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Abstract
[Objective/Significance] To achieve non-destructive monitoring of crop growth
status such as drought stress in corn, this study explores a non-destructive de-
tection method for chlorophyll content and water content in corn leaves under
drought stress based on hyperspectral technology. [Methods] First, a hyper-
spectral camera was used to collect images of seedling-stage corn leaves under
different drought stress levels, and image processing techniques were employed
to extract the average spectrum of the mesophyll portion. By systematically an-
alyzing the effects of different characteristic wavelength extraction methods and
machine learning regression models on the prediction performance of chlorophyll
content and water content, optimal inversion models for chlorophyll content and
water content were established respectively, and the construction of vegetation
coefficients applicable to the inversion of chlorophyll content and water con-
tent was investigated and their inversion capability was evaluated. [Results
and Discussion] Combining Stepwise Regression (SR) feature extraction with
Stacking regression achieved the optimal prediction effect for chlorophyll con-
tent (R2 of 0.878, root mean square error of 0.317 mg/g); combining Succes-
sive Projections Algorithm (SPA) feature extraction with Stacking regression
achieved the optimal prediction effect for water content (R2 of 0.859, RMSE of
3.75%); the newly constructed Normalized Difference Vegetation Index [(R410-
R559)/(R410+R559)] and ratio coefficient (R400/R1171) achieved the highest
inversion accuracy for chlorophyll content and water content respectively, sig-
nificantly higher than traditional vegetation coefficients, with R2 values of 0.803
and 0.827 respectively, and root mean square errors of 0.403 mg/g and 3.28%
respectively. [Conclusion] The inversion models and vegetation coefficients con-
structed in this study based on hyperspectral information can achieve accurate
and non-destructive detection of chlorophyll content and water content in corn

chinarxiv.org/items/chinaxiv-202312.00036 Machine Translation

https://chinarxiv.org/items/chinaxiv-202312.00036
https://chinarxiv.org/items/chinaxiv-202312.00036


leaves, providing theoretical basis and technical support for real-time monitor-
ing of corn growth status.
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Abstract

[Objectives] To achieve non-destructive monitoring of crop growth status such
as drought stress in maize, this study explores a non-destructive detection
method for maize leaf chlorophyll content and water content under drought
stress based on hyperspectral technology. [Methods] First, hyperspectral cam-
eras were used to collect images of maize leaves at the seedling stage under
different drought stress levels, and image processing techniques were employed
to extract the average spectrum of the leaf mesophyll region. By systematically
analyzing the effects of different characteristic wavelength extraction methods
and machine learning regression models on the prediction performance of chloro-
phyll content and water content, optimal inversion models were established for
each parameter. Additionally, this study investigated the construction of veg-
etation indices for chlorophyll and water content inversion and evaluated their
performance. [Results and Discussion] Combining stepwise regression (SR)
feature extraction with Stacking regression yielded optimal chlorophyll content
prediction performance (R2 of 0.878, RMSE of 0.317 mg/g). Combining suc-
cessive projections algorithm (SPA) feature extraction with Stacking regression
achieved optimal water content prediction performance (R2 of 0.859, RMSE of
3.75%). The newly constructed normalized difference vegetation index [(R410-
R559)/(R410+R559)] and ratio index (R400/R1171) achieved the highest inversion
accuracy for chlorophyll and water content, respectively, significantly outper-
forming traditional vegetation indices with R2 values of 0.803 and 0.827, and
RMSE values of 0.403 mg/g and 3.28%. [Conclusions] The inversion models
and vegetation indices constructed in this study enable accurate, non-destructive
detection of maize leaf chlorophyll and water content, providing theoretical basis
and technical support for real-time monitoring of maize growth status.
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1. Introduction

Drought stress during the seedling stage of maize (Zea mays L.) severely affects
crop quality and yield [?]. Rapid diagnosis of drought stress severity is a prereq-
uisite for timely implementation of mitigation measures. Although traditional
methods such as field surveys of crop appearance and detection of biological
indicators can accurately assess crop growth status, they require substantial la-
bor and material resources and are unsuitable for large-scale online monitoring
of drought stress [?, ?]. Chlorophyll content and water content in maize leaves
are important physiological indicators that reflect the degree of drought stress.
Therefore, rapid and non-destructive detection of these parameters promises to
enable large-scale online monitoring of drought stress in maize fields for precision
agriculture, thereby safeguarding maize quality and yield.

Hyperspectral imaging technology emerged in the 1990s, combining spectral and
imaging techniques to offer advantages of broad band coverage, complete spatial
information, and integrated spectral-spatial data. This technology enables rapid,
non-destructive detection of both external characteristics and internal composi-
tion of objects. Currently, extensive research on crop physiological information
inversion based on hyperspectral imaging technology has been conducted both
domestically and internationally. Some studies have collected hyperspectral im-
ages of leaves in the laboratory, extracted average spectra from leaf regions, and
established physiological information inversion models after preprocessing and
feature extraction. For example, Sun et al. [?] compared different preprocessing
methods and established a detection model for nitrogen content in lettuce leaves
using Partial Least Squares Regression (PLSR). Gao et al. [?] used correlation
analysis and the random frog algorithm to extract characteristic bands, then
employed PLSR to build a maize chlorophyll content estimation model. Other
studies have used portable, vehicle-mounted, or UAV-based hyperspectral plat-
forms to collect images at the plant or field scale for establishing population
nutrient prediction models. For instance, Tan et al. [?] used a UAV platform
to capture images of wheat under nitrogen stress at different growth stages, ex-
tracted spectral features by fusing Support Vector Regression with swarm opti-
mization algorithms, and constructed a nitrogen content prediction model based
on PLSR. Shu et al. [?] constructed and compared multiple vegetation indices
for assessing water status in maize plants. However, most existing methods em-
ploy specific preprocessing and modeling approaches to build crop physiological
information inversion models, while systematic and comprehensive comparative
analyses of different preprocessing, feature extraction, and modeling methods
and their combinations are relatively scarce, particularly for systematic anal-
ysis of physiological information inversion methods for maize seedlings under
drought stress.
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This study focuses on maize plants under drought stress, systematically analyz-
ing the effects of different preprocessing methods, characteristic band extraction
methods, and regression models on the prediction performance of water content
and chlorophyll content. The objectives are to establish optimal inversion mod-
els for leaf chlorophyll and water content based on hyperspectral imaging tech-
nology, construct vegetation indices applicable to chlorophyll and water content
inversion, and evaluate their performance. This research can provide technical
support for rapid acquisition of maize growth information, aiming to achieve
refined management of maize cultivation and improve yield and quality.

2. Materials and Methods

2.1 Experimental Design and Sample Collection The experiment was
conducted in September 2022 in a greenhouse at the College of Agriculture,
Guangxi University. The maize variety was “Zaoshengnuoyu 808.”Drought
stress treatment was applied to maize plants at the seedling stage (four-leaf
stage). Four drought gradients were established: normal water treatment
[(75$±2)±2)±2)±2)×4×4×3×$2 = 288 maize leaf samples were collected.

2.2 Hyperspectral Image Acquisition The hyperspectral imaging system
used in this study consisted of two push-broom hyperspectral cameras (Specim
FX10 and Specim FX17, Spectral Imaging Ltd., Oulu, Finland) with parallel
light sources, a camera scanning motion control system, and a computer (Fig. 1
[Figure 1: see original paper]). The main technical parameters of the hyperspec-
tral cameras are shown in Table 1 . Before image acquisition, standard white
and black reference panels were used for calibration. Image acquisition was
performed in a dark environment (ambient illuminance <5 lux) with consistent
lighting conditions maintained throughout the process. Each leaf sample was
placed in a sample holder with a black background, and the camera was driven
by a motor to scan at constant speed to collect hyperspectral images. The
400-1000 nm band from the FX10 camera and the 1000-1700 nm band from
the FX17 camera were extracted and co-registered through post-processing to
form a single hyperspectral image, generating a total of 288 maize leaf spectral
images.

2.3 Measurement of Chlorophyll and Water Content After hyperspec-
tral image acquisition, chlorophyll a and b contents in the leaves were measured
using standard methods [?]. For each leaf, 0.1 g of tissue was quickly cut from
the area avoiding leaf veins, crushed, and placed in a test tube containing 25 mL
of extraction solution (acetone and anhydrous ethanol at a 2:1 volume ratio).
The tubes were placed in a dark cabinet for 24 hours to allow chlorophyll extrac-
tion and separation. After the leaves turned completely white, the extraction
solution was transferred to a cuvette and measured using a spectrophotometer
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(UV-1800, Shimadzu Corporation, Kyoto, Japan) to determine absorbance at
663 nm and 645 nm. Chlorophyll content was calculated using equations (1)-(3):

𝐶𝑎 = 12.72𝐴663 − 2.59𝐴645

𝐶𝑏 = 22.88𝐴645 − 4.67𝐴663

𝐶 = 𝐶𝑎 + 𝐶𝑏 = 20.29𝐴645 + 8.05𝐴663

where 𝐴663 and 𝐴645 are the absorbance values of the extraction solution at 663
nm and 645 nm, respectively; 𝐶𝑎 and 𝐶𝑏 are the contents of chlorophyll a and
b in the solution (mg/L); and 𝐶 is the total chlorophyll content in the solution
(mg/L).

The chlorophyll content in the solution was converted to leaf chlorophyll content
𝐶ℎ𝑙 (mg/g) using equation (4):

𝐶ℎ𝑙 = 𝑉 × 𝐶
1000 × 𝑚

where 𝑉 is the volume of extraction solution (L) and 𝑚 is the leaf mass (mg).

For water content measurement, leaf veins were removed and the fresh weight
(𝑊𝐹 ) of the leaf was measured using an electronic balance. The leaf was then
placed in distilled water for 2 hours to reach full turgor, removed, blotted dry,
and weighed again to obtain the saturated weight (𝑊𝑆). Finally, the leaf was
placed in an oven at 105°C for 0.5 hours to deactivate enzymes, then dried at
80°C to constant weight to obtain the dry weight (𝑊𝐷). Leaf (relative) water
content (LWC) was calculated using equation (5):

𝐿𝑊𝐶 = 𝑊𝐹 − 𝑊𝐷
𝑊𝑆 − 𝑊𝐷

× 100%

2.4 Data Processing Methods The spectra of leaf mesophyll, veins, and
background regions in the collected hyperspectral images showed significant dif-
ferences (Fig. 2 [Figure 2: see original paper]). The background spectra had
overall reflectance below 0.1. The mesophyll spectra exhibited typical plant char-
acteristics with green peaks, red valleys, and red-edge features. Vein reflectance
was higher than mesophyll in the 400-1300 nm range but lower in the 1300-1700
nm range. Since chlorophyll content in leaf veins is very low, this study per-
formed segmentation of hyperspectral images to remove veins and background,
retaining only the mesophyll region for spectral information extraction.
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Significant spectral reflectance differences among background, mesophyll, and
veins were concentrated at 550 nm and 1100 nm bands. Therefore, when ex-
tracting reflectance images at these two bands, the Otsu method was used to
segment veins, mesophyll, and background, preserving the mesophyll region (Fig.
2(c)), from which pixels were extracted and the average mesophyll spectrum was
calculated.

This study adopted an algorithm framework of “preprocessing - feature ex-
traction - machine learning inversion”(Fig. 3 [Figure 3: see original paper]).
First, spectral preprocessing was applied to eliminate noise caused by environ-
mental and instrumental factors and highlight useful spectral information. The
preprocessing methods analyzed included Savitzky-Golay smoothing (SG) [?],
Multiplicative Scatter Correction (MSC) [?], Standard Normal Variate (SNV)
[?], First Derivative (FD), and Second Derivative (SD).

Second, feature extraction and dimensionality reduction were performed on
preprocessed spectra to reduce redundant information and prevent overfitting.
Spectral dimensionality reduction and feature extraction methods included char-
acteristic wavelength extraction and vegetation index methods. Characteris-
tic wavelength extraction methods comprised Successive Projections Algorithm
(SPA) [?], Pearson correlation coefficient method, Random Forest (RF), and
Stepwise Regression (SR). Vegetation indices (VI) are linear or nonlinear com-
binations of reflectance at specific bands. This study analyzed the inversion
capability of traditional vegetation indices (Table 2 ) for chlorophyll and water
content, and re-adjusted the bands of several commonly used vegetation indices
(Table 3 ) to construct new vegetation indices, including Difference Index (DI),
Ratio Index (RI), and Normalized Difference Vegetation Index (NDVI), whose
inversion capabilities were evaluated.

Subsequently, machine learning techniques were used to construct chlorophyll
and water content inversion models. Machine learning methods included PLSR,
Artificial Neural Network (ANN), Support Vector Regression (SVR), K-nearest
Neighbor (KNN), and Stacking. The Stacking model used ANN, SVR, KNN,
and linear regressors as base learners.

Finally, by systematically comparing the performance of different preprocessing
methods, dimensionality reduction methods, and machine learning models, the
optimal inversion models for chlorophyll and water content were selected. In this
study, 70% of the spectral sample data (202 samples) were randomly selected as
the training dataset for comparing different preprocessing and feature extraction
methods and training inversion models; the remaining 30% (86 samples) served
as the testing dataset for evaluating model performance. Model performance
evaluation metrics included coefficient of determination (R2) and Root Mean
Squared Error (RMSE).
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3. Results and Discussion

3.1 Spectral Characteristics and Trends of Maize Leaves Under Dif-
ferent Drought Stress Levels Stressed and non-stressed leaves exhibited
different spectral characteristics (Fig. 4 [Figure 4: see original paper]), with
leaf reflectance in the 400-1700 nm range gradually increasing as drought stress
severity intensified, though the overall spectral curve trend remained consistent.
The plant physiological explanations for this phenomenon can be discussed by
wavelength range: reflectance in the 400-750 nm range is affected by chloro-
phyll absorption, and drought stress causes chlorophyll degradation, reducing
leaf chlorophyll content; reflectance in the 750-1350 nm range is primarily influ-
enced by internal leaf structure, which is damaged by drought stress; reflectance
in the 1350-1700 nm range is affected by water absorption, and drought stress
reduces leaf water content.

3.2 Performance Comparison of Different Spectral Preprocessing
Methods Nine preprocessing algorithms were applied to the spectral data:
SG, MSC, SNV, FD, SD, SG+MSC, SG+SNV, SG+FD, and SG+SD (Fig. 5
[Figure 5: see original paper]). The SG-smoothed spectral curves showed little
difference from the original spectra, as the extracted spectra were averages
of the mesophyll region with minimal noise. MSC and SNV normalization
made the spectral distributions more concentrated. FD and SD differential
processing significantly increased the number of absorption peaks.

To evaluate preprocessing performance, the original and nine preprocessed spec-
tral datasets were used as inputs for PLSR, with chlorophyll and water content
as outputs. Five-fold cross-validation was used to determine the optimal number
of principal components, and the validation set was used to evaluate prediction
performance to identify the optimal preprocessing method (Table 4 ). SG+MSC
preprocessing achieved the best performance for chlorophyll content prediction,
while original spectral data performed best for water content prediction. There-
fore, in subsequent model development, SG+MSC preprocessed spectra were
used for chlorophyll inversion, and original spectra were used for water content
inversion.

3.3 Construction of Inversion Models Based on Characteristic Wave-
lengths

3.3.1 Analysis of Characteristic Wavelength Extraction Results The
characteristic bands selected by different extraction methods are shown in Fig.
6 [Figure 6: see original paper] and Fig. 7 [Figure 7: see original paper]. The
SPA algorithm determined the number of characteristic wavelengths based on
the minimum RMSE. For chlorophyll inversion, 15 characteristic wavelengths
were extracted and distributed across the entire spectral range (Fig. 6(a));
for water content inversion, 16 characteristic wavelengths were extracted and
concentrated in wavelengths greater than 900 nm (Fig. 7(a)).
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The Pearson correlation coefficient method calculated correlation coefficients
between reflectance at each wavelength and chlorophyll/water content, sorting
wavelengths by absolute correlation value. Different numbers of wavelengths
were sequentially selected and combined with linear regression to establish in-
version models for evaluating the optimal number of characteristic wavelengths.
The top 25 wavelengths with highest absolute correlation coefficients were se-
lected for chlorophyll inversion (Fig. 6(b)), and the top 35 wavelengths were
selected for water content inversion (Fig. 7(b)).

The RF algorithm calculated the Gini coefficient [?] for each wavelength to char-
acterize variable importance for chlorophyll and water content inversion. For
both parameters, wavelengths with higher Gini coefficients were concentrated in
the 400-800 nm range for chlorophyll and 800-1300 nm range for water content.
Different numbers of wavelengths were sequentially selected and combined with
linear regression to evaluate the optimal number. The top 20 wavelengths with
highest Gini coefficients were selected for chlorophyll inversion (Fig. 6(c)), and
the top 25 wavelengths were selected for water content inversion (Fig. 7(c)).

The SR algorithm selected 9 characteristic wavelengths distributed across the
entire spectral range for chlorophyll inversion (Fig. 6(d)), and 13 characteristic
wavelengths concentrated near 1300 nm for water content inversion (Fig. 7(d)).

3.3.2 Performance Analysis of Inversion Models Based on Charac-
teristic Wavelengths To compare the effects of different characteristic band
extraction methods and regression methods on inversion performance, five vari-
able sets (characteristic wavelengths extracted by SPA, correlation coefficient,
RF, and SR methods, plus full wavelengths) were used as inputs for four regres-
sion methods (ANN, SVR, KNN, and Stacking), with chlorophyll and water
content as outputs, resulting in 20 models each. Stacking used ANN, SVR,
KNN, and linear regressors as base learners. Five-fold cross-validation deter-
mined optimal parameters, and the testing set evaluated model performance to
identify the optimal inversion methods.

For chlorophyll content prediction (Table 5 ), the SR-Stacking model achieved
optimal performance with testing set R2 of 0.878 and RMSE of 0.317 mg/g
(Fig. 8 [Figure 8: see original paper]). Compared with the full-band Stacking
model, SR-Stacking improved R2 by 2.90%, reduced RMSE by 0.036 mg/g, and
decreased input variables from 1301 to 9 (a 99.31% reduction), demonstrating
that SR effectively extracts characteristic wavelengths and removes redundant
information to improve prediction performance.

For water content prediction (Table 6 ), the SPA-Stacking model achieved op-
timal performance with testing set R2 of 0.859 and RMSE of 3.75% (Fig. 9
[Figure 9: see original paper]). Compared with the full-band Stacking model,
SPA-Stacking increased R2 by 0.2%, reduced RMSE by 0.03%, and decreased in-
put variables from 1301 to 16 (a 98.77% reduction), proving that SPA effectively
extracts characteristic wavelengths for water content prediction.
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3.4 Construction of Inversion Models Based on Vegetation Indices
Traditional vegetation indices were constructed using preprocessed spectral data
(Table 2 ), and linear regression models were established for chlorophyll and wa-
ter content inversion. The prediction performance of each traditional vegetation
index is shown in Table 7 . All linear regression models based on traditional
vegetation indices had R2 values below 0.5, indicating poor prediction perfor-
mance.

Therefore, the feasibility of reselecting wavelengths from traditional vegetation
indices to construct new vegetation indices was explored. For new vegetation
index construction, all possible two-wavelength combinations in the 400-1700
nm range were used to calculate Difference Index (DI), Ratio Index (RI), and
Normalized Difference Vegetation Index (NDVI) according to the formulas in
Table 3 . The correlations between these indices and chlorophyll/water content
were then analyzed (Fig. 10 [Figure 10: see original paper]). For chlorophyll,
the bands used to calculate vegetation indices were in the visible range, while
for water content, bands from both visible and near-infrared ranges were used.
Finally, the wavelength combinations with the highest absolute correlation co-
efficients were selected to construct new vegetation indices (Table 8 ).

The newly constructed vegetation indices were used to establish linear regres-
sion inversion models for chlorophyll and water content. Results showed that
prediction performance improved significantly compared to traditional vegeta-
tion indices. For chlorophyll inversion, the NDVI (410, 559) model achieved the
highest accuracy with R2 of 0.803 and RMSE of 0.403 mg/g. For water content
inversion, the RI (400, 1171) model achieved the highest accuracy with R2 of
0.827 and RMSE of 3.28% (Table 9 ).

3.5 Visualization of Maize Leaf Physiological Information This study
used the 9 characteristic wavelengths selected by SR and the SR-Stacking model
to visualize leaf chlorophyll content, and the 16 characteristic wavelengths se-
lected by SPA and the SPA-Stacking model to visualize water content. By ana-
lyzing each pixel in the mesophyll region of hyperspectral images, the reflectance
at the 9 characteristic wavelengths was input to the SR-Stacking model to output
chlorophyll content for each pixel, and the reflectance at the 16 characteristic
wavelengths was input to the SPA-Stacking model to output water content for
each pixel. Distribution maps of leaf chlorophyll and water content were then
constructed (Fig. 11 [Figure 11: see original paper]). The results demonstrated
that visualization of leaf physiological parameters can reveal detailed and in-
tuitive differences in physiological parameters between different regions of the
same leaf, which can be applied to maize growth monitoring, disease detection,
and plant breeding research.
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4. Conclusion

This study investigated rapid, non-destructive detection methods for leaf physio-
logical information (chlorophyll and water content) under drought stress and vi-
sualization techniques for leaf physiological parameter distribution, using maize
seedlings as the research object. First, a hyperspectral image segmentation al-
gorithm based on image processing technology was developed to extract the
mesophyll region and average reflectance spectra, eliminating interference from
background and leaf veins. Second, by systematically analyzing the effects of
different characteristic wavelength extraction methods and machine learning re-
gression models on prediction performance, optimal inversion models for chloro-
phyll and water content were established. Finally, the construction of vegeta-
tion indices for chlorophyll and water content inversion was explored and their
performance was evaluated.

The results demonstrate that spectral technology can achieve accurate and rapid
detection of physiological parameters in drought-stressed maize leaves. For
chlorophyll detection, optimal performance was achieved using SG+MSC pre-
processing, SR feature extraction, and Stacking modeling. For water content
detection, optimal performance was achieved using original spectra, SPA fea-
ture extraction, and Stacking modeling. This research provides methodological
and technical support for early warning of drought and nutrient stress in maize.
However, a limitation of this study is that spectral data were collected indoors.
Considering that field environments are often more complex, future work will
apply transfer learning to improve model generalization across different envi-
ronments, aiming to develop a field-based online monitoring system for drought
and nutrient stress in smart agriculture.
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