millet. The study calculated the
correlations between all possible combinations of spectral indices and the AGB of foxtail millet to screen
out the optimal spectral bands. It can be seen from the table that among the dual - band spectral indices

Evaluation of the accuracy of foxtail millet AGB monitoring models

This study constructed three types of foxtail millet AGB monitoring models based on
the full spectrum, characteristic wavelengths, and optimized spectral indices. Table 5
displays the performance of the foxtail millet AGB monitoring models. It is evident that
the models constructed using spectral data preprocessed with 1ST were the best among
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the three types (Table 5). Among these, the best performing foxtail millet AGB
monitoring model was the 1ST-PLS model based on the full spectrum, which achieved
an R? of 0.834, RMSE of 1.443 t/hm?, and RPD of 2.507. This was followed by the 1ST-
TB1 model based on optimized spectral indices, with an R? of 0.823, RMSE of 1.516
t/hm?, and RPD of 2.387, and lastly the 1ST-SPA-PLS model based on characteristic
wavelengths, which had an R? of 0.790, RMSE of 1.721 t/hm? and RPD of 2.100.
Therefore, it can be seen that the 1ST spectral preprocessing method significantly
enhances model accuracy. Figure 5 shows the fitting plots of the best models among the
three types, indicating that all three models achieved good fitting results and can
accurately monitor foxtail millet AGB.

Table 5. Evaluation of the accuracy of the foxtail millet AGB monitoring models

models R? RMSE RPD
R-PLS 0.726 1.867 1.936
SNV-PLS 0.805 1.639 2.205
MSC-PLS 0.793 1.688 2.141
1ST-PLS 0.834 1.443 2.507
R-SPA-PLS 0.664 2.137 1.691
SNV-SPA-PLS 0.686 1.996 1.811
MSC-SPA-PLS 0.699 1.948 1.856
1ST-SPA-PLS 0.790 1.721 2.100
1ST-TB1 0.823 1.516 2.387

Note: The table evaluates the accuracy of the foxtail millet AGB monitoring models constructed based
on the full spectrum, characteristic wavelengths, and optimized spectral indices. Three indicators, the
coefficient of determination (R?), Root Mean Square Error (RMSE), and Ratio of Performance to
Deviation (RPD), are used to measure the model performance. Generally, the closer R? is to 1 and the
smaller RMSE is, the better the fitting and predictive ability of the model; the higher the RPD value, the
stronger the predictive ability of the model

15f IST-PLS 27 15 IST-SPA-PLS -7
R=0.851 54 R?=0. 790 s
12} RMSE=1. 443 . 121 Rusk=1.721
o RPD=2. 507 RPD=2. 100
s 9
2
2 6 6
=3 3
id -
0L “e of -
0 3 6 9 12 15 0 3 6 9 12 15
15 IST-TBI g Measured
R%=0, 823 z
12} RMSE=1.516 .
- RPD=2. 387
[}
© Fitting line
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=3
of -~
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Figure 5. Fitting plots of AGB optimal model for foxtail millet. (The figure shows the fitting
plots of the AGB optimal models for foxtail millet. The abscissa represents the measured values,
and the ordinate represents the predicted values. The curves of different colors represent the
fitting situations of the 1ST - PLS model based on the full spectrum, the 1ST - SPA - PLS model
based on characteristic wavelengths, and the 1ST - TBI model based on optimized spectral
indices)
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Discussion

In crop - related research, the accuracy of research results is highly dependent on the
pre - treatment methods. The methods used in this study, such as SNV, MSC, and 1ST,
have been widely applied and validated in relevant fields. Rinnan et al. (2009) indicated
that MSC and SNV can effectively enhance the signal - to - noise ratio of spectral data
and eliminate the interference of the medium on the spectral curve during the light
propagation process. Yang et al. (2022) and Yan et al. (2023) compared multiple
pretreatment methods and concluded that the model constructed after 1ST pretreatment
had a relatively high accuracy, which is consistent with the conclusion of this study.

This study, based on preprocessing the original spectral reflectance of foxtail millet
AGB, explored the capabilities of optimized spectral indices, characteristic wavelength
methods, and full-spectrum methods in monitoring foxtail millet AGB. The study found
that besides the spectral reflectance after 1ST preprocessing, the best spectral indices from
combinations of dual-band optimized using raw, SNV, and MSC preprocessed spectral
reflectances were all around 760 nm. Similarly, characteristic wavelengths selected using
SPA also included wavelengths around 760 nm. Previous research, such as that by Cao et
al. (2022), which studied the optimal vegetation index and appropriate bandwidth for
monitoring the above-ground biomass of peanuts, showed that the Normalized Red Edge
Index (NDRE) (A790, A720) had high monitoring accuracy. Hansen et al. (2003) used the
Normalized Difference Vegetation Index (NDVI) and Partial Least Squares (PLS) for
estimating the above-ground biomass of wheat, found that NDVI had a high correlation
with biomass in the central wavelength range of 680—750 nm.

Among the dual-band spectral indices, the 1ST-DSI (537, 684) showed the highest
correlation with foxtail millet AGB, with a correlation coefficient of 0.824, Wang et al.
(2024) pointed out the vegetation index DVI has the highest correlation with the biomass
throughout the entire growth period of rice, which is consistent with the conclusion of
this study. In the three-band spectral indices, the 1ST-TB1 (451, 626, 697) had the highest
correlation with foxtail millet AGB, with a correlation coefficient of 0.863, the optimized
three-band algorithm is an attractive tool for optimizing and identifying central bands (Li
et al., 2021a). The three-band spectral indices showed significantly higher correlation
with foxtail millet AGB compared to the dual-band indices, indicating that three-band
indices can more fully utilize spectral information and mitigate the saturation issues of
dual-band indices (Zhang et al., 2022). The accuracy of the three types of foxtail millet
AGB monitoring models built showed that models based on 1ST-preprocessed spectral
reflectance had significantly improved accuracy compared to those based on raw spectral
reflectance. This improvement could be due to the reduction or elimination of spectral
noise affecting the spectral reflectance of the foxtail millet canopy, achieved through 1ST
preprocessing. Previous studies in crop growth spectral monitoring also demonstrated that
1ST is an effective method to eliminate spectral noise (Gao et al., 2020; Tong et al., 2022).
This study further confirms that 1ST is an effective method for processing hyperspectral
data, contributing significantly to the improved accuracy of foxtail millet AGB
monitoring models.

Moreover, this research determined that the optimal model for monitoring foxtail
millet AGB was the 1ST-PLS (R*=0.834; RMSE=1.443 t/hm?; RPD=2.507), which has
high accuracy in monitoring plant biomass (Liu et al., 2021, 2022; ElHendawy et al.,
2022). However, the 1ST-TB1 model built using optimized spectral indices also showed
high accuracy (R?=0.823; RMSE=1.516 t/hm?; RPD=2.387). Compared to the 1ST-PLS
monitoring model, although the accuracy of the 1ST-TB1 model was slightly lower, the

APPLIED ECOLOGY AND ENVIRONMENTAL RESEARCH 23(2):3757-3771.
http://www.aloki.hu @ ISSN 1589 1623 (Print) @ ISSN1785 0037 (Online)
DOI: http://dx.doi.org/10.15666/acer/2302_ 37573771
© 2025, ALOKI Kft., Budapest, Hungary



Qiao et al.: Research on hyperspectral monitoring of foxtail millet biomass
-3768 -

full spectrum model is more complex, using up to 900 wavelengths, while the 1ST-TBI1
model used only three wavelengths. Therefore, considering the complexity of the models,
the 1ST-TB1 model demonstrates an outstanding phenotype. The 1ST-TB1 index and
IST-PLS model highlight the potential of hyperspectral technology to mitigate spectral
saturation and environmental noise, offering scalable solutions for diverse crops. Their
integration into UAV or satellite-based systems could revolutionize large-scale biomass
monitoring, particularly in resource-limited regions where foxtail millet is a staple crop.
In this study, the foxtail millet AGB monitoring model built using the characteristic
wavelength method achieved the highest R? of 0.790. In contrast, the model built using
the full spectrum achieved the highest R? of 0.852, indicating that the characteristic
wavelengths selected by SPA did not contain all effective information of foxtail millet
AGB. Considering that too many wavelengths might also lead to redundancy and
increased complexity of the models, developing hyperspectral models for agriculture,
future research should balance wavelength selection to avoid redundancy and simplify
models for field deployment. Next, integrate UAV - based systems and validate across
diverse zones. Also, incorporate multi - temporal data and machine learning to mitigate
environmental impacts for more accurate models, in previous research on constructing
crop biomass monitoring models, different models have demonstrated diverse advantages.
Some studies have indicated that the Random Forest (RF) (Xian et al., 2024; Dong et al.,
2024b) model performs optimally, while others have pointed out that the Convolutional
Neural Network (CNN) (Zhou et al., 2024) exhibits higher accuracy. Based on this, to
effectively improve the monitoring accuracy of foxtail millet biomass, it is necessary to
comprehensively apply multiple machine learning methods.

This technology can accurately acquire real - time information on the growth of foxtail
millet, enabling the fine - grained management of water and fertilizer resources. It
effectively prevents resource waste and environmental pollution, thereby enhancing the
resilience of the agricultural system in the face of climate change and providing strong
support for the development of global sustainable agriculture.

Conclusion

The 1ST-PLS model built on the full spectrum could accurately monitor foxtail millet
AGB (R?=0.834; RMSE=1.443 t/hm?; RPD=2.507). This achievement can contribute to
precision agriculture, enabling accurate understanding of foxtail millet growth conditions.
It provides a scientific basis for rational resource allocation and determination of harvest
time, thus enhancing agricultural production efficiency.
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