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A B S T R A C T   

Rapidly and accurately monitoring the physiological and biochemical parameters of grape leaves is the key to 
controlling the quality of wine grapes. In this study, a Pika L hyperspectral imaging system (400–1000 nm) was 
used to acquire hyperspectral image information from grape leaves. New vegetation indices were developed on 
the basis of the screened sensitive wavebands to quantitatively predict changes in these parameters (the leaf 
chlorophyll level (SPAD), leaf nitrogen content (LNC) and chlorophyll fluorescence parameters (ChlF parame-
ters)). The results showed that SPAD reached its maximum at the grape turning stage and declined thereafter. 
The vegetation index (D735 − D573)/(D735 +D573) was able to predict SPAD fairly well (validation dataset R2 =

0.50). LNC reached its maximum at the grape maturity stage. D682/R525 was highly correlated with LNC. Except 
for NPQ, all ChlF parameters showed a decreasing trend from the fruiting to harvesting stages. Among the dark- 
adapted ChlF parameters, FV/Fm had the strongest correlation to the new vegetation index 
(D735 − D544)/(D735 +D544) (modelling dataset R2 

= 0.68), and Fo had the weakest correlation. Among the light- 
adapted ChlF parameters, Y(II) had the strongest correlation to the new vegetation index D676/R571 (validation 
dataset R2 = 0.63); this index also had good predictive power for Fm’ (validation dataset R2 = 0.52) but low 
predictive power for Fo’. All the calculated vegetation indices had weak relationships with NPQ. In addition, this 
study also verified the predictive abilities of vegetation indices developed in previous studies. This study can 
provide a technical basis for the nondestructive monitoring of the physiological and biochemical parameters of 
grape leaves with hyperspectral imaging systems.   

1. Introduction 

In the eastern foothills of the Helan Mountains in Ningxia, China, 
there are large areas of grape cultivation. Precision field management 
can strongly affect grape yield and quality. Near-earth remote sensing 
provides a reliable method of data collection for precision agriculture 
through spectral monitoring (Bramley and Hamilton, 2004; Hong and 
Abd El-Hamid, 2020). Spectral methods allow the timely and effective 
monitoring of canopy and leaf-scale nitrogen levels, chlorophyll, water 
stress, pests and diseases (Basso et al., 2017; Chen et al., 2020; Fageria 
and Baligar, 2005). 

Photosynthesis is an important physiological process in which plants 
convert CO2 and water into organic matter by absorbing solar energy 
and accumulate dry matter and yield components (Reich and 

Amundson, 1985; Zhang et al., 2020b). This process takes chloroplast as 
carrier and completes energy conversion under the action of various 
photosynthetic pigments. This is a multi-stage, extremely complex 
process (comprising a “light phase” and a “dark phase”). The light phase 
of photosynthesis occurs in thylakoids, whereas the dark phase takes 
place in the stroma (Kalaji et al., 2017b). The light phase involves two 
photosystems PSII and PSI, for a detailed explanation of PSII and PSI 
refer to the study by (Ceppi et al., 2012; Golbeck, 2006; Kalaji et al., 
2017b). Plant photosynthesis is closely related to the environment in 
which it grows, its nutritional status and its own characteristics. 
Therefore, the evaluation of crop photosynthesis helps us to timely di-
agnose the possible stress effects and improve the yield and quality 
levels. Chlorophyll fluorescence (ChlF) technology allows rapid and 
non-destructive detection of chlorophyll content and light remission 

* Corresponding author. School of Civil and Hydraulic Engineering, Ningxia University, Yinchuan, Ningxia, 750021, China. 
E-mail addresses: yzf112082@163.com (Z. Yang), slxtjc@163.com (J. Tian), feng_kp@163.com (K. Feng), 1250016088@qq.com (X. Gong), jiabin_327@163.com 

(J. Liu).  

Contents lists available at ScienceDirect 

Plant Physiology and Biochemistry 

journal homepage: www.elsevier.com/locate/plaphy 

https://doi.org/10.1016/j.plaphy.2021.06.015 
Received 25 March 2021; Accepted 11 June 2021   

mailto:yzf112082@163.com
mailto:slxtjc@163.com
mailto:feng_kp@163.com
mailto:1250016088@qq.com
mailto:jiabin_327@163.com
www.sciencedirect.com/science/journal/09819428
https://www.elsevier.com/locate/plaphy
https://doi.org/10.1016/j.plaphy.2021.06.015
https://doi.org/10.1016/j.plaphy.2021.06.015
https://doi.org/10.1016/j.plaphy.2021.06.015
http://crossmark.crossref.org/dialog/?doi=10.1016/j.plaphy.2021.06.015&domain=pdf


Plant Physiology and Biochemistry 166 (2021) 723–737

724

(Kuckenberg et al., 2008) and is used in a wide range of fields such as 
agriculture, plant science and genetic breeding (Kalaji and Guo, 2008; 
Kalaji and Pietkiewicz, 2004; Kuckenberg et al., 2009; Zarco-Tejada 
et al., 2005). 

Solar energy reaching the leaf surface is absorbed by photosynthetic 
pigment molecules (mainly chlorophyll) and chlorophyll a fluorescence 
is the re-emission of light energy absorbed by chlorophyll a molecules 
(Kalaji et al., 2017b). Its intensity is inversely proportional to the frac-
tion of energy used for photosynthesis, so ChlF can be used as a probe of 
photosynthetic activity (Kalaji et al., 2017a). Changes in ChlF intensity 
depend on the photosynthetic activity of the plant (Kautsky and Hirsch, 
1931), and the ChlF state at any point in time represents the response of 
the plant leaves to changes in the growth environment (temperature, 
water status, light intensity) (Johnson et al., 1994; Strasser, 1997; 
Strasser et al., 2000). However, these factors (temperature, water status, 
light intensity) and photo-assimilation is not always easy to interpret as 
several factors can affect photosynthesis (Losciale et al., 2015). The 
pulse amplitude -modulated (PAM) technique for measuring ChlF is 
strongly influenced by PSII status. Therefore, the parameters obtained 
from dark-adapted and light-adapted samples based on ChlF measure-
ments with the PAM technique can provide information to evaluate PSII 
and photosynthesis (Yu et al., 2020). For these reasons efforts have been 
made to relate ChlF parameters, mainly the electron transport rate (ETR) 
form PSII, with actual rates of CO2 assimilation, but C4 and C3 plants 
have some differences (Flexas et al., 2000). PSII is the main stable 
electron receptor in the redox state, and the NPQ process restores 
chlorophyll in the singlet excited state to the ground state (Dobrowski 
et al., 2005; Johnson et al., 1994). When the light intensity is too high, 
leaves increase NPQ as a protective mechanism (Herppich, 2000). The 
actual quantum yield of PSII under any light, temperature and water 
conditions, which reflects the actual photosynthetic rate of the plant, is 
calculated as Y(II) (Y(II) = ΔF/Fm’) (Ogaya et al., 2011). (Meravi and 
Prajapati, 2020) showed that chlorophyll fluorescence parameters vary 
seasonally and as a response of plant growth conditions to the growing 
environment. 

Nitrogen is an important nutrient element for crop growth that 
promotes cell division, fruit expansion, vigorous branching and root 
development (Erel et al., 2008; Fageria and Baligar, 2005; Nacry et al., 
2013). It is also an essential element required by chloroplasts to convert 
inorganic matter into organic matter. The leaf nitrogen content affects 
the chlorophyll content of crops and has an impact on grape yield and 
quality (Zheng et al., 2020). Excessive nitrogen levels favour biomass 
accumulation but not anthocyanin accumulation (Irshad et al., 2018), 
which is extremely important for wine grapes. Therefore, evaluating the 
nitrogen and chlorophyll contents of grape leaves is important for con-
trolling grape yield and quality. Many studies aiming to identify and 
evaluate the appropriate nitrogen levels for various crops have been 
carried out (Jezek et al., 2018; Li et al., 2004; Toriyama, 2009). For wine 
grapes, the timely and accurate regulation of nitrogen levels is partic-
ularly important, and a simple and effective means of nitrogen and 
chlorophyll monitoring is urgently needed. 

Traditional methods for determining the physiological and 
biochemical parameters of crops require the collection of a large number 
of samples, which is time-consuming, labour-intensive and costly 
(Rubio-Delgado et al., 2020). As it is non-destructive and highly effi-
cient, remote sensing-based spectral detection can overcome the limi-
tations of other methods used to determine crop physiological and 
biochemical parameters and meet the requirements for agricultural 
production with precision agriculture (Akdemir et al., 2018). In partic-
ular, hyperspectral imaging technology not only provides rich spectral 
information (Thenkabail et al., 2014) but also reflects crop growth 
conditions visually in a way that is easy to understand; therefore, it 
provides significant advantages over other methods of evaluating crop 
physiological and biochemical parameters (Lu et al., 2020a). 

The relationship between spectral information and derived vegeta-
tion indices (VIs) and ChlF parameters can be used to establish a 

prediction model to achieve the non-destructive measurement of crop 
parameters (Yoder and Pettigrew-Crosby, 1995; Zarco-Tejada et al., 
2000a). ChlF parameters correlate well with data from spectral infor-
mation products because leaves absorb light energy and re-emit lon-
ger-wavelength, lower-energy red light (600 nm–800 nm); this range 
includes red-edge (REG) and near-infrared (NIR) light. Therefore, in 
previous studies, hyperspectral predictions of ChlF parameters from 
spectral information focused on wavelengths between 600 nm and 800 
nm (Dobrowski et al., 2005; Zarco-Tejada et al., 2000b), and vegetation 
indices were calculated with band combinations, such as R690/R655 
and R750/R800. In addition, vegetation indices based on combinations 
of first-derivative reflectance data from different bands have been 
shown to have good predictive power (Zarco-Tejada et al., 2003). 
However, this approach, i.e., building empirical models for ChlF pa-
rameters with different spectral band combinations, is still subject to 
large uncertainties (Jia et al., 2019) in both the screening of spectral 
information and derivatives and the choice of modelling approach. 

There have been many studies on hyperspectral techniques for pre-
dicting nitrogen and chlorophyll levels in crops (Camino et al., 2018; 
Chen et al., 2010; Schlemmer et al., 2013). These studies have confirmed 
that there is a significant relationship between spectral information and 
leaf and canopy nitrogen and chlorophyll contents because vegetation 
spectra exhibit significant reflectance and absorption properties that can 
be analysed to assess crop growth conditions. For example (Ye et al., 
2020), analysed nitrogen levels in apple at the leaf and canopy scales by 
using spectral imaging techniques, screened sensitive bands for their 
raw reflectance and first-derivative spectral information (400 nm–1000 
nm), and developed a partial least squares (PLS) prediction model based 
on these sensitive bands that obtained good prediction results. 
(Gomez-Casero et al., 2007) measured the hyperspectral curves of olive 
trees that had different nitrogen levels and found that the spectral 
response band was in the NIR region (710 nm–900 nm); the (normalized 
difference vegetation index (NDVI) also showed a good degree of 
response to nitrogen levels. (Vincini and Frazzi, 2011) explored the 
sensitivity of various vegetation indices based on broad and narrow 
bands (the NDVI, modified chlorophyll absorption in reflectance index 
(MCARI), transformed chlorophyll absorption reflectance index 
(TCARI), optimized soil adjusted vegetation index (OSAVI), etc.) to 
chlorophyll response, and their results showed that the broad-band 
vegetation indices responded more sensitively to chlorophyll levels 
than the narrow-band vegetation indices. All of their studies showed 
that it is feasible to use spectroscopic means to determine nitrogen and 
chlorophyll levels in crops and provided a reference for screening sen-
sitive bands in this study. 

Nitrogen levels in crops affect the crop chlorophyll content (Cilia 
et al., 2014), which in turn affects the crop photosynthetic capacity. 
Nitrogen and chlorophyll levels and ChlF parameters are the most 
important measures of grape growth status from fruiting to maturity. 
Previous studies using hyperspectral techniques (Ferwerda and Skid-
more, 2007; Wu and Sun, 2013) have neglected a comprehensive dis-
cussion of nitrogen, chlorophyll and ChlF parameters during grape 
ripening, and the prediction of physiological and biochemical parame-
ters using spectral information has been relatively homogeneous; how-
ever, the timely and effective observation of these parameters is 
essential for controlling the quality and yield of wine grapes. In this 
study, we developed a new vegetation index that combines raw reflec-
tance data and first-derivative reflectance data and assessed its capa-
bility to predict crop status parameters in order to provide a reference 
for timely and accurate vineyard management. 

The objectives of this study were to detect changes in the leaf ni-
trogen content (LNC), chlorophyll content and ChlF parameters of 
grapes from fruiting to discolouration and then ripening with hyper-
spectral imaging and to find a simple and effective nondestructive 
method of detecting these parameters. To achieve these objectives, we 
tracked and monitored one grapevine with the goals of (1) exploring the 
response patterns of the LNC and chlorophyll contents to ChlF 
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parameters under dark-adapted and light-induced conditions during 
grape ripening; (2) finding the wavebands and vegetation indices that 
are sensitive to nitrogen, chlorophyll and ChlF parameters by obtaining 
the hyperspectral reflectance of grape leaves; and (3) establishing an 
optimal prediction model for nitrogen, chlorophyll and ChlF parameters 
by using sensitive bands and vegetation indices. 

2. Materials and methods 

2.1. Experimental material and samples 

The samples in this study were taken from a commercial wine estate 
at the eastern base of Helan Mountain in Ningxia Province, China 
(38◦42′N, 106◦03′E), which is located on the plains in the Yellow River 
Basin. The average annual rainfall in this region is between 180 
mm–200 mm, and rainfall is concentrated in July and August. The 
average annual evaporation can reach 1600 mm–1800 mm. The tem-
perature difference between day and night is large, there is plenty of 
light, and the average temperature during the growing season is 18.3 ◦C, 
making this area an optimal environment for wine grape cultivation (Ju 
et al., 2018; Wang et al., 2019). The area of grape cultivation in the 
eastern foothills of the Helan Mountains is close to 40,000 hm2, and it is 
the main wine grape production area in China. However, the soil here is 
severely sandy, contains a large amount of gravel and stones, and has a 
weak structure, resulting in serious water and fertilizer loss, poor 
nutrient supply capacity, nutrient deficiencies, and strong soil alkalinity. 
Therefore, precise fertilization and irrigation management in these 
fields is crucial. 

The specimens collected in the experiment were 7-year-old Cabernet 
Sauvignon grapevines, with a plant spacing of 0.7 m and row spacing of 
3.5 m. The irrigation method was drip irrigation, the distance between 
the emitters was 0.3 m, and the emitter flow rate was 2.3 L/h. No 
fertilization was applied throughout the sample collection process. The 
samples were collected from July to October 2020 (see Table 1). A total 
of 86 samples were obtained throughout the whole grape growth pro-
cess, from grape fruiting to ripening. During these stages, the manage-
ment of water, fertilizer and plant disease in the field plays a decisive 
role in determining the quality of wine grapes. 

2.2. ChlF parameter measurement 

A MINI-PAM-II (WALZ, Germany) portable modulated chlorophyll 
fluorometer was used to measure the ChlF parameters under dark 
adaptation and with a constant light source (as shown in Table 1). The 
leaf clip of the fluorometer was clamped onto the middle of each 
measured leaf. The leaves were dark-adapted for more than 30 min 
before measurement, and the measurement began after the fibre optic 
sensor was inserted into the leaf clip and the leaf clip shade was 
removed. To avoid the excessive intensity of external light at midday, all 
measurements were taken during the period from 8:00 a.m. to 12:00 p. 
m. To measure the light-adapted ChlF parameters, we set eight different 
intensities of light at 116,175,262,385,574,750,1048,1370 (μmol m− 2 

s− 1), each with a duration of 15s. Measurements were made with a 

saturating light pulse duration of 0.6s and an intensity of 5000 (μmol 
m− 2 s− 1). All PAM measurements were made under natural conditions. 

2.3. LNC and chlorophyll determination 

The leaf chlorophyll measurements were performed in parallel with 
the chlorophyll fluorescence parameter measurements. A SPAD-502 
Plus meter (Konica Minolta Optics, Japan) was used to take the chlo-
rophyll measurements, as this meter has been shown to correlate well 
with actual chlorophyll levels and to be a reliable method for non- 
destructive chlorophyll detection (Shibaeva et al., 2020). The SPAD 
values of six different parts of each leaf were measured, and the mea-
surements were averaged to represent the chlorophyll measurements of 
the leaf. After sampling, the leaves were wrapped in cling film and 
quickly sent to the laboratory for the collection of hyperspectral data, 
followed by the determination of the LNC using the Kjeldahl method. 

2.4. Hyperspectral image data acquisition 

Hyperspectral images were acquired using an indoor hyperspectral 
imaging system (Pika L, Resonon, Bozeman, USA) with the computer 
control software SpectrononPro (Resonon, USA). The hyperspectral 
camera had a spectral range of 400–1000 nm divided into 281 spectral 
channels, with a spectral resolution of 3.7 nm and a spectral sampling 
interval of 2.1 nm. During the acquisition, the hyperspectral camera was 
placed at a distance of 0.7 m from the leaf sample. Halogen lamps that 
had been preheated for more than 30 min to provide a stable light source 
were used as the light source for the measurements. The computer image 
acquisition controller controlled the movement speed of the jog stage 
through the software, scanned the leaf blades and stored the images on 
the computer controller (Fig. 1). A white board was used for calibration 
before image acquisition. The digital number values of the leaves were 
converted to the raw reflectance of the acquired images, and Savitzky- 
Golay filtering (Savitzky and Golay, 1964) with a filter window of 7 
was used to smooth the spectral curves. The average spectra of the whole 
leaves were obtained within an established region of interest (RoI), and 
the first-derivative reflectance data of the RoI were calculated with 
SpectrononPro software. 

2.5. Selecting sensitive bands 

Pearson’s correlation analysis was performed on the raw reflectance 
data and the first-derivative reflectance data. The bands with high cor-
relations (peaks and valleys on the correlation coefficient curves) were 
selected as the sensitive bands for hyperspectral data dimensionality 
reduction. 

2.6. Calculation of new vegetation indices 

A previously published vegetation index with good predictive power 
(Table 2) was selected to quantitatively predict the physiological pa-
rameters of the grape leaves. In addition, new vegetation indices were 
calculated on the basis of the correlation analysis of the screened 

Table 1 
Statistical table of measured parameters.  

Measure time Growth stages Sample sizes Physiological parameters 

Chl and N ChlF Equation Condition 

2020.7.28 Fruiting stage 20 SPAD N FV/Fm  FV/Fm  dark-adapted condition 
2020.8.19 Turning stage 26 Fo  dark-adapted condition 
2020.9.14 Mature stage 20 Fm  dark-adapted condition 
2020.10.04 Harvest stage 20 Y(II) ΔF/F＇m  light-adapted condition 

Fm
’  light-adapted condition 

FO
’  light-adapted condition 

NPQ (Fm /F＇m ) − 1  light-adapted condition  
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sensitive bands. The normalized difference sensitive vegetation index 
(NDSVI) was calculated using the raw reflectance of the sensitive bands, 
and the spectral first-derivative combined sensitive vegetation index 
(SDCSVI) was calculated by combining the raw reflectance and the first- 
derivative reflectance of the sensitive bands. The normalized difference 
sensitive first-derivative vegetation index (NDSFRVI) was calculated 
using the first-derivative reflectance of the sensitive bands. These 
vegetation indices were calculated as follows: 

NDSVI =(Rλ1 − Rλ2) / (Rλ1 +Rλ2) (1)  

SDCSVI=Dλ1/Rλ2 (2)  

NDSFRVI =(Dλ1 − Dλ2) / (Dλ1 +Dλ2) (3)  

where Rλ and Dλ represent the original reflectance and the first- 
derivative reflectance, respectively, and λ1 and λ2 represent different 
wavelengths. The coefficient of determination (R2) was calculated for all 
combinations of sensitive wavelengths (Table 5). 

2.7. Data analysis 

The new vegetation indices were calculated for the sensitive bands 
screened by the correlation analysis, and the response relationships 
between the new vegetation indices and the grape physiological 

parameters were analysed. This method of calculating vegetation 
indices can combine the spectral information from multiple sensitive 
bands and result in unique independent variables; this method effec-
tively addresses the multiple collinearity problem without considering 
the existence of redundancy or overfitting problems among multiple 
variables and thus is widely used in spectral analysis (Choudhury, 2001; 
Lu et al., 2020b; Sharifi, 2020; Xie et al., 2018). These considerations are 
extremely important because they can reduce the complexity of hyper-
spectral data processing so that the established regression models 
contain a small number of significant variables, making them simple and 
easy to implement. 

In this study, we investigated hyperspectral imaging techniques for 
the detection of the physiological parameters of grape leaves with the 
following steps: (1) using correlation analysis to screen sensitive bands 
for their raw reflectance and first-derivative reflectance to calculate the 
new vegetation indices NDSVI, SDCSVI, and NDSFRVI; (2) selecting the 
optimal combination of bands to calculate the new vegetation indices 
and using those indices to build a prediction model; and (3) selecting 
published vegetation indices with good predictive ability (Table 2) and 
analysing and comparing their predictions with the predictions of the 
new vegetation indices. The purpose of this study is to provide a refer-
ence for accurate vineyard management. The model building process 
was performed in the RStudio platform; multiple linear regression 
models can be built rapidly in the integrated R package. 

Fig. 1. Hyperspectral image acquisition system in laboratory.  

Table 2 
Use these published vegetation indices.   

Vegetation Indices Calculation formula Paramaters Reference 

Raw reflectance VIs Ratio VI (R750,R800) R750/R800 ChlF Zarco-Tejada et al. (2000a) 
Ratio VI (R685,R655) R685/R655 ChlF 
Ratio VI (R680,R630) R680/R630 ChlF 
PRI (physiological reflectance index) (R531-R570)/(R531 + R570) ChlF Gamon and Surfus (1997) 

First derivative reflectance Ratio VI (D705,D722) D705/D722 ChlF Zarco-Tejada et al. (2003) 
Ratio VI (D730,D706) D730/D706 ChlF 
Combined Index (D688*D710)/D6972 ChlF 

Ratio VI (R780,R550) R780/R550 LNC,SPAD Gomez-Casero et al. (2007) 
Ratio VI (R780,R670) R780/R670 LNC,SPAD 
NDI (R780-R670)/(R780+R670) LNC,SPAD 
REP (R670+R780)/2 LNC,SPAD Srivastava et al. (2020) 
CIred_reg(Red edg chlorophyll index) (R800-R720)-1 LNC,SPAD Gitelson et al. (2005) 
SIPI(Structure insensitive pigment index) (R800-R445)/(R800+R680) LNC,SPAD Penuelas et al. (1995) 
MTCI(MERIS terrestrial chlorophyll index) (R754 − R709)/(R709 − R681) LNC,SPAD Dash and Curran (2004) 
NDVI(Normalized difference vegetation index) (R800 – R670)/(R800+ R670) LNC,SPAD Hurcom and Harrison (1998) 
DCNI (Double-peak canopy nitrogen index) (R720-R700)/(R700-R670)/(R720-R670 + 0.03) LNC,SPAD Chen et al. (2010) 
GI (Greenness index) (R554/R677) LNC,SPAD Zarco-Tejada et al. (2005)  
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In this study, all samples were collected and divided into a modelling 
dataset and a validation dataset, with a modelling dataset:validation 
dataset proportion of 7:3. The model optimized by the modelling dataset 
was evaluated for accuracy by the validation sample dataset to facilitate 
the selection of the optimal prediction model. We select commonly used 
model validation metrics, the coefficient of determination (R2) and the 
root mean square error (RMSE), to evaluate the predictive ability of the 
model. These metrics are calculated as follows: 

R2 =

∑n
i=1

[
y(i) − Ŷ (i)

]

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(yi − y)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1

(
Ŷ i − Y

)√√

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1

[
y(i) − Ŷ (i)

]2
√

where y(i) denotes the ith measured value, Ŷ(i) denotes the ith predicted 
value, y denotes the average measured value, Y denotes the average 
predicted value, and n denotes the number of samples. 

2.8. Visual mapping of SPAD, LNC and fluorescence parameters 

Vegetation indices were calculated from the screened sensitive bands 
and linearly fitted to SPAD, LNC, and ChlF parameters. The fitted 
equations were visualized on the Matlab 2018a (The MathWorks, Inc., 
Natick, Massachusetts, USA) platform. The visualization allows us to 
obtain the values of SPAD, LNC, and ChlF parameters for each pixel and 
to display the variation of these values in different colour densities, 
giving a visual representation of the leaf sample. 

3. Results 

3.1. Changes in SPAD values, LNC and ChlF parameters 

Fig. 2 shows the SPAD values, LNC, dark-adapted ChlF parameters 
(Fo, Fm FV/Fm) and light-adapted ChlF parameters (Y(II), Fm’, Fo’, 
NPQ) of grapevine leaves at the four growth stages (the fruiting, turning, 
mature and harvest stages). The results showed that SPAD values 
reached their maximum at the turning stage and started to decrease 
afterwards and that LNC reached its maximum at the mature stage and 
started to decrease afterwards; these results indicate that the accumu-
lation of LNC contributes to fruit ripening. From the fruiting stage to the 
harvest stage, Fo, Fm and FV/Fm all showed a decreasing trend, 

Fig. 2. Changes of SPAD, LNC and ChlF parameters in different growth stages of grape leaf samples.  
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indicating that the potential maximum quantum production of PSII in 
the leaves gradually decreased during grape ripening that and the ac-
tivity of the PSII complex itself decreased. The degree of the decrease in 
PSII complex activity was more pronounced from the mature stage to the 
harvest stage than from the fruiting stage to the mature stage. The light- 
adapted ChlF parameters (Y(II), Fm’, Fo’, NPQ) showed the same 
pattern of change, indicating that the actual photosynthetic capacity and 
efficiency of the leaves decreased with leaf ageing under all light, water, 
nutrient status and climate conditions. However, NPQ showed greater 
variability, reflecting that the photoprotective capacity of leaves from 
the fruiting stage to the harvest stage was not significantly reduced. 
There was greater variability in photoprotective capacity between 
leaves at the mature stage than at the other stages, and the mean values 
were higher than those at the turning stage and the harvest stage. 

3.2. Relationship between SPAD values and LNC and ChlF parameters 

Table 3 shows the relationship between SPAD and LNC and ChlF 
parameters, which were measured at the fruiting stage, turning stage, 
mature stage, and harvest stage. The results showed that the correlation 
degree between SPAD and LNC and the dark-adapted ChlF parameters 
(Fo, Fm FV/Fm) and light-adapted ChlF parameters (Y(II), Fm’, Fo’, 
NPQ) was weak. There was a stronger correlation between the dark- 
adapted ChlF parameters and the light-adapted ChlF parameters. For 
example, the correlation coefficients between Y(II) and Fo, Fm, FV/ Fm, 
Fo’, Fm’ and NPQ were 0.48, 0.72, 0.76, 0.68, 0.77, and 0.29, respec-
tively (P < 0.01). FV/Fm had a significant correlation with SPAD (R =
0.385, P < 0.01) and had a strong correlation with Fo and Fm. 

3.3. Spectral characteristics 

Fig. 3(a and b) shows the raw spectral reflectance and first-derivative 
reflectance of the collected leaves. Fig. 3(a) shows that the raw spectral 
reflectances of the leaves at the fruiting stage, turning stage, mature 
stage, and harvest stage were very similar, especially at the red-edge 
position (700 nm). The spectral reflectance of harvest-stage leaves in 
the range of 750–1000 nm was higher than that of fruiting-stage, 
turning-stage and mature-stage leaves due to the lower nitrogen con-
tent of leaves at this stage. Previous studies ((Cohen et al., 2010) in 
potato leaves (Ye et al., 2019), in apple leaves) showed that a lower 
nitrogen content resulted in higher leaf spectral reflectance. In addition, 
a decrease in FV/Fm led to an increase in spectral reflectance in the 700 
nm–900 nm band range (Peng et al., 2017). The overall difference in leaf 
reflectance among these four stages is minor and is probably attributable 
to the small variations in SPAD and LNC (Fig. 2). However, this slight 
variation in nutrient element levels and spectral reflectance improves 
the accuracy of our screening for sensitive bands. Fig. 3(b) shows the 
variations in the first-derivative reflectance. Compared with the raw 
spectral reflectance, the first-derivative reflectance has more charac-
teristic peaks at the red-edge position and is slightly higher at the 

harvest stage. However, in general, the first-derivative reflectance of the 
leaves remained basically the same from the fruiting stage to the har-
vesting stage. 

3.4. Sensitive waveband selection 

Fig. 4(a–f) shows the results of the Pearson’s correlation analysis of 
the raw and first-derivative spectral reflectance with SPAD, LNC and 
dark or light-adapted ChlF parameters. Sensitive wavebands for each 
parameter were screened on the basis of the magnitude of the correla-
tion coefficient peaks and valleys. SPAD was negatively correlated with 

Table 3 
Relationships among SPAD, LNC, and ChlF parameters acquired during the different growth stages.   

Nutrient elements Dark-adapted ChlF Parameters Light-adapted ChlF Parameters  

SPAD N Fo Fm FV/Fm  NPQ FO
’ Fm

’ Y(II) 

SPAD 1         
N 0.28* 1        
Fo − 0.11 − 0.17 1       
Fm 0.18 0.12 0.71** 1      
FV/

Fm  

0.39** 0.13 0.62** 0.90** 1     

NPQ 0.01 0.18 0.33** 0.36** 0.28* 1    
FO

’ 0.1 − 0.07 0.67** 0.82** 0.71** 0.02 1   
Fm

’ 0.03 0.06 0.65** 0.84** 0.70** 0.49** 0.82** 1  
Y(II) 0.23* 0.18 0.48** 0.72** 0.76** 0.29** 0.68** 0.77** 1 

*,**Significant at the 0.05,0.01 probability levels. 

Fig. 3. (a) shows the raw reflectance characteristics of all samples at different 
growth stages. (b) shows the first derivative reflectance for all samples at 
different growth stages. 
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the raw spectral reflectance in the range of 500 nm–760 nm, and there 
were two peaks in the correlation coefficient values, at 554 nm (r =
− 0.64, P < 0.001) and 715 nm (r = − 0.63, P < 0.001). The LNC showed 
a negative correlation with the raw spectral reflectance in the range of 
400 nm–1000 nm, and there were three characteristic peaks, at 525 nm, 
608 nm, and 694 nm (Fig. 4(a)). The correlation analysis of the dark- or 
light-adapted ChlF parameters and the raw spectral reflectance showed 
similar results (Fig. 4(b), (c)), with three characteristic peaks and valleys 
in the correlation coefficient curve (a strong negative correlation near 
570 nm, a positive correlation peak at 683 nm, and a negative correla-
tion peak within 722 nm–747 nm). For the dark-adapted ChlF parame-
ters, FV/Fm had a stronger negative correlation with the raw spectral 
reflectance than Fo and Fm, but Fm showed a stronger positive corre-
lation than FV/Fm and Fo. For the light-adapted ChlF parameters, Y(II) 
had a stronger negative correlation the raw spectral reflectance than the 
other parameters, and Fo’ had a higher positive correlation. Y(II), Fm’, 
Fo’, and NPQ showed the same peak correlation points at 571 nm and 
683 nm and slightly different peak correlation points at 722 nm–747 nm; 
the dark-adapted ChlF parameters also showed this pattern. 

The curves of the correlation coefficients of the first-derivative 
reflectance with each parameter had more complex peak and valley 
characteristics. There were two positive correlation peaks (D573, r =

0.76, P < 0.001; D735, r = 0.75, P < 0.001) and two negative correlation 
peaks (D528, r = − 0.76, P < 0.001; D699, r = − 0.66, P < 0.001) for the 
correlation curves of SPAD with the first-derivative reflectance. There 
were three peaks on the correlation curve between the LNC and the first- 
derivative reflectance (D501, r = − 0.44; D640, r = − 0.46; D682, r =
− 0.44 (P < 0.001)) (Fig. 4(d)). The correlation curves of the dark- 
adapted ChlF parameters FV/Fm and Fm with the first-derivative 
reflectance were similar, and the two most notable positive and nega-
tive correlation peaks were D673, D735, D544, and D688 (r = 0.77, 
0.76; r = 0.68, 0.57; r = − 0.84, 0.77; r = − 0.76, 0.70; P < 0.001). The 
correlation curve for Fo had three peak points (D555, D673, D714) 
(Fig. 5(e)). The peaks of the curves for the correlation of the light- 
adapted ChlF parameters with the first-derivative reflectance were 
very similar, and four peak points were identified (D540, D676, D688, 
D763) (Fig. 4(f)). Overall, the first-derivative spectral reflectance 
showed closer correlations with SPAD, LNC and dark and light-adapted 
ChlF parameters than the raw reflectance and also produced more peak 
points. These additional peak points helped us to select highly sensitive 
wavebands. 

We screened the bands that were sensitive to each parameter by 
performing a correlation analysis (Table 4). For the first-derivative 
reflectance, the sensitive wavebands for the dark or light-adapted ChlF 

Fig. 4. (a–c) are correlation coefficient curves of raw reflectance with SPAD, LNC, and Chlf parameters; (d–f) are correlation coefficient curves of first derivative 
reflectance with SPAD, LNC, and Chlf parameters. The peaks and valleys of the correlation curves marked in the graph are the selected characteristic spectral bands. 
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parameters were 570 nm, 571 nm and 683 nm; some different sensitive 
wavebands for the dark and light-adapted ChlF parameters appeared at 
wavelengths higher than 700 nm. The sensitive bands for SPAD and LNC 
were between 525 nm and 715 nm. For first-derivative reflectance, the 
dark- and light-adapted ChlF parameters also showed large differences 
in their sensitive wavebands at wavelengths higher than 700 nm. 

3.5. Quantitative analysis of SPAD, LNC and ChlF parameters with two- 
band linear combinations 

Table 5 shows the R2 of the linear fits of NDSVI, SDCSVI, NDSFRVI 
with SPAD, LNC, and ChlF parameters. These R2 values can be used to 
quantitatively identify the optimal combination of sensitive bands. For 
SPAD, the band combination (D735 − D573)/(D735 +D573) had the highest 
R2 of 0.62, while (D735 − D528)/(D735 +D528) also had good predictive 

Fig. 5. Relationship between new vegetation index and SPAD, LNC, ChlF parameters in validation dataset. These new vegetation indices were derived from the 
modelling dataset (Table 5) where the corresponding parameters had the best modelling predictive power (highest R2 values). 

Table 4 
Sensitive bands selected by correlation analysis.  

Parameters Raw reflectance First derivative 
reflectance 

SPAD R554, R715 D528, D573, D699, D735 

N R525, R608, R694 D501, D640, D682 

dark-adapted 
condition 

Fo R570, R683, R747 D555, D673, D714 
Fm R570, R683, R734 D544, D673, D688, D735 
FV/Fm  R570, R683, R722 D544, D673, D688, D735 

light-adapted 
condition 

Fm
’ R571, R683, R732 D540, D676, D688, D763 

FO
’ R571, R683, R741 D540, D676, D688, D763 

Y(II) R571, R683, R739 D540, D676, D688, D763 
NPQ R571, R683, R741 D557, D667, D684, D767  
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ability (R2 = 0.60). The NDSVI, SDCSVI, and NDSFRVI all showed poor 
predictive ability for LNC; D682/R525 had the highest R2 at 0.16. For the 
dark-adapted ChlF parameters, the new vegetation index had the 
strongest relationship with FV/Fm and Fm; the band combinations of 
(D735 − D544)/(D735 +D544) and D544/R722 had the strongest relationship 
with FV/Fm (R2 = 0.68), while the band combination D673/ R570 had the 
highest R2 of 0.66 with Fm. For Fo, the highest R2, which was obtained 
with D555/R683, was only 0.25. Among the light-adapted ChlF parame-
ters, Y(II) had an overall good relationship with the new vegetation 
index, and its relationship with D676/R571 and D688/R571 resulted in the 
highest R2 (0.64). NPQ showed a weak relationship with D557/ R683; the 
highest R2 was 0.23. The optimal band combination for Fo’ was D676/

R571(R2 = 0.53), and the band combination of D676/R571had the stron-
gest relationship with Fm’ (R2 = 0.55). 

3.6. Relationship of published vegetation indices to SPAD, LNC, and ChlF 
parameters 

Table 6 shows the ability of the published vegetation indices to 
predict SPAD values, LNC and ChlF parameters. The photochemical 
reflectance index (PRI) had good predictive ability for the ChlF pa-
rameters, and R750/R800, D705/D722, and (D688*D710)/D6972 had 

overall poor predictive abilities for the ChlF parameters. The R2 values 
of the linear fits of all vegetation indices to Fo ranged from 0.10 to 0.34, 
while PRI fit the best to Fm, FV/Fm and Fo’. Fm’ was the worst linear fit 
for all vegetation indices (R2 < 0.20). R750/R800 provided the best 
linear fit for NPQ (R2 = 0.42), while the ability of all vegetation indices 
to predict Y(II) remained fairly consistent (0.44< R2 < 0.51). Overall, 
the vegetation indices fit SPAD better than LNC. CIred_reg provided the 
best linear fit for SPAD of all vegetation indices, with an R2 of 0.52. 
Similarly, CIred_reg provided the best fit for LNC, with the largest R2 

among all vegetation indices, but its R2 was nonetheless low. 

3.7. Verification of the prediction ability of the new vegetation indices for 
SPAD, LNC and ChlF parameters 

The new vegetation indices NDSVI, SDCSVI, and NDSFRVI were 
linearly fitted to the SPAD, LNC, and ChlF parameters using the 
modelling dataset (N = 56) (Table 5). We identified the sensitive band 
combinations with the highest R2 values and evaluated their predictions 
with the validation dataset (N = 24) (Fig. 5). The vegetation index 
(D735 − D573)/(D735 +D573) maintained a good ability to predict SPAD 
values (R2 = 0.50, RMSE = 0.28), and the R2 values of D682/R525 for the 
LNC validation dataset were higher than those for the modelled dataset. 

Table 5 
Table of R2 for linear relationships between NDSVI, SDCSVI, NDSFRVI and SPAD, LNC, and ChlF parameters. 
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Among the dark-adapted ChlF parameters, the new vegetation indices 
were better able to predict FV/Fm than Fo and Fm. (D735 − D544)/

(D735 +D544) had the same R2 value as D544/R722 for the FV/ Fm 
modelling dataset (R2 = 0.68); for the validation dataset, although their 
RMSE values differed by 0.01, (D735 − D544)/(D735 +D544) had a higher 
R2 value and provided a better prediction. The R2 value of D555/ R683 for 
Fo for the validation dataset was lower than that for the modelling 
dataset, and the validation effect indicated that D555/R683 was less 
effective at predicting Fo. D673/R570 also showed good results for pre-
dicting Fm in the validation dataset (R2 = 0.52). Among the light- 
adapted ChlF parameters, the new vegetation indices were the least 
able to predict NPQ (R2 = 0.36), and D676/R571 was able to reasonably 
predict Fo’ and Fm’ (R2 values of 0.46 and 0.52, respectively) in the 
validation; these R2 values are basically consistent with those for the 
modelled dataset. For Y(II), the D676/R571 and D688/R571 modelling 
datasets resulted in the same R2 values; however, D676/ R571 achieved 
higher R2 values than D688/R571for the validation dataset as well as a 
lower RMSE, indicating that D676/R571 has a better ability to predict Y 
(II). 

3.8. Validation of the ability of published vegetation indices to predict 
SPAD, LNC, and ChlF parameters 

We identified the published vegetation indices that performed the 
best with the modelling dataset (Table 6). PRI had the strongest rela-
tionship with the ChlF parameters overall, and CIred_reg had the 
strongest relationship with SPAD and LNC, so we evaluated the pre-
diction ability of PRI and CIred_reg using the validation dataset. Fig. 6 

shows the fit of PRI with the ChlF parameters in the validation dataset, 
indicating that PRI predicts Fm better than D673/R570. Other than that, 
the new vegetation indices were able to predict the other parameters 
better than PRI. 

Fig. 7 shows the results of the validation of CIred_reg for SPAD and 
LNC. The R2 values for the validation dataset are all lower than those for 
the modelling dataset and are all less than 0.5, indicating that the ability 
of CIred_reg to predict SPAD and LNC is poor. 

3.9. Visual mapping of SPAD, LNC, and ChlF parameters 

By evaluating the predictive ability of the new vegetation indices, we 
selected the index with the greatest predictive ability for visual map-
ping, see Fig. 8 (vegetation indices listed in Fig. 6). This result is 
consistent with that in Fig. 2, which indicates that the inversion results 
are reliable. In addition, the visualization results show that leaf senes-
cence intensified the differences in the spatial distribution of physio-
logical parameters within the leaves, especially in SPAD, LNC, Fm, Fo, 
FV/Fm and NPQ, while the light-adapted ChlF parameters Fo’, Fm’ and Y 
(II) showed fewer differences in spatial distribution within the leaves. 
This indicates that the actual photosynthetic capacity and efficiency of 
the same leaf exhibit spatial consistency. 

Table 6 
Linear fitting relationship between SPAD, LNC, ChlF parameters and various vegetation indices.  

VIs  Fitting equation R2 RMSE  Fitting equation R2 RMSE 

R750/R800 Fm y = 15.10–16.04x 0.32 0.2 Fo y = 6.7–6.7x 0.10 0.20 
FV/Fm  y = 8.94–9.08x 0.38 0.10 Fm

’ y = 12.53–13.39x 0.32 0.17 
FO

’ y = 10.01–10.54x 0.19 0.19 NPQ y = 16.26–17.35x 0.11 0.42 
Y(II) y = 5.25–5.47x 0.47 0.05     

R685/R655 Fm y = − 8.27 + 0.98x 0.62 0.15 Fo y = − 4.18 + 4.86x 0.25 0.18 
FV/Fm  y = − 3.55 + 4.34x 0.54 0.08 Fm

’ y = − 6.14 + 6.65x 0.49 0.14 
FO

’ y = − 6.16 + 6.75x 0.49 0.15 NPQ y = − 6.97 + 7.64x 0.14 0.41 
Y(II) y = − 1.86 + 2.19x 0.47 0.05     

R680/R630 Fm y = − 2.22 + 3.26x 0.52 0.17 Fo y = − 0.74 + 0.57x 0.17 0.19 
FV/Fm  y = − 0.76 + 1.73x 0.55 0.08 Fm

’ y = − 1.48 + 2.21x 0.34 0.16 
FO

’ y = − 1.43 + 2.24x 0.34 0.17 NPQ y = − 2.20 + 3.21x 0.15 0.41 
Y(II) y = − 0.43 + 0.86x 0.46 0.05     

PRI Fm y = 0.69 + 9.79x 0.71 0.13 Fo y = 0.67 + 5.32x 0.34 0.20 
FV/Fm  y = 0.78 + 4.90x 0.68 0.07 Fm

’ y = 0.49 + 6.8x 0.46 0.14 
FO

’ y = 0.58 + 7.22x 0.44 0.14 NPQ y = 0.62 + 8.35x 0.16 0.40 
Y(II) y = 0.33 + 2.32x 0.51 0.04     

D705/D722 Fm y = 1.55–1.11x 0.39 0.18 Fo y = 1.01–0.46x 0.10 0.21 
FV/Fm  y = 1.37–0.73x 0.54 0.09 Fm

’ y = 1.16–0.86x 0.30 0.17 
FO

’ y = 1.14–0.76x 0.26 0.17 NPQ y = 1.29–0.88x 0.10 0.37 
Y(II) y = 0.62–0.36x 0.46 0.05     

D730/D706 Fm y = − 0.28 + 0.87x 0.34 0.19 Fo y = 0.28 + 0.33x 0.06 0.20 
FV/Fm  y = 0.17 + 0.57x 0.48 0.09 Fm

’ y = − 0.25 + 0.68x 0.27 0.18 
FO

’ y = − 0.10 + 0.60x 0.23 0.17 NPQ y = − 0.12 + 0.66x 0.07 0.37 
Y(II) y = 0.02 + 0.29x 0.44 0.05     

(D688*D710)/D6972 Fm y = 1.62–2.25x 0.30 0.20 Fo y = 1.22–1.32x 0.12 0.20 
FV/Fm  y = 1.18–0.99x 0.20 0.12 Fm

’ y = 1.52–2.34x 0.41 0.16 
FO

’ y = 1.35–1.85x 0.29 0.17 NPQ y = 1.37–1.82x 0.07 0.37 
Y(II) y = 0.69–0.83x 0.46 0.05     

R780/R550 SPAD y = 0.29 + 0.53x 0.43 0.19 LNC y = 0.64 + 0.15x 0.32 0.10 
R780/R670 SPAD y = 0.58 + 0.02x 0.10 0.33 LNC y = 0.68 + 0.07x 0.11 0.10 
NDI SPAD y = 0.32 + 0.33x 0.11 0.33 LNC y = 0.29 + 0.53x 0.12 0.11 
REP SPAD y = 0.04 + 2.0x 0.10 0.32 LNC y = 1.54–2.96x 0.13 0.10 
CIred_reg SPAD y = 6.25 + 7.47x 0.52 0.17 LNC y = 2.15 + 1.88x 0.12 0.09 
SIPI SPAD y = 0.55 + 0.05x 0.11 0.33 LNC y = 0.42 + 0.37x 0.12 0.11 
MTCI SPAD y = 0.29 + 0.59x 0.45 0.20 LNC y = 0.65 + 0.15x 0.11 0.10 
NDVI SPAD y = 0.31 + 0.35x 0.12 0.32 LNC y = 0.28 + 0.54x 0.11 0.11 
DCNI SPAD y = 0.33 + 0.57x 0.38 0.22 LNC y = 0.62 + 0.15x 0.21 0.11 
GI SPAD y = 0.82–0.57x 0.28 0.20 LNC y = 0.75–0.08x 0.14 0.10  
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4. Discussion 

4.1. Variation in SPAD, LNC, and ChlF parameters at different growth 
stages 

Changes in ChlF parameters represent plant responses to nutrient 
availability and environmental conditions (Baker, 2008). In the present 
study, FV/Fm and Y(II) were more sensitive to LNC changes than to SPAD 
changes (Fig. 2). For other ChlF parameters (except NPQ), the responses 
of Fm and Fm’ to LNC were stronger than those of Fo and Fo’. Therefore, 
FV/Fm and Y(II) can be used as indicators of LNC stress. Some studies 

have shown that an increase in nitrogen fertilizer application results in 
an increase in FV/Fm (Liu, 2008). However, it has also been shown that 
FV/Fm is not sensitive to the level of nitrogen applied (Shrestha et al., 
2012). Although there were differences in the response of FV/Fm to 
different levels of nitrogen application, there was a strong link between 
LNC and FV/Fm. Moreover, Fig. 2 shows that the change trends of NPQ 
and LNC are the same; the difference between these indicators is that as 
the degree of leaf senescence increases, the difference in N content be-
tween different leaves becomes larger, while the difference in NPQ be-
comes smaller. The reason for this difference is that the sampled leaves 
were uniformly distributed in different positions within the canopy, and 

Fig. 6. Relationship between PRI and ChlF parameters in validation dataset.  

Fig. 7. Relationship between CI and SPAD, LNC in validation dataset.  
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the differences in the degree of senescence of leaves in different posi-
tions within the canopy resulted in large differences in LNC. Many 
studies have shown that leaves in different canopy positions exhibit 
differences in their physiological and biochemical properties (Zhang 
et al., 2020a), however, all grape canopy leaves tend to be subject to the 
same changes in the external environment, which results in only small 
differences in NPQ between different leaves. As can be seen in Fig. 2, the 
NPQ measured under field conditions has a large fluctuation, which is 

closely related to the environmental conditions under which the mea-
surements were made. This variability makes the spectral parameter PRI 
of the leaves measured in the laboratory not a good predictor of NPQ. 

4.2. Sensitive waveband selection and new vegetation index calculation 

Pearson’s correlation analysis was used to screen for sensitive bands 
in order to reduce data dimensionality. Fig. 4 shows the results of the 

Fig. 8. SPAD, LNC and ChlF parameters map at the leaf level estimated by the new vegetation indices in this study.  
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sensitive waveband screening; the sensitive waveband screening for all 
ChlF parameters showed similar patterns. For the raw reflectance, the 
variability of the sensitive wavebands for each parameter became larger 
at wavelengths greater than 700 nm, and this pattern was also observed 
in the selection of the sensitive first-derivative reflectance wavebands. 
This pattern may occur because leaf reflectance is more influenced by 
leaf area size in the 680–730 nm spectral range, as evidenced by the 
study of (Townsend et al., 2003), while reflectance is more influenced by 
leaf moisture and leaf structure in the 700–1200 nm wavelength 
(Gutierrez et al., 2010). The ChlF parameters of different leaves are also 
affected by moisture and leaf structure, which resulted in differences in 
the sensitive wavelengths of ChlF parameters at wavelengths above 
>700 nm. The wavebands that were sensitive to SPAD and LNC were 
within the visible band, while LNC was less strongly correlated with 
spectral reflectance; this may have been due to the infection of the grape 
leaves with powdery mildew (Sawant et al., 2020; Valdes-Gomez et al., 
2011), which is common in hot weather (Holb and Fuzi, 2016) and is 
aggravated in the middle and late stages of grape development (Fig. 9). 
The infection of diseased leaves affects the spectral characteristics of 
nitrogen content (Ye et al., 2019), thus reducing the accuracy of the 
spectral detection of LNC. The observation of physiological and 
biochemical parameters of infected diseased grape leaves with remote 
sensing is also an important research topic for precision agriculture. In 
addition, leaf phenolic compounds and anthocyanin content also affect 
leaf spectral properties (Sytar et al., 2020), especially at later growth 
stages, which leads to differences in the spectral properties of leaves 
measured at different stages. 

4.3. Regression analysis 

This study is a bold attempt to calculate new vegetation indices by 
combining sensitive wavebands of raw reflectance and first-derivative 
reflectance. Satisfactory regression predictions of the physiological 
and biochemical parameters of grape leaves depend heavily on the 
ability of the applied response relationship between vegetation indices 
and predicted parameters to suppress the problem of the overfitting of 
spectral information. However, sample size, increased variation be-
tween samples and the number of independent variables can affect the 
prediction accuracy of models (Flynn et al., 2020). The prediction 
analysis in this paper is based on a small sample size, the parameters 
measured in the different stages increase the variability between sam-
ples, and the independent variables are unique. These considerations are 
extremely important for practical applications, as they reduce costs as 
well as the complexity of processing hyperspectral data. In calculating 
the new vegetation indices, only the bands with high correlations with 
the variables of interest were combined in this paper. The purpose of this 
approach was to provide a reference method for hyperspectral data 
processing, but vegetation indices based on other band combinations 
that have better predictive ability may also exist. Moreover, this study 
also attempted to apply all the screened sensitive bands in a multiple 
stepwise regression analysis (linear stepwise regression analysis, SWR), 
which increased the number of independent variables; the results 
showed that the model obtained relatively high R2 values with the 
modelling dataset but showed low predictive ability when its results 
were compared with the validation dataset. 

5. Conclusion 

In this paper, we investigated the variation in leaf-scale SPAD, LNC 
and ChlF parameters in wine grapes at different growth stages and 
explored new methods of predicting these parameters using hyper-
spectral imaging. The results showed that the dark-adapted ChlF pa-
rameters (Fo, Fm, FV/Fm) and light-adapted ChlF parameters (Fo’, Fm’ 
and Y(II)) showed a decreasing trend from the fruiting stage to the 
harvesting stage, while SPAD reached its maximum at the turning stage 
and then started to decrease. LNC reached its maximum at the mature 

stage and then started to decrease, while NPQ showed large, fluctuating 
changes. The new vegetation indices NDSVI, SDCSVI, and NDSFRVI 
were calculated by combining the wavebands of raw reflectance and 
first-derivative reflectance that were sensitive to and obtained a linear 
fit with these parameters. The results showed that 
(D735 − D573)/(D735 +D573) showed good predictive ability for SPAD; 
(D735 − D544)/(D735 +D544) showed good predictive ability for FV/Fm; 
showed good predictive ability for Fm, and D676/R571 showed good 
predictive ability for Y(II) and Fm’. The sensitive wavebands screened 
by correlation analysis provide a basis for hyperspectral imaging tech-
niques to predict the parameters investigated in this study. In addition, 
this study collected spectral information from detached leaves, however, 
under natural conditions, somethings (xanthophyll conversion, chloro-
plast movement, etc.) cause photosynthetic changes, and these changes 
also have an impact on predicting ChlF parameters. However, the results 
in this paper show that even for detached leaves, SPAD, LNC and ChlF 
parameters still have excellent spectral response relationships, which 
provide a reference for accurate vineyard management. 
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