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Abstract 
 

Crop nitrogen content inversion based on UAV (Unmanned Aerial Vehicle) hyperspectral data is vital for addressing 
global food supply challenges. Many studies have estimated nitrogen content via simple linear regression using a single 
vegetation index, multiple vegetation indices, hyperspectral representation, and simple structural transformation. 
Utilizing UAV hyperspectral data of the winter wheat canopy and leveraging the benefits of fractional differential 
processing to enhance spectral details, traditional hyperspectral vegetation indices were established, and characteristic 
parameters derived from spectral position and canopy area were extracted. Then, winter wheat plant nitrogen content 
models with different spectral information characteristics were highlighted, optimally selected and verified. Results 
reveal that when the original canopy spectrum is processed using the fractional differential, the association between 
hyperspectral reflectance and nitrogen levels in winter wheat plants can be effectively enhanced. Fractional differential 
spectra represent outstanding effects on refining spectral details. The findings provide valuable insights into the potential 
of hyperspectral fractional differential spectra to enhance the precision of nitrogen estimation in winter wheat. 
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1. Introduction 
 
Recently, the increasing risk of global crop yield reduction 
has aggravated the instability and uncertainty of the global 
food supply. Food security is a fundamental issue related to 
human survival. According to data from the Food and 
Agriculture Organization of the United Nations, the global 
count of individuals facing prolonged food shortages has 
increased since 2015. At present, wheat remains the most 
widely distributed food crop on a global scale and holds 
significant importance as a food crop in China. Analyzing 
winter wheat's phenotypic characteristics and growth 
mechanisms, along with timely awareness of its planting 
status, is essential for the management of winter wheat field 
growth and optimization of planting patterns, the 
development of reasonable and efficient fertilization 
strategies, and the promotion of efficient and high yield of 
wheat crops, as well as the further exploration of winter 
wheat production potential [1–4]. 

Nitrogen is vital for crop development and significantly 
affects the quality, yield, and growth of winter wheat [5–7]. 
Nitrogen nutrition status is a key indicator for evaluating 
winter wheat growth, improving quality, and increasing 
yield. Nitrogen deficiency in winter wheat affects 
chlorophyll and protein synthesis, weakens photosynthesis, 
and hinders the production of dry materials. In the case of 
severe nitrogen deficiency, the cell differentiation of crops 
stops, and the tillering ability and root system are weakened. 
When winter wheat has an excessive nitrogen content, there 

is a rise in ineffective tillers. Furthermore, the plants become 
extremely dense. It results in poor light transmission, low 
fruiting rate, and maturity delayed. However, it sharply 
increases the probability of plant diseases and insect pests. 
Therefore, the scientific and accurate management of 
nitrogen fertilizer prescriptions can optimize the supply and 
demand of nitrogen for crops and improve the nutrient 
utilization rate while maintaining high yields [8–13]. 

On this basis, many experts and scholars have 
extensively researched the nondestructive monitoring of 
crop phenotypes by hyperspectral remote sensing. Yue J et 
al. [14] estimated agricultural parameters such as crop 
biomass using hyperspectral data obtained by UAVs 
(Unmanned Aerial Vehicle System). Kefauver et al. [15] 
studied the models of estimating barley yield and nitrogen 
use efficiency by multiple airborne and ground 
spectrometers and found that the estimation accuracy can be 
enhanced by combining UAV (Unmanned Aerial Vehicle) 
and ground data. Liu C H et al. [16] used an ASD Field 
Spec3 ground-based spectrometer and ten spectral 
preprocessing methods combined with partial least squares 
(PLSR), back-propagation neural network, and random 
forest (RF) algorithm to model nitrogen nutrition in winter 
wheat. The findings indicated that RF + convolution 
smoothing had the best modeling accuracy. Klem K et al. 
[17] used remote sensing data to investigate the interaction 
between wheat's water deficit and nitrogen nutrition level 
and found that the total N absorption of wheat grain can be 
effectively estimated by transforming chlorophyll absorption 
and reflection index (TCARI)/optimizing soil adjusted 
vegetation index (OSAVI), especially the influence of water. 
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These factors should be considered when estimating the 
protein in wheat grain. Katherine Frels et al. [18] obtained 
canopy spectral reflectance data of 299 wheat varieties in 
Ithaca and calculated 28 vegetation indices according to the 
data. The vegetation index of Maccioni could predict the 
nitrogen use efficiency of durum wheat and could be used in 
wheat variety breeding. Using UAV-based hyperspectral 
remote sensing data, Feng S et al. [19] employed the 
extreme learning algorithm to predict the LNC of rice. The 
model accuracy R² reached 0.81. Lukas Prey et al. [20] 
found that the milk ripe stage was the best time to assess the 
nitrogen use efficiency of wheat. The spectral index derived 
from the water and red bands provided a more accurate 
estimation than that from the near-infrared and visible bands. 
Liu H et al. [21] used ground and UAV-borne hyperspectral 
equipment to gather data on the hyperspectral remote 
sensing and nitrogen nutrition index (NNI) of winter wheat 
at various growth stages and indicated that the green band, 
red edge, and near-infrared band were responsive to the NNI 
of winter wheat, suggesting their potential for NNI 
estimation. Pullanagari et al. [22] proposed that a model 
utilizing a one-dimensional convolutional neural network 
surpassed the PLSR and Gaussian process regression model 
for evaluating the canopy nitrogen concentration. Iman 
Tahmasbian et al. [23] utilized hyperspectral images and a 
PLSR algorithm to assess the nitrogen level in wheat leaves, 
achieving a coefficient of determination that exceeded 0.9. 
Phuoang-Phi et al. [24] estimated the rice yield in the 
Mekong Delta of Vietnam utilizing multiperiod Sentinel-1 
satellite data. Burns B W et al. [25] utilized multispectral 
and thermal sensors to acquire weekly remote sensing data 
from corn fields and formulated a model to evaluate nitrogen 
content under six vegetation indices. The GNDVI (Green 
Normalized Difference Vegetation Index) and RENDVI 
(Red Edge NDVI) strongly correlated with the nitrogen 
fertilizer treatment. 

The abovementioned study results indicate that nitrogen 
estimation has been completed using a single vegetation 
index or multiple vegetation indices or hyperspectral 
representation and simple structural transformation based on 
simple linear regression. However, the hyperspectral high-
throughput multiband characteristics of UAVs have not been 
fully utilized. Meanwhile, reflecting the original spectrum or 
integering order differential spectrum is mainly applied in 
current crop monitoring, but the original spectrum retains 
background and other noise, and integering order differential 
can overprocess the spectrum to affect the telemetry 
accuracy [26–35]. 

Therefore, taking advantage of the advantages of 
hyperspectral fractional differential spectroscopy and 
utilizing UAV hyperspectral data of winter wheat canopy, 
this research utilized fractional differential as an extension 
of integer differential to weaken the interference of soil 
background and other noise, refine spectral information, 
highlight spectral differences in crop physiological states, 
explore inversion models for nitrogen level in winter wheat 
plants at various growth stages, and conduct 
multidimensional spectral analysis first as a whole and then 
in detail. The study utilized the Pearson correlation 
coefficient to optimize the response of fractional 
differentiation and original spectra to nitrogen content in 
winter wheat plants, subsequently selecting the most 
relevant and statistically significant features. Traditional 
vegetation indices were constructed using hyperspectral 
information, and highly significant features were selected 
based on spectral location and area features. Based on full 

subset regression analysis, 10-fold cross-validation and other 
methods were used to screen the optimal subset model for 
nitrogen level in winter wheat plants of different growth 
stages and verify its accuracy. In this manner, the precision 
of estimating nitrogen content in winter wheat can be 
improved, further providing a basis for scientific and precise 
prescription of nitrogen fertilizers. 
 
 
2. Materials and Methods 
 
2.1 Study area 
The investigation was conducted in Jiaozuo City, Henan 
Province of China (the comprehensive experimental base of 
winter wheat at the eastern entry point of Nandao Village), 
and it has flat terrain, fertile lands, abundant sunshine, and 
four distinct seasons. With a yearly temperature averaging 
between 12.8 °C and 15.5 °C and yearly rainfall of around 
600 mm, the region is characterized by a temperate monsoon 
climate. 

The study area included four rows, with 12 plots in each 
row, totaling 48 plots, 38.9 m in south-to-north length and 
66 m in east-to-west length. Each plot covered an area of 9 
m × 4 m. Field management work included weeding, 
earthing-up, and irrigation. Fertilizer application was 
categorized into base fertilizer application and topdressing. 
UAV remote sensing data were acquired and sampled 
synchronously with field data. The experimental data were 
collected from winter wheat plants during the jointing, 
booting, flowering, and fillnter wheat in 2021. The 
experimental data mainly included the canopy hyperspectral 
and nitrogen content data of UAVs (with particular emphasis 
on the jointing and filling stages of winter wheat). 
 
2.2 Acquisition and preprocessing of UAV remote 
sensing data 
In this study, an eight-rotor wing UAV served as the primary 
platform (net weight: 4.2 kg, load capacity: 6 kg, flight 
duration: 20 minutes) and was fitted with a high-definition 
digital camera and airborne imaging spectrometer to obtain 
remote sensing data of the UAV. The data acquisition was 
for stable solar radiation and cloudless clear weather. The 
parameters of the airborne imaging spectrometer are listed in 
Table 1. The data were preprocessed and spliced via built-in 
hyperspectral software. ArcGIS was employed to extract the 
average spectral reflectance for each plot. Finally, the 
spectral data in CSV (Comma Separate Values) format were 
exported. For instance, the hyperspectral curve of the UAV 
at the jointing stage is the typical vegetation curve in Figure 
1. 

 
Fig. 1. Typical vegetation reflectance curve during the jointing stage 
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Table 1. Parameters of the airborne imaging spectrometer 
Instrument specification Technical parameter 

Spectral range 450–950 nm 
Sampling interval 4 nm 
Spectral resolution 8 nm@532 nm 
Spectral channel 125 

 1.05 nm/pix@450 nm; 
Spectral sampling (physical) 4.54 nm/pix@650 nm; 

 8.13 nm/pix@900 nm; 
Wavelength precision ±2.5 nm/±4.5 nm 

Detector Si CCD 
Digital resolution 12 bit 
Measurement time <100 μs 

Hyperspectral imaging speed 5 cubes/s 
Spatial resolution 100 megapixels 
Spectral output 2500 spectra/cube 

 

2.3 Determination of nitrogen content in winter wheat 
plants 
 
Random sampling was conducted in each plot. Twenty 
typical winter wheat plants were selected and preserved in 
sealed plastic bags. After returning to the laboratory, the 
winter wheat was divided into different organ groups, such 
as stems, leaves, and ears, which were inactivated at 105 °C 
for 30 minutes and then dried at 75 °C until weight 
stabilization. Then, the mass of dry materials was recorded. 
The Kjeldahl approach was employed to determine  the total 
nitrogen content in each winter wheat component. The effect 
of ear nitrogen on plant nitrogen content should be 
considered during the flowering and filling stages. Here, the 
plant nitrogen content (%) was calculated as follows: 

 
                          (1) 

 
 

 
Fig. 2. Box plot of nitrogen content in winter wheat 
 
 

The box plot of nitrogen level in winter wheat plants at 
four key growth stages is shown in Figure 2.The box plot 
visually shows the spacing between the upper and lower 
quartiles, with the height of the box symbolizing this spacing. 
A smaller spacing indicates a higher concentration of data, 
while a larger spacing indicates a higher dispersion of data. 
The rectangular height of the box during the jointing and 
filling stages of winter wheat was lower than that at the other 
two stages, indicating that the data were concentrated. The 
central line within the box marks the median of the data, 
reflecting the average value of the sampled set. Notably, 
during the jointing phase of winter wheat, the position of this 
median was elevated compared to its counterparts in the 
other three phases, suggesting a higher nitrogen content 
during this stage. In summary, the nitrogen content level of 
wheat showed an overall downtrend with the advancement 
of the growth period and the transfer and growth of 
aboveground and underground materials. 
 
2.4 Data processing method 
 
2.4.1 Fractional differential processing 
Fractional differentials are currently widely used in image 
signals and other fields and are an extension of integral 
differentials; however, they can amplify subtle hyperspectral 

changes, effectively remove background noise, and obtain 
detailed information. With the development of the signal 
analysis field, the commonly used fractional differential 
forms are the methods of Grünwald–Letnikov, Caputo, and 
Riemann–Liouville [36-38]. Here, the Grünwald–Letnikov 
differential definition was adopted to process hyperspectral 
data as follows: 

 
 

(2) 

 
 Where Γ represents the Gamma function, λ denotes the 
spectral wavelength, n represents the upper and lower finite 
difference, and α is the number of orders. When α = 0, 1, or 
2, it refers to the original, first-order, or second-order, 
differential spectrum. When α takes a decimal value, it is a 
fractional differential form. 
 
2.4.2 Selection of hyperspectral vegetation indices 
Twenty-two hyperspectral vegetation indices associated with  
plant nitrogen level were chosen (Table 2). 
 
2.4.3 Deriving characteristic parameters from the 
spectral location and coverage of winter wheat 
According to the differential analysis of hyperspectral data, 
characteristic parameters were identified with spectral 
location and area (Table 3) [26]. Previous studies have 
shown that variations in spectral positions and area changes 
can be used to assess plant growth conditions under 
physiological stress [39,40]. 
 
Table 2. Hyperspectral vegetation indices 

Vegetation 
index 

Formula 

R R622:778 mean 
G R494:574mean 
B R454:490mean 

NIR R782:950 mean 
R' R622:778 first-order derivative mean 
G' R494:574 first-order derivative mean 
B' R454:490 first-order derivative mean 

NIR' R782:950 first-order derivative mean 
Green Red 
Vegetation 

Index (GRVI) 
GRVI=NIR/G-1 
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The Second 
Modified SAVI 

(MSAVI2) 
MSAVI2=(2NIR+1-((2NIR+1)²-8(NIR-RED))0.5)/2 

Optimization of 
Soil-Adjusted 

Vegetation 
Index (OSAVI) 

OSAVI=(1+0.16)(NIR-RED)/(NIR+RED+0.16) 

Enhanced 
Vegetation 
Index (EVI) 

EVI=(NIR-RED)/(NIR+6RED-7.5B+1) 

Carter6 R550 
D1 R730 /R706 

Datt2 R850 /R710 

EGFN (max(R650:750)- 
max(R500:550)(max(R650:750)+max(R500:550)) 

EGFR max(R650:750)/max(R500:550) 
GMI1 R750/R550 

Derivative 
Spectral 

Normalized 
Vegetation 

Index 

FDNDVI=(R'NIR-R'R)/(R'NIR +R'R) 
 

(FDNDVI) 
Derivative 

Spectra 
Difference 
Vegetation 

Index (FDDVI) 

FDDVI=R'NIR –R'R 
 

Derivative 
Spectral Ratio 

Vegetation 
Index (FDRVI) 

FDRVI= R'NIR/ R'R 
 

Derivative 
Spectra 

Optimization 
Soil Adjusted 

Vegetation 
Index 

(FDOSAVI) 

FDOSAVI=(R'NIR- R'R)/( R'NIR + R'R+0.16) 
 

 

 
Table. 3. Characteristic parameters based on the spectral position and area 

Variable name Code Definition 
Blue edge amplitude Db Maximum value of the first-order derivative spectrum (490–530 nm) 

Blue edge position λb Wavelength corresponding to the maximum value of the first-order derivative 
spectrum (490–530 nm) 

Blue edge area SDb Integral of the first-order derivative spectrum (490–530 nm) 
Yellow edge amplitude Dy Maximum value of the first-order derivative spectrum (560–640 nm) 

Yellow edge position λy Wavelength corresponding to the maximum value of the first-order derivative 
spectrum (560–640 nm) 

Yellow edge area SDy Integral of the first-order derivative spectrum (560–640 nm) 
Red edge amplitude Dr Maximum value of the first-order derivative spectrum (680–760 nm) 

Red edge position λr Wavelength corresponding to the maximum value of the first-order derivative 
spectrum (680–760 nm) 

Red edge area SDr Integral of the first-order derivative spectrum (680–760 nm) 
Green peak reflectance ρg Maximum band reflectance (510–560) nm 

Green peak position λg Wavelength corresponding to the maximum band reflectance (510–560 nm) 
Green peak area SDg Area circled by the original spectral curve (510–560 nm) 

Red valley reflectance ρr Minimum band reflectance (650–690 nm) 
Red valley position λo Wavelength corresponding to the minimum band reflectance (650–690 nm) 
 

2.5 Modeling method and accuracy evaluation indices 
 
2.5.1 Adjusted R² and all subset regression analyses 
In multilinear regression, the addition of independent 
variables, regardless of their significance, would lead to a 
gradual increase in the model's R2. This occurrence can be 
attributed to the negative correlation between the residual 
sum of squares (RSS) and the independent variables (i.e., 
decreased with the increase in independent variables). This 
phenomenon results in “overfitting”, further leading to the 
accidental increase in data. However, the adjusted R2 (R2

adj) 
considered the influences of both the number of samples and 
independent variables. Hence, R2

adj presented higher 
authenticity and reliability than R2. All subset regression 
analyses based on R2

adj were combined to model all features 
of R2

adj. The optimal model was determined based on the 
maximum value of R2

adj. 
 
2.5.2 K-fold cross-validation (K-fold CV) and all subset 
optimal regression analyses 
In machine learning, cross-validation is highly universal for 
verifying the deviation and variance of the model and is not 
limited to the model itself. The K-fold cross-validation 
algorithm is as follows: 

1) The samples are randomly divided into K 
approximately sized folds; 

2) The samples of the i-th fold (1≤i≤k) are classified 
into the validation set, while the remaining samples 
constitute the training set to develop the model; 

3) The mean validation error of K models is taken as the 
overall model validation error. 

The advantage of this method over leave-one-out cross-
validation lies in the small calculated quantity, as the latter 
needs to calculate n times while this method only needs k 
times (i.e., tenfold in general). Similarly, leave-one-out 
cross-validation tends to result in “overfitting”, which can be 
effectively avoided by K-fold cross-validation. 

In this research, the tenfold cross-validation model was 
compared with the R2

adj-based optimal model with the 
minimum deviation as the basis.  
 
2.5.3 Akaike information criterion 
The Akaike information criterion measures a model's 
complexity and fits the data based on the concept of entropy, 
aiming to seek the model that best explains data and contains 
the fewest free parameters. A smaller AIC value indicates a 
superior model, and it is expressed as: 
 

                        (3) 

 
Where n denotes the number of model samples, m indicates 
the model’s degree of freedom, k stands for the number of 
variables, and S2

p is the mean square residual. 

)1+(2

2

ln +)(= k
m

pS
nAIC
∑
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2.5.4 Evaluation indices for model performance 
The evaluation of model accuracy was based on three 
indices: the coefficient of determination (R2), root mean-
square error (RMSE), and normalized root mean-square error 
(nRMSE)[29]. These indices quantify the accuracy of the 
model and can be presented as follows: 
 

                                  (4) 

 

                            (5) 

 

                        (6) 

 
 Where xi represents the actual value of plant nitrogen 
level; yj represents the estimated value of plant nitrogen 
level; ȳ  signifies the average nitrogen level; and n denotes 
the sample size. 

This study established a nitrogen level model of winter 
wheat plants at two typical growth stages: the jointing and 

filling stages, for estimation based on UAV hyperspectral 
data.  
 
 
3. Results Analysis and Discussion 
 
3.1 Correlation analysis between canopy spectrum and 
winter wheat plant nitrogen content  
 
3.1.1 Correlation analysis between the original canopy 
spectrum and winter wheat plant nitrogen content (N%) 
In this research, 48 samples from the jointing and filling 
stages of winter wheat underwent correlation analysis with 
plant nitrogen content (N%). The findings are depicted in 
Figures 3a and 3b. According to Figure 3a, at the jointing 
stage, canopy spectra correlation coefficients (sampling 
interval: 4 nm) had absolute values in the 734–758 nm and 
930–950 nm ranges. The N% was between 0.578 and 0.605, 
reaching the first 13 positions at the highly significant level 
(P<0.001). Figure 3b shows the trends for the maturation 
stage. The absolute values of the correlation coefficients of 
the canopy spectra (sampling interval: 4 nm) were 402 nm 
and between 410nm and 454 nm. The N% was between 
0.519 and 0.535, reaching the first 13 positions at the highly 
significant level (P<0.001). 

 

   
(a) Jointing stage                                                                                            (b) Filling stage 

(Note: The numbers in the figure are absolute values of correlation coefficients. The closer the number is to 1, the higher the correlation, the same 
below). 
Fig. 3. Correlation coefficient matrix diagram of the original canopy spectra of winter wheat during the jointing and filling stages 

 
3.1.2 Correlation between the canopy fractional 
spectrum and nitrogen content (N%) of winter wheat 
plants 
The spectral data of 48 samples (350–950 nm) at each 
growth stage were subjected to 0- to 2.4-order fractional 
differential processing with 0.2 as the order. Then, we 
conducted a correlation analysis between the fractional 
differential spectrum orders for the 48 samples across 
different growth stages and the winter wheat plant nitrogen 
content (Figures 4 and 5). A highly significant positive 
correlation exists between the 0-order spectrum (original 
spectrum) and winter wheat plant nitrogen at 726–950 nm 
(P<0.001) (Figure 4). Combined with the trends (Figure 5), 
when the order increased from 0 to 1.0 at the jointing stage, 
fractional differential spectra showing highly significant 
correlations with plant nitrogen first increased and then 
decreased. The normal distribution trend was mainly in 610–

682, 714–798, 802–898, and 902–950 nm. As the order 
increased from 1.2 to 2.4, the number of fractional 
differential spectra showing highly significant correlations 
with plant nitrogen gradually decreased, while the 
wavebands passing the 0.1% significance test fluctuated 
more prominently. Furthermore, the band intervals were 
increasingly dispersed. Figures 4 and 5 also show the trends 
for the filling stage. The order increased from 0 to 2.4. 
Furthermore, the number of fractional differential spectra 
also showed highly significant correlations. The plant 
nitrogen gradually decreased. In the order range between 0 
and 1.0, such fractional differential spectra were mainly 
concentrated in 350–398, 402–798, 502–598, 602–698, and 
702–718 nm. When the order was between 1.0 and 2.4, the 
bands passing the 0.1% significance test fluctuated more 
intensely. The highly significant band intervals tended to a 
dispersed state without evident characteristic laws. 
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(a) 0-order fractional differential spectrum                                 (b) 0.2-order fractional differential spectrum 

 
  (c) 0.4-order fractional differential spectrum                                   (d) 0.6-order fractional differential spectrum 

 
(e) 0.8-order fractional differential spectrum                                 (f) 1.0-order fractional differential spectrum 

 
(g) 1.2-order fractional differential spectrum                                  (h) 1.4-order fractional differential spectrum 
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(i) 1.6-order fractional differential spectrum                                 (j) 1.8-order fractional differential spectrum 

 
(k) 2nd-order fractional differential spectrum                                   (l) 2.2-order fractional differential spectrum 

 
(m) 2.4-order fractional differential spectrum 

Fig. 4. Correlation analysis between 0- and 2.4-order fractional differential spectra and winter wheat plant nitrogen content during the jointing stage 
 

 
(a) 0-order fractional differential spectrum                                                  (b) 0.2-order fractional differential spectrum 
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  (c) 0.4-order fractional differential spectrum                                                   (d) 0.6-order fractional differential spectrum 

 
(e) 0.8-order fractional differential spectrum                                                   (f) 1.0-order fractional differential spectrum 

 

 
(g) 1.2-order fractional differential spectrum                                                (h) 1.4-order fractional differential spectrum 

 
(i) 1.6-order fractional differential spectrum                                                  (j) 1.8-order fractional differential spectrum 
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(k) 2nd-order fractional differential spectrum                                                (l) 2.2-order fractional differential spectrum 

 
(m) 2.4-order fractional differential spectrum 

Fig. 5. Correlation analysis between the 0- and 2.4-order fractional differential spectra and nitrogen level of winter wheat plants during the filling 
stage 

 

 
Fig. 6. Number of wavebands passing the 0.1% significance test at each 
growth stage 
 
3.1.3 Comparison and optimization of sensitive 
characteristics of original and fractional canopy spectra 
with highly significant nitrogen content 
The correlations of fractional differential and original 
canopy spectra with the winter wheat plant nitrogen content 
were assessed. On this basis, the wavebands (total: 13 bands) 
in which 0- to 2.4-order fractional differential spectra 
exhibited the strongest correlation with plant nitrogen 
content and the first 13 bands in which the original canopy 
spectrum revealed a correlation with plant nitrogen content 

at the jointing stage were extracted (Figure 7). The 
significance of the association between the spectra and 
winter wheat plant nitrogen content can be effectively 
enhanced by fractional differential processing of the original 
canopy spectra. The overall sensitivity of the maximum 
value of extreme significance of the fractional differential 
spectrum to plant nitrogen was elevated by 1.89%–4.89% in 
contrast to the sensitivity of the original canopy spectrum to 
plant nitrogen at the first 13 positions. The increase reached 
3.43% and 3.23% in the first and second orders. Figure 8 
presents the absolute values of the peak correlation 
coefficients between the fractional differential spectrum and 
plant nitrogen. A bimodal distribution was observed with a 
progressive increase in the order; it first increased and then 
decreased in the order range between 0 and 1. The maximum 
value appeared at 914 nm, corresponding to an order of 
magnitude of 0.8. The absolute value initially increased and 
subsequently decreased in the order range between 1.2 and 
2.4. Furthermore, the maximum value (0.653) appeared at 
746 nm, corresponding to 1.8. By comparing the 
significance of the original spectrum within the same band 
(Table 4), except for the slight reduction of 0.64% at a 
maximum of 738 nm corresponding to the order of 2.4, the 
significance level of the correlation with N% at other orders 
increased by approximately 1.66%–58.82% compared with 
the original spectrum. The improvement effect was the 
maximum at 714 nm, corresponding to the order of 1.4, 
reaching 58.82%. 
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Table 4. Maximum value of the absolute correlation coefficient between fractional differential spectra and plant nitrogen level 
at the jointing stage and the corresponding wavelength and increased amplitude 

Order and corresponding 
wavelength 

Absolute value of 
correlation coefficient 

Original canopy 
spectrum 

Absolute value of 
correlation coefficient 

Increase 
amplitude 

0-order max738 0.604 W738 0.604 0.00% 
0.2-order max734 0.610 W734 0.592 1.87% 
0.4-order max950 0.623 W950 0.589 3.44% 
0.6-order max934 0.621 W934 0.581 4.03% 
0.8-order max914 0.645 W914 0.576 6.94% 
1-order max718 0.616 W718 0.174 44.23% 

1.2-order max714 0.620 W714 0.033 58.66% 
1.4-order max714 0.621 W714 0.033 58.82% 
1.6-order max750 0.624 W750 0.590 3.36% 
1.8-order max746 0.653 W746 0.597 5.60% 
2-order max702 0.616 W702 0.263 35.34% 

2.2-order max742 0.619 W742 0.603 1.66% 
2.4-order max738 0.598 W738 0.604 −0.64% 

Note: For example, the 0.2-order max734 item is the highest absolute correlation coefficient value between the 0.2-order fractional differential 
spectrum and N% and the corresponding wavelength of 734 nm. 
 

 
Fig. 7. Variation trend of the first 13 significant Pearson correlation 
coefficients between the original spectrum and fractional spectrum at 
the jointing stage. 
 

 
Fig. 8. Change in the maximum absolute 0- to 2.4-order differential 
correlation coefficient 

 
The wavebands (total: 13 bands) in which the 0- to 2.4-

order fractional differential spectra exhibited the highest 
correlation with plant nitrogen level and the first 13 bands in 
which the original canopy spectrum indicated a correlation 

with plant nitrogen level at the filling stage were extracted 
(Figure 9). The overall sensitivity of the maximum value of 
extreme significance of the fractional differential spectrum 
to plant nitrogen was elevated by 1.56%–10.27% in contrast 
to the sensitivity of the original canopy spectrum to plant 
nitrogen at the first 13 positions. The increase reached 
5.93% and 4.18% in the first and second orders. Figure 10 
shows the absolute value of the highest correlation 
coefficient between the fractional differential spectrum and 
plant nitrogen. A trimodal distribution was observed with a 
progressive increase in the order; it first increased and then 
decreased in the order range between 0 and 1. The maximum 
value appeared at 410 nm, corresponding to an order of 0.2 
at 426 nm and an order of 1. In the order range between 1.2 
and 2.4, the absolute value first increased and then decreased, 
increasing on the whole compared with the order range 
between 0 and 1. The absolute correlation coefficient at 430 
nm corresponding to the order 1.8 was 0.637. Combining the 
significance of the original spectrum within the same band 
(Table 5), the absolute value of the highest correlation 
coefficient of integral fractional differential spectra with N% 
increased by nearly 0.99%–11.01% compared to the original 
spectrum. The improvement effect was the maximum at 430 
nm, corresponding to 1.8, reaching 11.01%. 
 

 
Fig. 9. Variation trend of the highly significant Pearson correlation 
coefficient between the original spectrum and fractional spectrum at the 
filling stage in the first 13 positions 
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Table 5. Maximum absolute correlation coefficient between the fractional differential spectrum and plant nitrogen content at 
the filling stage and the corresponding wavelength and increased amplitude 

Order and corresponding 
wavelength 

Absolute value of 
correlation coefficient 

Original canopy 
spectrum 

Absolute value of 
correlation coefficient 

Increase 
amplitude 

0-order max422 0.535 W422 0.604 0.00% 
0.2-order max410 0.563 W410 0.592 4.25% 
0.4-order max402 0.545 W402 0.589 2.63% 
0.6-order max362 0.548 W362 0.581 7.45% 
0.8-order max426 0.552 W462 0.576 2.85% 
1-order max426 0.584 W462 0.174 6.07% 

1.2-order max406 0.577 W406 0.033 6.82% 
1.4-order max630 0.593 W630 0.033 9.63% 
1.6-order max430 0.615 W430 0.590 8.81% 
1.8-order max430 0.637 W430 0.597 11.01% 
2-order max554 0.566 W554 0.263 9.26% 

2.2-order max422 0.545 W422 0.603 0.99% 
2.4-order max574 0.546 W574 0.604 6.00% 

Note: For example, the 0.2-order max410 item is the highest absolute correlation coefficient value between the 0.2-order fractional differential 
spectrum and N% and the corresponding wavelength of 410 nm. 

 
 

 

 
Fig. 10. Change in the maximum absolute 0- to 2.4-order differential 
correlation coefficient 
 

 
In summary, the significance of the correlation between 

the spectra and nitrogen level of winter wheat plants can be 
effectively enhanced by fractional differential processing of 
the original canopy spectrum of winter wheat. The fractional 
differential wavelength corresponding to the highest 
absolute correlation coefficient between fractional 
differential spectra and winter wheat plant nitrogen level 
exhibited relatively optimal spectral characteristics. 
 
3.2 Correlation analysis of hyperspectral vegetation 
index and spectral location and area characteristics with 
nitrogen content 
 
3.2.1 Correlation analysis between the hyperspectral 
vegetation index and nitrogen content of winter wheat 
plants 
The responsiveness of hyperspectral vegetation indices to 
the nitrogen level of winter wheat plants was evaluated by 
screening out the hyperspectral vegetation indices (Table 2 
in Section 2.4.2) by a correlation coefficient test. Given the 
different biochemical components characterized by different 
vegetation indices, the correlation between them and the 
nitrogen level of winter wheat plants was extremely different. 
Figure 12a shows the results for the jointing stage. The 
absolute value of the correlation coefficients of the 
vegetation indices of NIR, R′, EVI, MSAVI2, R, OSAVI, 
FDOSAVI, FDDVI, FDNDVI, and B′  with the winter 
wheat plant nitrogen level ranged from 0.478 to 0.575, 
reaching a significant correlation level of 0.01. NIR and R′ 

were better than the other vegetation indices, reaching 0.575 
and 0.561, respectively. This scheme can effectively 
characterize the winter wheat plant nitrogen level. The 
absolute values of the correlation coefficients of B, B′, G, 
FDNDVI, Carter6, OSAVI, EGFN, G′, R, and EVI with 
the winter wheat plant nitrogen level were between 0.448 
and 0.517 (Figure 11b). The values reached the highly 
significant correlation level of 0.01. B and B′ were better 
than the other vegetation indices, reaching 0.517 and 0.502, 
respectively. 

 

 
(a) Jointing stage 

 
(b) Filling stage 

Fig. 11. Changes in correlation coefficients between hyperspectral 
vegetation indices and nitrogen content 
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3.2.2 Correlation analysis of spectral position and area 
characteristics with winter wheat plant nitrogen content 
The spectral characteristic distinguishing green plants from 
other surface features is the “red edge”. Similarly, the “blue 
edge” and “yellow edge” exhibit similar characteristics to 
the red edge, and all of these edges are closely associated 
with the growth status of crops. As the “green peak” of the 
yellow light region is closely associated with chlorophyll 
and nitrogen, when crops are in a healthy growth stage, 
nitrogen is effectively absorbed, chlorophyll content is high, 
the green peak is partial to blue light, and the amplitude 
decreases. When crops are stressed by plant diseases and 
insect pests or “lose greenness” due to nitrogen deficiency, 
the green peak experiences a redshift, accompanied by an 
increasing amplitude. Hence, the nitrogen gains and losses 
of winter wheat during various growth periods can be 
explored by studying the spectral position and area 
characteristic parameters of winter wheat. Here, the 
responsiveness of spectral position and area characteristic 
parameters to the winter wheat plant nitrogen level was 
evaluated by screening out the spectral position and area 
characteristic parameters (Table 3 of Section 2.4.3) via the 
correlation coefficient test method. Figure 12a shows the 
trends for the jointing stage. The six characteristics are the 
yellow edge amplitude (Dy), yellow edge area (SDy ), red 
edge amplitude (Dr), red edge area (SDr), and green peak 
position (λg). Furthermore, the standard value of the red and 
yellow edge area ((SDr -SDy)/ (SDr +SDy)) reached a high 
significance level of 0.01. The absolute values of the 
correlation coefficients were between 0.507 and 0.57, among 
which the green peak position (λg) and red edge area 
(SDr)were better than the other characteristics, reaching 0.57 
and 0.569, respectively. Figure 13b shows the trends for the 
filling stage. Seven characteristics, including the yellow 
edge amplitude (Dy), yellow edge position (λy), green peak 
reflectance(ρg), green peak area (SDg), red valley reflectance 
(ρr), and normalized values of the red edge area and blue 
edge area ((SDr - SDb)/ (SDr + SDb)). The normalized values 
of the red edge area and yellow edge area((SDr -SDy)/ (SDr 
+SDy) ) reached a level of 0.01. The absolute values of the 
correlation coefficients were between 0.445 and 0.508. 
Among them, red valley reflectance (ρr) and yellow edge 
amplitude (Dy) were better than other characteristics, 
reaching 0.508 and 0.504, respectively. 
 
3.2.3 Screening of highly significant sensitive 
characteristics of nitrogen content in winter wheat plants 
Based on the analytical findings presented in Sections 3.2.1 
and 3.2.2, at the jointing stage, the relatively optimal 
sensitive characteristics with the highly significant 
responsiveness ranking top ten to winter wheat plant 
nitrogen content were NIR, green peak position (λg), red 
edge area (SDr), R′ , yellow edge area (SDy), red edge 
amplitude (Dr), EVI, MSAVI2, R, and yellow edge 
amplitude (Dy), and the absolute values of correlation 
coefficients were between 0.530 and 0.575 (Figure 13a). 
During the filling stage, the relatively optimal sensitive 
characteristics with the highly significant responsiveness 
ranking top ten to winter wheat plant nitrogen content were 
B, red valley reflectance (ρr), yellow edge amplitude (Dy), 
B′, normalized values of red edge area and blue edge area 
((SDr - SDb)/ (SDr + SDb)), G, green peak area (SDg), 
FDNDVI, normalized values of red and yellow edge area 
((SDr - SDy)/ (SDr + SDy)), and green peak reflectance (ρg). 
The absolute values of the correlation coefficients were 
between 0.475 and 0.517 (Figure 13b). Therefore, in this 

study, the ten vegetation indices or spectral position and area 
parameters reaching a highly significant correlation with the 
nitrogen content of plants were used as the characteristic 
input parameters for constructing the nitrogen content model 
of winter wheat plants.  
 

 

 
(a) Jointing stage 

 
(b) Filling stage 

Fig. 12. Changes in correlation coefficients of spectral position and area 
with nitrogen content 
 
3.3 Construction of an estimation model for winter wheat  
 
3.3.1 Construction of plant nitrogen content model based 
on highly significant fractional differential spectra of 
plants 

1) An estimation model for nitrogen content in winter 
wheat plants was developed through an all-subset regression 
analysis of R2

adj  
With the wavelength corresponding to the correlation 

analytical results between fractional differential spectra and 
nitrogen of winter wheat plants (Section 3.1.3) as the 
independent variable, a multilinear regression model of 
nitrogen content in winter wheat plants was constructed on 
the basis of all subset regression analyses of R2

adj and 
evaluated by calculating R2

adj, R2, RMSE, and nRMSE. The 
RSS changes in all subset regression analyses during the 
jointing and filling stages are illustrated in Figures 14a and 
14b. As the independent variable was added, the RSS of the 
model gradually decreased regardless of the jointing or 
filling stage. The optimal subset regression analytical results 
are shown in Figures 15a and 15b. Despite the data 
repetition of R2

adj (y-coordinate), such as 0.54, 0.51, 0.56, 
and 0.58, under the same nRMSE, the smaller the number of 
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variables, the better (the same accuracy was reached using 
the minimal number of variables). 
All subset regression analyses based on R2

adj were performed. 
Then, a model was established using eight fractional spectral 
wavelengths, namely, 0-order (738 nm), 0.2-order (734 nm), 
0.4-order (950 nm), 0.6-order (934 nm), 1.4-order (714 nm), 
1.6-order (750 nm), 1.8-order (746 nm), and 2.4-order (738 
nm) wavelengths, at the jointing stage and taken as 
independent variables. This subset model was optimal. 
Figure 15a displays the outcomes of the optimal subset 
analysis. Similarly, for the filling stage (Figure 15b), another 

model was constructed using ten fractional spectral 
wavelengths, namely, 0.2-order (410 nm), 0.4-order (402 
nm), 0.6-order (362 nm), 0.8-order (426 nm), 1.0-order (426 
nm), 1.2-order (406 nm), 1.6-order (430 nm), 1.8-order (430 
nm), 2.0-order (554 nm), and 2.4-order (574 nm) 
wavelengths, and taken as independent variables. These 
variables represent the optimal subset model during the 
filling stage. 
 

 

 
 

(a) Jointing stage                                                                                             (b) Filling stage 
Fig. 13. Absolute values of the correlation coefficients of the top ten sensitive characteristics highly significantly correlated with plant nitrogen 

 

 
(a) Jointing stage 

 
(b) Filling stage 

Fig. 14. Change in the RSS of all subset regression analyses with the 
number of independent variables 

 

 
(a) Jointing stage 

(Note: X1-X10 are the corresponding sensitive fractional spectra, 
namely, 0-order (738 nm), 0.2-order (734 nm), 2.4-order (738 nm), 0.6-
order (934 nm), 0.8-order (914 nm), 1.0-order (718 nm), 1.2-order (714 
nm), 1.4-order (714 nm), 1.6-order (750 nm), 1.8-order (746 nm), 2.0-
order (702 nm), 2.2-order (742 nm), and 2.4-order (738 nm) spectra, at 
the jointing stage, which are also the independent variables of the model. 
The intercept is the model constant term. The correlation between the 
independent variable and R2

adj increases as the color darkens. The white 
color denotes no correlation. In this study, with R2

adj taken as the 
criterion, the black variables are screened out as independent variables 
to constitute the optimal subset.) 
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(b) Filling stage 

(Note: X1–X10 is the corresponding sensitive fractional spectra, namely, 
0-order (422 nm), 0.2-order (410 nm), 2.4-order (574 nm), 0.6-order 
(362 nm), 0.8-order (426 nm), 1.0-order (426 nm), 1.2-order (406 nm), 
1.4-order (630 nm), 1.6-order (430 nm), 1.8-order (430 nm), 2.0-order 
(554 nm), 2.2-order (422 nm), and 2.4-order (574 nm) spectra, at the 
filling stage, which are also the independent variables of the model. The 
intercept is a constant term of the model.) 
Fig. 15. All subset regression analyses of fractional differential spectra 
during the jointing and filling stages based on R2

adj 

 
2) The estimation model of nitrogen content in winter 

wheat plants was established by all subset regression 
analyses of the tenfold cross-validation 

With the wavelengths corresponding to the correlation 
analytical results between fractional differential spectra and 
nitrogen content in winter wheat plants (Section 3.1.3) taken 
as the independent variables, a multilinear regression model 
of the nitrogen content in winter wheat plants was 
established on the basis of all subset regression analyses of 
the tenfold cross-validation and evaluated by calculating 
R2

adj, R2, RMSE, and nRMSE. All subset analyses were 
performed on the basis of tenfold cross-validation at each 
growth stage. Six fractional spectral wavelengths, namely, 
0.6-order (934 nm), 1.2-order (714 nm), 1.4-order (714 nm), 
1.6-order (750 nm), 1.8-order (746 nm), and 2.4-order (738 
nm) wavelengths, at the jointing stage, were chosen as the 
independent variables for modeling. The minimum average 
cumulative deviation of the tenfold cross-validation is shown 
in Figure 16a. Similarly, for the filling stage (Figure 16b), 
the number of independent variables leading to the minimum 
average cumulative deviation of tenfold validation was 10. 
The analytical results of the independent variables used in 
this optimal subset model were ten fractional spectral 
wavelengths, namely, 0.2-order (410 nm), 0.4-order (402 
nm), 0.6-order (362 nm), 0.8-order (426 nm), 1.0-order (426 
nm), 1.2-order (406 nm), 1.6-order (430 nm), 1.8-order (430 
nm), 2.0-order (554 nm), and 2.4-order (574 nm) 
wavelengths. The values coincide with all subset regression 
analyses based on R2

adj results. 
 

3.3.2 Construction of the plant nitrogen content model 
using highly significant sensitive spectral characteristics 

1) Estimation model of winter wheat plant nitrogen 
content using all subset regression analyses of R2

adj 
With the ten sensitive spectral characteristics (i.e., 

vegetation index or spectral position and area parameters) 
previously optimized (Section 3.2.3) taken as independent 
variables, a multilinear regression model of nitrogen level in 
winter wheat plants was constructed on the basis of all 

subset regression analyses of R2
adj and evaluated by 

calculating R2
adj, R2, RMSE, and nRMSE. 

All subset regression analyses (Figure 16a) were 
performed on the basis of R2

adj. At the jointing stage, a 
model was established by taking two sensitive spectral 
characteristics (green peak position (λg) and R) as 
independent variables. Similarly, for the filling stage (Figure 
16b), a model was constructed using five sensitive spectral 
characteristics, namely, G, B, yellow edge amplitude (Dy), 
green peak area (SDg), and red valley reflectance (ρr), and 
taken as independent variables. These variables represent the 
optimal subset model with sensitive spectral characteristics 
as the standard at the filling stage.  

 

 
(a) Jointing stage 

(Note: X1–X10 is the screened sensitive spectral characteristics at the 
jointing stage (Section 3.2.3), including NIR, green peak position (λg), 
red edge area (SDr), R′, yellow edge area (SDy), red edge amplitude (Dr), 
EVI, MSAVI2, R, and yellow edge amplitude (Dy), which are also the 
independent variables of the model. The intercept is a constant term of 
the model. The correlation between the independent variables and R2

adj 

increases as the color darkens. The white color indicates no correlation. 
Here, the black-colored variables are independent variables screened on 
the basis of R2

adj to form an optimal subset.) 

 
(b) Filling stage 

(Note: X1–X10 is the screened sensitive spectral characteristics 
screened (Section 3.2.3), including B, red valley reflectance (ρr), yellow 
edge amplitude (Dy), B′, normalized values of red and blue edge area 
((SDr - SDb)/( SDr + SDb)), G, green peak area (SDg), FDNDVI, 
normalized values of red and yellow edge area ((SDr - SDy)/( SDr + 
SDy)), and green peak reflectance (ρg), which are also the independent 
variables of the model. The intercept is a constant term of the model.) 
Fig. 16. All subset regression analysis of sensitive spectral 
characteristics based on R2

adj during the jointing and filling stages 
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2) Estimation model of nitrogen level in winter wheat 
plants using all subset regression analyses of the tenfold 
cross-validation  

Based on the correlation analytical results between 
sensitive spectral characteristics and nitrogen content in 
winter wheat plants (Section 3.2.3), a multilinear regression 
model of nitrogen level in winter wheat plants was 
constructed on the basis of all subset regression analyses of 
the tenfold cross-validation. All subset analyses were 
performed on the basis of tenfold cross-validation at each 
growth stage. At the jointing stage, two sensitive spectral 
characteristics (green peak position (λg) and R) were chosen 
as independent variables for modeling. The result was 
consistent with all subset regression analyses based on R2

adj. 
In this case, the minimum average cumulative deviation of 
the tenfold cross-validation is shown in Figure 17a. 
Similarly, the average cumulative error increased as 
independent variables were added, showing an overall 
uptrend. Figure 17b shows the trends for the filling stage. In 
the case of only one independent variable, the average 
cumulative residual error was the minimum in all subsets, 
while that under other circumstances continued to increase. 
The analytical results of the independent variables used in 
this optimal subset model represented a single sensitive 
spectral characteristic, i.e., B. 

 

 
(a) Jointing stage 

 
(b) Filling stage 

Fig. 17. Selection of independent variables for all subset regression 
analyses of sensitive spectral characteristics based on tenfold cross-
validation 

 
    

3.4 Model optimization and evaluation 
 
The estimation models of nitrogen level in winter wheat 
plants established on the basis of the different spectral 
variables were evaluated and screened. Accordingly, a better 
estimation model was identified. The findings are shown in 
Table 6. The following findings can be inferred: 

1) During the jointing stage, the R2
adj and R2 of the plant 

nitrogen content model using the fractional differential 
spectra increased by approximately 0.123 and 0.157 
compared with those of the plant nitrogen level model on the 
basis of sensitive spectral characteristics, accompanied by an 
obvious reduction of RMSE and nRMSE by 2.9% and 0.94%, 
respectively. 2) At the filling stage, R2

adj and R2 of the plant 
nitrogen level model as fractional differential spectra 
increased by approximately 0.298 and 0.311 compared with 
those of the plant nitrogen content model based on sensitive 
spectral characteristics, accompanied by apparent reductions 
in RMSE and nRMSE by 3.7% and 2.75%, respectively. 3) 
At two typical growth stages of winter wheat, the plant 
nitrogen content model based on fractional differential 
spectra was generally better than that based on sensitive 
spectral characteristics. In contrast, R2

adj and R2 of the former 
were elevated. Furthermore, the corresponding RMSE and 
nRMSE values were significantly reduced, further proving 
that fractional differential spectra could highlight the minor 
differences between spectral data and improve the 
absorption of weak spectra to a great extent to save more 
valid information. 4) During the jointing stage, R2

adj and R2 
of the optimal subset regression model established based on 
R2

adj and fractional differential spectra increased by 0.011 
and 0.029 compared with those of the optimal subset 
regression model using the tenfold cross-validation method. 
The RMSE and nRMSE values decreased by 0.5% and 0.19%, 
respectively. Meanwhile, the former showed a greater AIC 
than the latter. Moreover, as discussed in Section 3.3.1, the 
former included ten independent variables and six 
independent variables. The improvement was only minor 
because the model remained complex. Overall, the optimal 
subset regression model based on the tenfold cross-
validation method was relatively optimal at the jointing 
stage. 5) At the filling stage, for models established on the 
basis of the fractional differential spectra, R2

adj, R2, RMSE, 
and nRMSE. The model parameters of the optimal subset 
regression model based on R2

adj were relatively consistent 
with those of the optimal subset regression model using the 
tenfold cross-validation method. 

In summary, in the two typical growth stages of winter 
wheat, the optimal subset regression model based on the 
tenfold cross-validation method with fractional differential 
spectra taken as variables was the relatively optimal 
estimation model for nitrogen content in winter wheat plants, 
as the model was validated while being optimally selected. 
The model validation results at two typical growth stages are 
presented in Figures 18a and 18b. Figure 18 shows the 
scattered points of plant nitrogen content predicted by the 
model and those of the actual measurements of the plant 
nitrogen content that were uniformly distributed near the 1:1 
line. 
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Table 6. Accuracy evaluation of estimation models established on the basis of the different spectral variables at two typical 
growth stages 
 
Growth 
stage 

 
Modeling 
characteristic 

 
Modeling 
method 

Modeling accuracy Validated accuracy 
R2 RMSE/ 

(%) 
nRMSE Adj. R2 AIC R2 RMSE/ 

(%) 
nRMSE 

Jointing 
stage 

Fractional 
differential 
spectrum 

Adj. R2 0.625** 0.155 5.04% 0.548** −157.09 0.484* 0.185 6.12% 
tenfold cross-
validation 

0.596** 0.16 5.23% 0.537** −157.97 0.596** 0.16 5.23% 

VI&D&SD# 

sensitive 
characteristic 

Adj. R2 0.439* 0.189 6.17% 0.414* −144.4 0.289 0.267 8.82% 
tenfold cross-
validation 

0.439* 0.189 6.17% 0.414** −144.4 0.439* 0.189 6.17% 

Filling 
stage 

Fractional 
differential 
spectrum 

 

Adj. R2 0.667** 0.094 6.99% 0.577** −201.01 0.439** 0.095 7.12% 
tenfold cross-
validation 

0.667** 0.094 6.99% 0.577** −201.01 0.439** 0.095 7.12% 

VI&D&SD# 
sensitive 

characteristic 

Adj. R2 0.356* 0.131 9.74% 0.279 −182.61 0.446° 0.12 8.97% 
tenfold cross-
validation 

0.267° 0.14 10.39% 0.251 −171.74 0.267° 0.14 10.39% 

Note: VI in# is the hyperspectral vegetation index, and D&SD represents the characteristic based on spectral area and position; ° means the 
significance level of 0.1; * indicates the significance level of 0.05; ** denotes the extreme significance level of 0.01 

 
 

 
(a) Jointing stage 

 

 
(b) Filling stage 

Fig. 18. Validation of the optimal subset regression model based on the 
tenfold cross-validation method with fractional differential spectra as 
variables 
 
 
4. Conclusions 
 
The winter wheat canopies' UAV hyperspectral data 
underwent fractional differential processing in this study. 
The optimal fractional order reflecting plant nitrogen content 

and the wavelength were screened out on this basis. 
Meanwhile, the study compared the correlations between 
plant nitrogen content and hyperspectral vegetation indices, 
spectral location and area characteristic parameters. With 
highly significant spectral variables as the model input, 
optimal subset regression analysis was performed based on 
R2

adj and tenfold cross-validation to establish relatively 
optimal estimation models for winter wheat plants at two 
typical growth stages: jointing and filling. On this basis, an 
experimental study was conducted. The study yielded the 
following conclusions: 

1) After fractional differential processing, the original 
canopy spectrum can effectively enhance the correlation 
between spectral reflectance and nitrogen level in winter 
wheat plants. The corresponding wavelength was 714 nm, 
which represented an increase of 58.82% compared to the 
original canopy spectrum at the same wavelength., 
Furthermore, it exhibited a 1.89% increase compared with 
the maximum correlation coefficient observed in the canopy 
spectra and a 3.43% and 3.23% increase compared to the 
first and second-order spectra, respectively. During the 
filling stage, the maximum correlation coefficient was on the 
order of 1.8. The corresponding wavelength was 430 nm, 
with an increase of 11.01% compared with the original 
canopy spectrum of the same wavelength, 1.56% compared 
to the maximum correlation coefficient of the canopy 
spectra, and 5.93% and 4.18% compared with the first- and 
second-order spectra, respectively. These findings 
effectively prove that the fractional differential processing of 
canopy spectra can mitigate the impact of baseline shift and 
background noise and improve the spectral characteristics of 
physiological features inside winter wheat. These findings 
coincide with the study results of relevant scholars. 

2) In the two typical growth stages of winter wheat, the 
nitrogen content model of the plant, utilizing fractional 
differential spectra, demonstrated superior performance 
compared to the model based on sensitive spectral 
characteristics. At the jointing and filling stage, R2

adj and R2 

increased by approximately 0.123 and 0.157 and 0.298 and 
0.311, respectively, accompanied by a significant reduction 
in RMSE by 2.9% and 0.94% and nRMSE by 3.7% and 
2.75%, respectively. This finding further verified that 
fractional differential spectra had prominent effects on 
refining spectral details. 

3) During the jointing stage, R2
adj and R2 of the optimal 

subset regression model established on the basis of R2
adj and 
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fractional differential spectra increased by 0.011 and 0.029 
compared with those of the optimal subset regression model 
using the ten-fold cross-validation method. Furthermore, the 
RMSE and nRMSE values decreased by 0.5% and 0.19%, 
respectively. Meanwhile, the former showed a greater AIC 
than the latter. The former included ten independent 
variables, four more than the latter. Therefore, this minor 
improvement was achieved despite the increase in model 
complexity. At the jointing stage, the optimal subset 
regression model based on fractional differential spectra and 
ten-fold cross-validation method was a relatively optimal 
model. 

4) At the filling stage, for models established on the 
basis of fractional differential spectra, the optimal subset 
optimization results were consistent regardless of whether 
they were based on R2

adj or ten-fold cross-validation. The 
same ten fractional spectral wavelengths were taken as the 
model input parameters. 

This study demonstrates that the fractional differential 
processing of UAV hyperspectral data of winter wheat can 

effectively assess the nitrogen content in winter wheat 
plants, and it provides a feasible method for the scientific 
and precise management of nitrogen fertilizer prescription 
and the effective monitoring of plants’ physiological growth 
status. 
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