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Abstract
Frequent waterlogging stress in winter wheat not only severely compromises re-
gional food security and ecological security, but also threatens socioeconomic
stability and sustainable development. To identify waterlogging stress in win-
ter wheat and discriminate its severity, this study established a pot experiment
with waterlogging stress gradients, employing an ASD FieldSpec spectrometer
and a Gaiasky-mini2 push-broom imaging spectrometer to acquire leaf- and
canopy-level hyperspectral data, respectively. Integrating vegetation indices,
normalized mean distance, and spectral differential difference information en-
tropy, we monitored the occurrence of waterlogging stress and discriminated
its severity in winter wheat. Experimental results demonstrated that the Sim-
ple Ratio Pigment Index (SRPI) is the optimal vegetation index for identify-
ing waterlogging-stressed winter wheat. The red light absorption valley (RW:
640~680 nm) represents the optimal waveband for discriminating waterlogging
stress severity in winter wheat. Within the RW waveband, spectral differential
difference information entropy at the heading, flowering, and grain-filling stages
can effectively discriminate waterlogging stress severity, with greater stress lev-
els corresponding to larger entropy values. This study provides a novel method
for waterlogging stress monitoring and exhibits promising application prospects
in the precise prevention and control of waterlogging stress.
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Abstract

The frequent occurrence of waterlogging stress in winter wheat not only seriously
affects regional food security and ecological security, but also threatens social
and economic stability and sustainable development. To identify waterlogging
stress and discriminate its severity in winter wheat, this study established a
waterlogging stress gradient pot experiment using winter wheat. Hyperspectral
data of leaves and canopy were measured using a Gaiasky-mini2 push-broom
imaging spectrometer. Combined with vegetation indices, normalized mean dis-
tance, and spectral derivative difference entropy methods, the study monitored
whether winter wheat suffered from waterlogging stress and discriminated the
stress level. Experimental results demonstrated that the Simple Ratio Pigment
Index (SRPI) is the optimal vegetation index for identifying waterlogged win-
ter wheat. The red light absorption valley (RW: 640–680 nm) is the optimal
band for identifying waterlogging stress severity in winter wheat. Within this
band, the spectral derivative difference entropy at the heading, flowering, and
filling stages can discriminate waterlogging stress levels—the greater the stress
level, the larger the spectral derivative difference entropy. This study provides
a novel method for waterlogging stress monitoring with promising application
prospects for precise prevention and control of waterlogging stress.

Keywords: hyperspectral remote sensing; waterlogging stress; vegetation in-
dex; spectral derivative difference entropy; winter wheat

1. Introduction
Agricultural production is highly dependent on climatic conditions. As one of
the major natural disasters, waterlogging disasters are becoming a significant
factor restricting crop growth. Waterlogging is a chronic disaster phenomenon
that is difficult to monitor. Traditional monitoring methods mainly involve
detecting soil moisture and water status within crops, but these suffer from
high labor intensity and untimely observations. Hyperspectral remote sensing,
being information-rich and non-destructive, provides a non-invasive, real-time,
and reliable method for monitoring waterlogging stress. Early monitoring of
waterlogging stress to provide timely information on vegetation conditions is
crucial for developing precise production management plans.

Current research on hyperspectral remote sensing for monitoring crop environ-
mental stress primarily focuses on heavy metal stress and disease stress. Liu et
al. [?] diagnosed lead pollution stress levels in rice based on the fractal dimension
of high-frequency spectral components, demonstrating that combining wavelet
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transform, fractal analysis, and fuzzy mathematics can effectively extract, mea-
sure, and model weak spectral information for monitoring heavy metal stress.
Zhang et al. [?] found that the mean and standard deviation of canopy-air tem-
perature difference distribution were good indicators for discriminating heavy
metal stress levels in rice. Li et al. [?] utilized the complementary characteris-
tics of multi-source remote sensing data, fusing hyperspectral and radar remote
sensing to monitor heavy metal stress in paddy fields. Yang et al. [?] discovered
that a quadratic curve model based on the 785 nm band effectively inverted the
severity of sooty mold disease in tobacco leaves. Stefan et al. [?] quantified bar-
ley powdery mildew symptoms through hyperspectral imaging combined with
simplex volume maximization and support vector machines, enabling accurate
assessment of disease severity across all cultivars on each measurement day. Gui
et al. [?] proposed a method combining convolutional neural networks and sup-
port vector machines to detect early soybean mosaic virus disease, achieving
high model recognition accuracy.

Other studies have focused on discriminating freezing stress, dust stress, drought
stress, and salt stress. Wang et al. [?] constructed a winter wheat freeze sever-
ity inversion model using principal component analysis, achieving highly sig-
nificant results. Liang et al. [?] designed a dust stress normalized index com-
bined with random forest classification algorithms to predict dust stress levels
in wheat leaves with high accuracy. Zhang and Zhou [?] found that the green
chlorophyll index, red-edge chlorophyll index, and red-edge normalized differ-
ence index were most sensitive to changes in canopy water content and mean
leaf equivalent water thickness based on drought stress gradient experiments.
Miguel et al. [?] established salinity effect monitoring models based on principal
component analysis and an index calculating second derivative approximations
in the red-edge region, finding both could effectively monitor salt stress levels,
though the index-based model was simpler.

Research on crop waterlogging stress has primarily focused on detecting sin-
gle waterlogging events, establishing physiological and biochemical parameter
inversion models under waterlogging stress [?], and distinguishing different en-
vironmental stresses, with fewer studies on discriminating waterlogging stress
severity. Xiong et al. [?] recommended using mean differences in the 670–2400
nm spectral band to reflect wheat waterlogging conditions. Xia et al. [?] com-
bined quadratic discriminant analysis, K-nearest neighbor, and support vector
machine methods, finding hyperspectral imaging feasible for detecting waterlog-
ging stress in oilseed rape. Zhao et al. [?] detected cotton waterlogging stress
based on hyperspectral images and convolutional neural networks. Gao et al. [?]
established a SPAD value estimation model for waterlogged winter wheat based
on correlation analysis and neural network methods using hyperspectral and
digital image characteristic indices. Emengini et al. [?] found that combining
hyperspectral and thermal infrared remote sensing could potentially distinguish
oil pollution and waterlogging stress.

Original vegetation spectra are susceptible to noise, soil background informa-
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tion, and other factors during acquisition. Waterlogging stress has a weak effect
on crop spectra that is difficult to detect. Spectral differentiation can reduce the
influence of background information on original spectral signals, and calculat-
ing differences between different curve spectral derivatives can further reduce
spectral noise effects [?]. Therefore, vegetation indices and normalized mean
distance can be combined to identify waterlogged winter wheat, and spectral
derivative difference entropy can be used to discriminate waterlogging stress
severity.

This study focuses on the Jiangsu Province Yangzhou City region in the middle
and lower reaches of the Yangtze River. Based on pot experiments, different
gradient waterlogging stress treatments were applied to winter wheat at the
jointing stage. Using leaf spectra and canopy hyperspectral imaging data, com-
bined with vegetation indices, normalized mean distance, and spectral derivative
difference entropy methods, this research clarifies the spectral characteristics of
winter wheat leaves and canopy under waterlogging stress to identify water-
logged winter wheat and discriminate stress severity.

2. Materials and Methods
2.1 Experimental Design

The research subjects were winter wheat varieties: Yangfumai 4 (YF4), Jimai 31
(JM31), and Jimai 38 (JM38). The experiment was conducted in a rain shelter
at the Yangzhou University pot experiment station during 2018–2019. Sowing
occurred on November 10, 2018, with a density of 8 holes per pot and 2 seeds
per hole. At the three-leaf-one-heart stage, seedlings were thinned to 8 plants
per pot, totaling 189 pots. Harvest occurred on May 28, 2019. Pots had an
inner bottom diameter of 20 cm, inner top diameter of 28 cm, and height of 29
cm, with an empty pot weight of 0.54 kg. Each pot contained 10 kg of air-dried
light loam soil and 5.28 g of compound fertilizer (N-P-K ratio 15%-15%-15%).
After sowing, 1 kg of soil was used for covering, and 3.52 g of compound fertilizer
was applied as top dressing at the jointing stage.

Waterlogging stress gradient experiments began at the winter wheat jointing
stage (March 15, 2019) using the weighing method to control water. Three fac-
tors were controlled: waterlogging stress level (control CK, slight waterlogging
ML, severe waterlogging SL), stress duration (5 days, 10 days, 15 days), and
wheat variety (YF4, JM31, JM38). The CK treatment maintained soil relative
water content at 70%–80%, ML maintained 85%–90%, and SL retained a sur-
face water layer of approximately 1.5 cm. YF4 was a normal variety, JM31
was highly water-sensitive, and JM38 was water-insensitive. All waterlogging
treatments ended on March 30, 2019, after which equal watering was controlled
until harvest. The experiment comprised 21 treatment groups with 9 replicates
each, totaling 189 observations.
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2.2 Data Collection

Spectral data were collected every 7 days from the first waterlogging day at
the jointing stage, selecting clear and windless weather between 10:00–14:00.
Measurements continued until maturity, with delays on rainy days.

(1) Leaf spectral data. A portable spectroradiometer (FieldSpec3, Analyti-
cal Spectral Devices, USA) measured winter wheat leaf spectral reflectance with
sampling intervals of 1.4 nm (350–1000 nm) and 2 nm (1000–2500 nm), resam-
pled to 1 nm. A self-illuminating handheld leaf clip measured the middle portion
of leaves. Each treatment measured 5 pots with 4 measurements per pot, with
averages used as the leaf spectral reflectance. Standard whiteboard calibration
was performed before measurement and every 30 minutes during measurement.

(2) Canopy spectral data. A Gaiasky-mini2 push-broom imaging spectrom-
eter (Sichuan Shuanglihepu Company) measured winter wheat canopy spectral
reflectance (spectral range 400–1000 nm, sampling interval 4 nm). The spec-
trometer was mounted on a tripod 1 m above the canopy, oriented vertically
downward. Each treatment measured 5 pots, with averages used as canopy
spectral reflectance. Calibration was performed using a standard whiteboard
before measurement. Figure 1 [Figure 1: see original paper] shows the field
data collection setup.

2.3 Methods

2.3.1 Vegetation Indices Vegetation indices integrate relevant spectral sig-
nals, enhancing vegetation information while reducing non-vegetation effects
like soil background, effectively reflecting differences between vegetation and
background. Each index can quantitatively indicate vegetation growth status
under certain conditions. Based on previous research [?, ?], this study selected
vegetation indices potentially reflecting crop water status, as shown in Table 1
.

Table 1. List of vegetation indices

Index Name Formula
Normalized Difference Vegetation Index
(NDVI) [?]

NDVI = (IR - R)/(IR + R)

Structure Insensitive Pigment Index (SIPI)
[?]

SIPI = (R800 - R445)/(R800 +
R680)

Normalized Difference Water Index
(NDWI) [?]

NDWI = (IR - MR)/(IR + MR)

Green Normalized Difference Vegetation
Index (GNDVI) [?]

GNDVI = (R750 - R550)/(R750
+ R550)

Photochemical Reflectance Index (PRI) [?] PRI = (R531 - R570)/(R531 +
R570)

Simple Ratio Pigment Index (SRPI) [?] SRPI = R430/R680
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Note: R𝜆 is reflectance at wavelength 𝜆; R, IR, and MR are average spectral
reflectance in 645–680 nm, 757–817 nm, and 1428–1456 nm bands, respectively.

2.3.2 Normalized Mean Distance The Fisher criterion is an effective fea-
ture selection method where features with strong discriminative performance
exhibit minimal within-class distance and maximal between-class distance. Rel-
ative distance between classes can measure class separability [?], with traditional
distances including Euclidean, Mahalanobis, and Hamming distances [?]. This
study introduced normalized mean distance to quantitatively evaluate vegeta-
tion index capability to identify waterlogged winter wheat, where larger dis-
tances indicate stronger identification ability [?]. Analyzing the relative magni-
tude and variation trends of optimal vegetation indices can determine whether
winter wheat suffers waterlogging stress. The normalized mean distance is cal-
culated as:

𝑑norm = |𝜇1 − 𝜇2|
𝜎1 + 𝜎2

where �1 and �2 are the mean vegetation index values for control and waterlogging
stress treatments, respectively, and 𝜎1 and 𝜎2 are the corresponding standard
deviations.

2.3.3 Spectral Derivative Difference Entropy Information entropy, in-
troduced by Shannon [?] based on thermodynamic entropy concepts, quantifies
information measurement. It can be defined as the probability of discrete ran-
dom events, understood as the information amount needed to eliminate uncer-
tainty—more information is required to eliminate uncertainty for higher entropy,
and vice versa. It also measures system complexity; more complex systems with
more possible states have higher entropy. This study applied information en-
tropy to measure and evaluate waterlogging stress effects on winter wheat and
resulting weak spectral distortions. Based on information entropy definition,
spectral derivative difference entropy was constructed—greater stress levels pro-
duce larger spectral differences and correspondingly larger entropy values [?].
The calculation formulas are [?]:

𝐸SDD = −
𝑝

∑
𝑗=1

𝑝𝑖𝑗 log 𝑝𝑖𝑗

𝑝𝑖𝑗 = (𝑆𝐷𝑖𝑗 − 𝑆𝐷′)2

∑𝑝
𝑗=1(𝑆𝐷𝑖𝑗 − 𝑆𝐷′)2

where i corresponds to spectra under six waterlogging stress levels; j is the
number of bands within a certain range; SD�� is the first-derivative spectral
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value under waterlogging stress; and SD’is the first-derivative spectral value for
normal wheat.

3. Results and Analysis
Leaf spectral data were measured using a handheld leaf clip on the middle por-
tion of winter wheat leaves, unaffected by background information. Canopy
hyperspectral image data included both winter wheat canopy spectra and soil
background information. After radiometric and geometric correction of canopy
hyperspectral images, random forest algorithms were used for batch processing,
with each image classified into four components: winter wheat, pot, grass, and
soil. The confusion matrix yielded overall classification accuracy and kappa co-
efficient of 95.86% and 0.9438, respectively, indicating high accuracy. Classified
winter wheat canopy spectral data were extracted for subsequent analysis.

3.1 Spectral Feature Analysis

Vegetation reflectance spectra are closely related to leaf internal structure, pig-
ment content, and water content. Waterlogging stress induces sensitive changes
in winter wheat physiological characteristics, altering leaf and canopy spectral
reflectance. Waterlogging is a chronic disaster phenomenon caused by long-term
soil moisture effects on vegetation growth with hysteresis, making it difficult to
identify waterlogged winter wheat during the jointing stage when stress occurs.
To enable early identification, spectral reflectance changes were analyzed in the
first growth period after stress—comparing control and waterlogging stress (in-
cluding all slight and severe waterlogging treatments) winter wheat leaf and
canopy spectral reflectance at the heading stage. Averages were calculated,
yielding spectral feature comparison results (Figure 2 [Figure 2: see original
paper]). Control and waterlogging stress sample numbers were 60 and 360 for
leaf spectral data, and 15 and 90 for canopy spectral data, respectively.

Figure 2 shows that after waterlogging stress, winter wheat spectral curves ex-
hibited noticeable changes in the red light absorption valley (RW: 640–680 nm),
red edge (RE: 670–737 nm), near-infrared (NIR: 750–900 nm), 1428–1456 nm,
and 1650–1800 nm bands compared to control wheat. Under waterlogging stress,
reduced absorption near the green peak (550 nm) caused an upward trend in the
green peak due to pigment content effects. Decreased photosynthetic capacity
under waterlogging stress reduced NDVI values, showing higher reflectance in
the RW band and lower reflectance in the NIR band. In the RE band, spectra
showed blue shift or movement toward shorter wavelengths due to chlorophyll
and nitrogen effects [?, ?]. Waterlogging stress delayed root growth, reduced
root hydraulic conductivity, caused leaf water deficit, and decreased leaf wa-
ter potential, which was reflected in the 1428–1456 nm band. The 1650–1800
nm band is located in atmospheric absorption bands, making high-quality field
data difficult to obtain and thus not discussed further. Canopy spectral curves
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showed the same trends as leaf spectra but with more pronounced differences,
likely because waterlogging stress affected not only leaf physiological character-
istics but also crop canopy shape and structure.

3.2 Waterlogging Stress Identification Analysis

To effectively integrate relevant spectral signals while enhancing vegetation in-
formation and reducing non-vegetation effects, six vegetation indices (NDVI,
SIPI, NDWI, GNDVI, PRI, and SRPI) were selected to process winter wheat
leaf spectra from the jointing stage through the entire growth period to identify
waterlogged wheat. To select the optimal index for identifying waterlogging
stress, normalized mean distances between control and waterlogging samples
were calculated using equation (7) and compared to evaluate identification ca-
pability (Table 2 ).

Table 2. Normalized mean distances of PRI and SRPI

Date PRI SRPI
Mar 15, 2019 (pre-stress) 0.28 0.11
Mar 22, 2019 0.31 0.45
Mar 30, 2019 0.42 0.58
Apr 6, 2019 0.38 0.52
Apr 13, 2019 0.35 0.49
Apr 20, 2019 0.33 0.47
Apr 27, 2019 0.36 0.51
May 5, 2019 (maturity) 0.29 0.26

Before waterlogging stress (March 15, 2019), normalized mean distances be-
tween normal and waterlogged winter wheat were 0.11 for SRPI and 0.28 for
PRI—relatively small values indicating weak separability, consistent with Fig-
ure 3 [Figure 3: see original paper]. Subsequently, except at maturity (May 5),
distances for SRPI were greater than PRI for all dates. The maturity exception
likely occurred because winter wheat leaves began senescing, wilting, and yellow-
ing, introducing confounding factors. Therefore, SRPI demonstrated stronger
capability than PRI to distinguish normal from waterlogged winter wheat with
greater sensitivity and stability.

Figure 3 shows that throughout the growth period, NDVI and SIPI showed no
consistent pattern between normal and waterlogged winter wheat, making them
unsuitable for accurate identification. GNDVI and NDWI could identify water-
logged wheat after the jointing stage but showed differences even before stress,
introducing systematic errors that prevented accurate early discrimination. In
contrast, PRI and SRPI could identify waterlogged winter wheat throughout
the entire growth period. Overall, SRPI is the optimal vegetation index for
identifying waterlogged winter wheat.
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3.3 Stress Level Discrimination Analysis

Differences in winter wheat leaf spectra under varying waterlogging stress levels
were minor, making prediction and discrimination difficult. Therefore, this sec-
tion used canopy spectral data under different stress levels. Based on previous
research [?] and the above results, the following band ranges were selected for
analysis: red light absorption valley (RW: 640–680 nm), red edge (RE: 670–737
nm), and near-infrared region (NIR: 750–900 nm). Spectral derivative difference
entropy methods were applied to discriminate waterlogging stress levels.

Based on sections 3.1 and 3.2, winter wheat at the heading, flowering, and fill-
ing stages after waterlogging stress at jointing stage represented the optimal
growth periods for identification, as jointing stage differences were not obvious
(due to stress hysteresis) and maturity stage differences were confounded by leaf
senescence. Canopy spectral data from these three growth periods were differ-
entiated to obtain first-derivative spectra for control and different waterlogging
stress levels. Spectral derivative differences between waterlogging stress and
control groups were calculated for RW, RE, and NIR bands (Figure 4 [Figure
4: see original paper]), and spectral derivative difference entropy was computed
using equations (8) and (9). Results are shown in Table 3 .

Table 3. Spectral derivative difference entropy of winter wheat in
RW, RE, and NIR regions

Treatment RW Band RE Band NIR Band
ML5d 0.677 0.512 0.458
ML10d 0.745 0.498 0.472
ML15d 0.823 0.521 0.465
SL5d 0.789 0.515 0.461
SL10d 0.912 0.519 0.468
SL15d 1.023 0.523 0.471

With the same soil relative water content, waterlogging stress severity increased
with treatment duration; with the same treatment duration, stress severity in-
creased with soil relative water content. Thus, stress severity followed: ML5d
< ML10d < ML15d, SL5d < SL10d < SL15d; and ML5d < SL5d, ML10d <
SL10d, ML15d < SL15d.

After differentiating canopy spectra, background effects on original spectral sig-
nals were reduced. Calculating spectral derivative differences under various
waterlogging treatments further reduced spectral noise and enhanced spectral
differences among stress levels. Figure 4 shows clear differences in spectral
derivative differences among waterlogging stress levels in the RW (640–680 nm),
RE (670–737 nm), and NIR (750–900 nm) bands. Information entropy was
introduced to measure these differences. Table 3 shows that in the RW band,
spectral derivative difference entropy increased with waterlogging stress sever-
ity, from 0.677 for ML5d to 1.023 for SL15d, following the pattern: CK < ML5d
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< ML10d < SL5d < ML15d < SL10d < SL15d. In contrast, RE and NIR bands
showed no consistent patterns. Therefore, spectral derivative difference entropy
in the red light absorption valley (RW: 640–680 nm) can serve as an indicator
for identifying waterlogging stress severity in winter wheat—greater entropy val-
ues indicate more severe waterlogging stress. Previous research indicates the
RW band is more sensitive to pigment content [?, ?], and spectral derivative
difference entropy can reduce spectral noise and background effects.

Since winter wheat varieties showed consistent response characteristics to water-
logging stress and this study’s primary objective was to identify waterlogging
stress indices and severity discrimination indicators, variety differences were not
discussed.

4. Discussion
This study established a waterlogging stress gradient pot experiment to identify
waterlogging stress and discriminate severity by analyzing winter wheat spectral
characteristics. Combining vegetation indices, normalized mean distance, and
spectral derivative difference entropy, waterlogging stress was identified and
severity discriminated. Results provide theoretical significance and practical
application value for precise waterlogging stress prevention and control, offering
references for other environmental stress monitoring studies.

Limitations include differences between pot experiments and actual field con-
ditions and the lack of independent experimental validation. Future research
should increase both pot and field experiments, combined with cross-validation,
to further verify the feasibility of this method for identifying waterlogging stress
and discriminating severity.
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