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Abstract: AVNDVI (Accumulative Visible Normalized Difference Vegetation Index), a new type of
derivative parameters of NDVI, was set up by improving the computational formulas and importing
the spectral information of visible bands after analyzing the construction idea of NDVI and its
derivative parameters. Then, the characteristic values of VNDVI (Visible NDVI) were calculated
by applying a combinational method of sensitive bands of visible bands. The study carried out the
fitting analysis between NDVI, VNDVI, AVNDVI, and LAI (Leaf Area Index). Several conclusions
are obtained according to data analysis. Firstly, all of the determination coefficients between NDVI,
VNDVI, AVNDVI, and LAI of rapeseed can reach or exceed 0.83. The distribution of their RMSE values
ranges from 0.4 to 0.5 and absolute values of RE vary from 0.9% to 2.1%. Secondly, the inversion
sensitivity SV of VNDVI and LAI ranges from 0.7 to 1.9 relative to NDVI, and the inversion sensitivity
SA of AVNDVI decreases in varying degrees with the promotion of capacity of resisting disturbance
accordingly. Its value varies from 0.1 to 0.9. Thirdly, the values of SA remain stable between 0.1
and 0.3 with the increase of NDVI. Applying the inversion model of AVNDVI will be a considerable
scheme when faced with a complex environment and many interfering factors.
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1. Introduction

The normalized difference vegetation index (NDVI), which is one of the important spectral
parameters reflecting crop growth and nutrient information, has been widely used in leaf area index
(LAI) estimation, chlorophyll inversion, and protein assessment. Many researchers have shown that
there is a good correlation between NDVI and LAI. Therefore, measuring NDVI can characterize
vegetation information and the growth trend of crops.

To improve the application effect of the normalized difference vegetation index, researchers
analyze the shortcomings and deficiencies of NDVI from different aspects, put forward the
corresponding improvement methods, and furthermore build a series of derivative parameters. There
are generally two main ideas, as follows: (1) Keeping the same spectral characteristics of the red
band and near-infrared band of NDVI, and improving the mathematical transformation. This method
can enhance the vegetation characteristics of vegetation information and weaken the non-vegetation
interference information, so as to improve the sensitivity of vegetation index. (2) On the basis of
the original mathematical function of NDVI, new spectral parameters are introduced by a certain
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mathematical expression for improving applicability and sensitivity. Chen Zhaoxia et al. [1] and Jin
Xiuliang et al. [2] adopted the first improvement idea and amplified the reflectivity components of
NIR (Near Infrared) and Red n times, thus enlarging the difference between the near-infrared and
infrared reflectance parameters. Consequently the estimation accuracy of NDVI for the vegetation
coverage of winter wheat is improved. Meanwhile, the literature [3–24] has taken the second kind
of idea. Wang Fuming et al. [3] thought that green and blue bands were sensitive to the vegetation
coverage in varying degrees. Accordingly, new types of NDVI derivative parameters such as BNDVI
(Blue NDVI), GRNDVI (Green and Red NDVI), GBNDVI (Green and Blue NDVI), RBNDVI (Red and
Blue NDVI), etc., were constructed. Then, the estimation ability of these vegetation indices for rice
LAI was analyzed by experiments. Li Xinchuan et al. [6] constructed a new vegetation index to assess
the leaf area index of winter wheat after fusing the short infrared ray characteristic band with the
index of visible and near-infrared wave bands, which effectively improved the correlation between the
vegetation index and LAI. Gitelson et al. [9] introduced the green wave band in the index of NDVI to
build the GNDVI (Green NDVI) index, and achieved a high estimation accuracy in correlation with
vegetation coverage. Yoder et al. [12] also used the green band to construct a new vegetation index,
and achieved an ideal result in the study of the fitting degree with the photosynthesis of Douglas fir.
The above research has already achieved preferable results in the quantitative analysis of the spectral
vegetation index and crop biological parameters. But in terms of research ideas, it seems to be relatively
simple. Only one of the two methods is usually used, namely, improving mathematical transformation
or introducing new band characteristic parameters. Therefore, it is worth further exploring whether
the two methods can be combined to construct new derivative parameters of NDVI to improve the
estimation accuracy and applicability of the quantitative analysis of the vegetation index. On the
basis of the parameters such as NDVI, GNDVI, BNDVI etc., the study attempts to enhance vegetation
feature information and construct accumulative types of derivative parameters of NDVI through the
accumulation of correlation information, analyzing the correlation between these parameters and the
leaf area index of rapeseed simultaneously.

2. Materials and Methods

2.1. Experimental Design

During the 2017 growing season, a field experiment was conducted at Yunyuan comprehensive
experimental site of Hunan Agricultural University (113.07◦ E, 28.18◦ N), located in Furong district,
Changsha city. Xiangyou 708, which is a variety of middle-mature and high oleic acid rapeseed,
was selected for this experimental material. The sowing density was designed to be high, medium,
and low, with a high density of 450,000 plants per ha, a medium density of 300,000 plants per ha,
and a low density of 150,000 plants per ha. A fertilization scheme was implemented according
to compound fertilizer (the content of N, P and K is 45%) gradient design: low −225 kg·ha−1,
medium −487.5 kg·ha−1, and high −750 kg·ha−1. Planting plots, each of which was 16 m2, were
randomly distributed.

2.2. Data Collection

The spectrometric measurement was conducted using a Field Spec®3 portable analytical spectral
device (ASD, Boulder, CO, USA). The sampling interval of this device over the range of 350–1000 nm
is 1.4 nm with a 3 nm resolution. The spectral sampling interval of 1000–2500 nm is 2 nm, and its
resolution is 10 nm. Measurements were taken between 10:30 am and 1:30 pm. During the data
measurements, fiber optic probes had a 25◦ field of view all the time. Scans were taken from the height
of 70 cm to the nadir position of the rapeseed canopy. Five canopy positions with balanced growth in
each plot were selected for spectral data acquisition respectively. Meanwhile, a whiteboard calibration
was performed every five minutes.
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LAI-2200 (LI-COR, Lincoln, NE, USA) was selected for the measuring of the rapeseed leaf area
index. The measurement time was synchronized with the spectral data acquisition. Five sampling
points were selected evenly along two diagonal lines of each planting plot. Furthermore, each point
was measured five times to calculate the average.

According to the above method, 180 samples of rapeseed growth cycle from 2017 to 2018
were obtained.

2.3. NDVI and Its Derivative Parameters

NDVI and its derivative parameters are spectral characteristic parameters composed of four
bands: blue, green, red, and near-infrared. The correlation between vegetation indices and the leaf
area index is not same with varying degrees. For example, Tian Yong-chao et al. [5] obtained the
derivative normalized NI (D524, D805) formed by the combination of 524 nm and 805 nm, which has
the best correlation with LAI. Chen Zhao-xia et al. [1] calculated that 692/858 nm was the combination
of the NDVI band with the highest determination coefficient of wheat coverage. Additionally,
the vegetation index calculated by the other band combination can be ignored in the correlation
analysis. Wang Fu-ming et al. [3] worked out the mean values of the composition band of VNDVI
(Visible NDVI) and got the vegetation index values by putting these mean values into formulas.
This idea reduced the complexity of calculation and enhanced the anti-interference ability of these
parameters to some extent, but neglected a large amount of feature information of the spectral data.
In this study, AVNDVI (Accumulative Visible NDVI), a new type of derivative parameters of NDVI,
was constructed through leading the band combination calculation into VNDVI [3] and accumulating
the results. The parameters take account of vegetation spectral information contained in red, blue, and
green wavebands. Thus, the stability of the response characteristics is enhanced by the accumulative
calculation of spectral information, and the fitting performance of the inversion models is improved
because of the complementary information of the hyperspectral bands. The calculation formula is as
follows:

AVNDVI =
rm2

∑
rm1

rn2

∑
rn1

NIRm − VISn

NIRm + VISn
(1)

where NIRm represents the spectral reflectances of near infrared; VISn represents the spectral
reflectances of visible bands, containing blue, green, and red wavebands; [rm1, rm2] and [rn1, rn2]
represent the reflectances in the near infrared and visible band range respectively; and [m1, m2] and
[n1, n2] denote the range of the near infrared and visible waveband. The specific calculation formulas
of vegetation indices are shown in Table 1.

Table 1. Summary of NDVI and its derivative parameters.

Index Calculation Formula Reference Comment

NDVI NDVI = NIR−RED
NIR+RED Rouse et al. [21] normalized vegetation index

GNDVI GNDVI = NIR−Green
NIR+Green Gitelson et al. [9] Green normalized vegetation

index

BNDVI BNDVI = NIR−Blue
NIR+Blue Wang Fu-ming et al. [3] Blue normalized vegetation

index

GRNDVI GRNDVI = NIR−(Green+Red)
NIR+(Green+Red) Wang Fu-ming et al. [3] Green and Red normalized

vegetation index

GBNDVI GBNDVI = NIR−(Green+Blue)
NIR+(Green+Blue) Wang Fu-ming et al. [3] Green and Blue normalized

vegetation index

RBNDVI RBNDVI = NIR−(Red+Blue)
NIR+(Red+Blue) Wang Fu-ming et al. [3] Red and Blue normalized

vegetation index

ANDVI ANDVI =
rm2

∑
rm1

rn2

∑
rn1

NIRm−Redn
NIRm+Redn

this paper accumulative normalized
vegetation index
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Table 1. Cont.

Index Calculation Formula Reference Comment

AGNDVI AGNDVI =
rm2

∑
rm1

rn2

∑
rn1

NIRm−Greenn
NIRm+Greenn

this paper Green accumulative
normalized vegetation index

ABNDVI ABNDVI =
rm2

∑
rm1

rn2

∑
rn1

NIRm−Bluen
NIRm+Bluen

this paper Blue accumulative normalized
vegetation index

AGRNDVI AGRNDVI =
rp2

∑
rp1

rm2

∑
rm1

rn2

∑
rn1

NIRp−(Greenm+Redn)
NIRp+(Greenm+Redn)

this paper Green and Red accumulative
normalized vegetation index

AGBNDVI AGBNDVI =
rp2

∑
rp1

rm2

∑
rm1

rn2

∑
rn1

NIRp−(Greenm+Bluen)
NIRp+(Greenm+Bluen)

this paper Green and Blue accumulative
normalized vegetation index

ARBNDVI ARBNDVI =
rp2

∑
rp1

rm2

∑
rm1

rn2

∑
rn1

NIRp−(Redm+Bluen)
NIRp+(Redm+Bluen)

this paper Red and Blue accumulative
normalized vegetation index

Note: NIR, Green, Blue, and Red represent spectral reflectances of near infrared, green, blue, and red
bands, respectively.

The series of Landsat satellites are one of the main sources of observation data for remote
sensing technology research and application. In this study, the blue band (450–520 nm), green band
(520–600 nm), red band (630–690 nm), and near infrared (760–900 nm) were selected as the calculation
range of each parameter according to the spectral division criteria of Landsat 5/7.

2.4. Measurements of Sensitivity and Anti-Interference

The sensitivity of spectral parameters refers to the drifting degree of the parameters in each
spectral dimension when the properties of the object change [20]. What is more, the anti-interference
is used to indicate the displacement degree of the value of parameters when the properties of a
non-research object change in spectral space. The sensitive function is a common index employed to
measure sensitivity and anti-interference. In this study, we have defined the calculation formulas of
the sensitive function of derivative parameters on the basis of NDVI.

Sv =

[
d(VNDVI)
d(NDVI)

]
∗
[

∆(VNDVI)
∆NDVI

]−1
(2)

SA =

[
d(AVNDVI)

d(NDVI)

]
∗
[

∆(AVNDVI)

∆(NDVI)

]−1
(3)

where VNDVI is the general term for GNDVI, BNDVI, GRNDVI, GBNDVI, and RBNDVI; AVNDVI is the
general term for ANDVI, AGNDVI, ABNDVI, AGRNDVI, AGBNDVI, and ARBNDVI; SV and SA are the sensitive
functions of VNDVI and AVNDVI, respectively; and d(VNDVI), d(NDVI), and d(AVNDVI) represent
the first derivative of leaf area indices corresponding to VNDVI, NDVI, and AVNDVI, respectively.

d(VNDVI) = [VNDVI + o(VNDVI)] ∗ [LAI + o(LAI)]−1 (4)

d(NDVI) = [NDVI + o(NDVI)] ∗ [LAI + o(LAI)]−1 (5)

d(AVNDVI) = [AVNDVI + o(AVNDVI)] ∗ [LAI + o(LAI)]−1 (6)

where VNDVI, NDVI, AVNDVI, and LAI refer to the values of VNDVI, NDVI, AVNDVI, and LAI,
respectively; and o(VNDVI), o(NDVI), o(AVNDVI), and o(LAI) represent the infinitesimal value
change of VNDVI, NDVI, AVNDVI, and LAI, respectively.

∆(VNDVI) = VNDVImax − VNDVImin (7)

∆(NDVI) = NDVImax − NDVImin (8)
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∆(AVNDVI) = (AVNDVI)max − (AVNDVI)min (9)

where VNDVImax, NDVImax, and (AVNDVI)max refer to the maximum hyperspectral values of VNDVI,
NDVI, and AVNDVI in the crop growth cycle, respectively; and VNDVImin, NDVImin, and (AVNDVI)min
refer to the minimum LAI values of VNDVI, NDVI, and AVNDVI in the growing period, respectively.
The value of the sensitive function indicates the variation trend of sensitivity and anti-interference. The
higher the value of the sensitive function, the higher the sensitivity, and the worse the anti-interference.
Conversely, a lower value of sensitive function indicates a lower sensitivity and better anti-interference.

Obviously, the sensitive function of NDVI is SV = 1. When SV and SA are greater than 1, it means
that the corresponding VNDVI and AVNDVI are more sensitive and exhibit less anti-interference than
NDVI. Furthermore, when SV and SA are less than 1, the corresponding VNDVI and AVNDVI display
higher anti-interference and a lower sensitivity than NDVI.

3. Results

3.1. Correlation Analysis of NDVI and Its Derivative Parameters

Because the information of the blue, green, and red spectral bands has a high redundancy [3],
there is a high correlation between NDVI and its derivative parameters which are constructed on the
basis of visible and near-infrared bands. As shown in Table 2, there is a high correlation between two
parameters of NDVI, GNDVI, GRNDVI, RBNDVI, ANDVI, AGNDVI, AGRNDVI, AGBNDVI, and ARBNDVI,
while the correlation coefficient between BNDVI and other indices is relatively small. For example,
the correlation coefficient between BNDVI and NDVI is only 0.7065, and the values of correlation
coefficients between BNDVI and GRNDVI, and ANDVI are only 0.7932 and 0.7536, respectively, which
are in the middle correlation interval. This is mainly due to the fact that there is a large difference
and small redundancy in the information between the blue and red, and green band. In addition,
because GBNDVI and RBNDVI contain the information of the blue band, the correlation between them
and other vegetation indices is also affected to some extent. For example, the correlation coefficient
between GNDVI and NDVI is 0.9417, while the correlation coefficient between GBNDVI and NDVI
is 0.9083, showing a significant decline. The stability and applicability of cumulative normalized
vegetation indices are improved in various degrees. Taking NDVI as a reference, the correlation
coefficients of BNDVI and GBNDVI are 0.7065 and 0.9083, respectively, while the corresponding
values of ABNDVI and AGBNDVI are 0.7345 and 0.9365, respectively, which shows an obvious promotion.
The correlation coefficients between GNDVI, GRNDVI, and RBNDVI, and NDVI are 0.9417, 0.9813,
and 0.9494, respectively, and the corresponding indices of the accumulation normalized vegetation
indices—AGNDVI, AGRNDVI, and ARBNDVI—are 0.9360, 0.9708, and 0.9597, showing favorable stability.

Table 2. Summary of correlation coefficients of NDVI and its derivative parameters.

NDVI GNDVI BNDVI GRNDVI GBNDVI RBNDVI ANDVI AGNDVI ABNDVI AGRNDVI AGBNDVI ARBNDVI

NDVI 1.0000 0.9417 0.7065 0.9813 0.9083 0.9494 0.9951 0.9360 0.7345 0.9708 0.9365 0.9597
GNDVI 0.9417 1.0000 0.8663 0.9881 0.9779 0.9716 0.9639 0.9932 0.8616 0.9916 0.9884 0.9838
BNDVI 0.7065 0.8663 1.0000 0.7932 0.9037 0.8310 0.7536 0.8786 0.9331 0.8217 0.8516 0.8977
GRNDVI 0.9813 0.9881 0.7932 1.0000 0.9450 0.9734 0.9910 0.9796 0.8100 0.9958 0.9633 0.9851
GBNDVI 0.9083 0.9779 0.9037 0.9450 1.0000 0.9694 0.9119 0.9760 0.9421 0.9569 0.9939 0.9715
RBNDVI 0.9494 0.9716 0.8310 0.9734 0.9694 1.0000 0.9661 0.9707 0.9022 0.9762 0.9741 0.9960
ANDVI 0.9951 0.9639 0.7536 0.9910 0.9119 0.9661 1.0000 0.9631 0.7788 0.9878 0.9375 0.9786
AGNDVI 0.9360 0.9932 0.8786 0.9796 0.9760 0.9707 0.9631 1.0000 0.8730 0.9924 0.9925 0.9855
ABNDVI 0.7345 0.8616 0.9331 0.8100 0.9421 0.9022 0.7788 0.8730 1.0000 0.8342 0.9168 0.8864
AGRNDVI 0.9708 0.9916 0.8217 0.9958 0.9569 0.9762 0.9878 0.9924 0.8342 1.0000 0.9770 0.9903
AGBNDVI 0.9365 0.9884 0.8516 0.9633 0.9939 0.9741 0.9375 0.9925 0.9168 0.9770 1.0000 0.9818
ARBNDVI 0.9597 0.9838 0.8977 0.9851 0.9715 0.9960 0.9786 0.9855 0.8864 0.9903 0.9818 1.0000

3.2. Selection of AVNDVI Sensitive Band

If AVNDVI contains too many non-sensitive bands, the sensitivity of parameters to LAI will be
reduced, thus affecting its inversion accuracy and reliability. The trends between near-infrared, red,



Appl. Sci. 2018, 8, 1300 6 of 12

green, and blue bands, and AVNDVI are shown in Figure 1. The sensitive bands can be derived from
the calculation formulas of the sensitive function (3) and AVNDVI shown in Table 1: NIR—820~840 nm
and 860~900 nm, Red—680~690 nm, Green—520~550 nm and 560~580 nm, and Blue—490~520 nm.

Figure 1. Trends between AVNDVI and reflectivity of the near-infrared, green, blue, and red bands.

3.3. Model and Validation

3.3.1. LAI Inversion Model Based on NDVI and Its Derivative Parameters

The NDVI and its derivative parameters were inversed with the leaf area index in the growing
cycle of rapeseed based on the 150 samples. Also, optimal regressive equations are all exponential
functions (shown in Figure 2). Through data analysis, it can be concluded that: (1) the coefficient of
determination R2 of each regression equation is greater than 0.83. This shows that the NDVI series of
the vegetation index has a good inversion effect on LAI. The inversion effect of AGRNDVI and AGNDVI is
the best, with values of 0.8932 and 0.8906, respectively. Compared with the derivative parameters of the
same type, it is easy to find that the coefficients of determination R2 satisfy the following relationships:
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GRNDVI > GNDVI > RBNDVI > GBNDVI > BNDVI, AGRNDVI > AGNDVI > ARBNDVI > AGBNDVI

> ANDVI > ABNDVI. The above conclusion basically conforms to the analysis results of sensitivity
and anti-interference. (2) Compared with NDVI, the coefficients of determination R2 of regression
equations between derivative parameters (except BNDVI) and the leaf area index have increased
to a certain extent, ranging from 1.25% to 3.43%. The reason for this is that compared with other
bands, the correlation between the blue band and LAI is relatively low [3]. Therefore, the inversion
of BNDVI and LAI shows a low coefficient of determination. Additionally, the coefficients of other
derivative parameters of NDVI are improved because of including highly correlated band information.
(3) The regression equations of the cumulative vegetation indices and their prototype vegetation
indices have different degrees of improvement in the coefficients of determination, generally about
1.5%. The coefficient R2 of ABNDVI is increased by 4.23% to 0.8728 on the basis of BNDVI’s 0.8305,
indicating a significant increase. It shows that the accumulating parameters containing more spectral
information are more robust.

3.3.2. Validation of LAI Inversion Model Based on the Derivative Parameters of NDVI

In this study, we have extracted 30 sample data from the growth cycle of rapeseed to verify the
index models of NDVI and its derivative parameters, and calculated two index values of RMSE and
RE, as shown in Table 3. The results showed that the indices of RMSE and RE were not significantly
different in each inversion model. It can be seen by comparison that the better models in overall
applicability included GNDVI, GRNDVI, AGDNVI, ANDVI, AGBNDVI, and AGRNDVI, where the models
of GRNDVI, GNDVI, and AGNDVI had good RE values of 0.9737, 1.0211, and 1.0547, respectively.
Furthermore, the RMSE performance of GNDVI and ANDVI had better values of 0.4133 and 0.4138,
respectively. The models with a poor overall performance were: BNDVI, ABNDVI, and GBNDVI, where
the RMSE of BNDVI was 0.4916, while the RE values of ABNDVI and GBNDVI were relatively large,
with values of −1.8454 and 2.0991, respectively.

Table 3. The verification results of NDVI and its derivative parameters.

RMSE RE (%) RMSE RE (%)

NDVI 0.4409 1.4323 ANDVI 0.4138 1.4699

GNDVI 0.4133 1.0211 AGNDVI 0.4259 1.0547

BNDVI 0.4916 −1.4618 ABNDVI 0.4381 −1.8454

GRNDVI 0.4608 0.9737 AGRNDVI 0.4726 1.2127

GBNDVI 0.4205 2.0991 AGBNDVI 0.4167 1.4456

RBNDVI 0.4356 1.6531 ARBNDVI 0.4434 1.5621

Note: significant level is 5% (n = 30).

3.3.3. Sensitivity and Anti-Interference Analysis of NDVI and Its Derivative Parameters

According to the sensitivity function (formula 2 and formula 3), the sensitivity of derivative
parameters relative to NDVI is calculated, as shown in Figure 3. It can be concluded from Figure 3a
that GNDVI, GRNDVI, GBNDVI, and RBNDVI are more sensitive than NDVI, and the corresponding
anti-interference levels are low. The sensitivity of BNDVI is slightly lower than NDVI, and the
anti-interference is relatively higher. Figure 3b shows that the sensitivity of cumulative NDVI derivative
parameters is lower than that of NDVI, while the anti-interference is greatly improved. However, the
sensitivity of AGNDVI, AGNDVI, and ANDVI is relatively high, while the sensitivity of ABNDVI, ARBNDVI,
and AGBNDVI, which contains the blue band, is affected to some extent. When NDVI is greater than 0.65,
the sensitivity of all derivative parameters shows a steady downward trend. The relative sensitivity
values of GRNDVI, GBNDVI, and RBNDVI gradually approach 1, indicating that the sensitivity of
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these three parameters gradually becomes close to NDVI. Moreover, the relative sensitivity of all the
accumulative derivative parameters of AVNDVI decreases gradually, indicating that the sensitivity and
anti-interference of AVNDVI gradually tend to be stable with the increase of the accumulative effect.
In general, the sensitivity of cumulated parameters has the same law as NDVI.

Appl. Sci. 2018, 8, x FOR PEER REVIEW  9 of 11 

3.3.2. Validation of LAI Inversion Model Based on the Derivative Parameters of NDVI 

In this study, we have extracted 30 sample data from the growth cycle of rapeseed to verify the 

index models of NDVI and its derivative parameters, and calculated two index values of RMSE and 

RE, as shown in Table 3. The results showed that the indices of RMSE and RE were not significantly 

different in each inversion model. It can be seen by comparison that the better models in overall 

applicability included GNDVI, GRNDVI, AGDNVI, ANDVI, AGBNDVI, and AGRNDVI, where the models of 

GRNDVI, GNDVI, and AGNDVI had good RE values of 0.9737, 1.0211, and 1.0547, respectively. 

Furthermore, the RMSE performance of GNDVI and ANDVI had better values of 0.4133 and 0.4138, 

respectively. The models with a poor overall performance were: BNDVI, ABNDVI, and GBNDVI, where 

the RMSE of BNDVI was 0.4916, while the RE values of ABNDVI and GBNDVI were relatively large, 

with values of −1.8454 and 2.0991, respectively. 

Table 3. The verification results of NDVI and its derivative parameters. 

 RMSE RE (%)  RMSE RE (%) 

NDVI 0.4409 1.4323 ANDVI 0.4138 1.4699 

GNDVI 0.4133 1.0211 AGNDVI 0.4259 1.0547 

BNDVI 0.4916 −1.4618 ABNDVI 0.4381 −1.8454 

GRNDVI 0.4608 0.9737 AGRNDVI 0.4726 1.2127 

GBNDVI 0.4205 2.0991 AGBNDVI 0.4167 1.4456 

RBNDVI 0.4356 1.6531 ARBNDVI 0.4434 1.5621 

Note: significant level is 5% (n = 30). 

3.3.3. Sensitivity and Anti-Interference Analysis of NDVI and Its Derivative Parameters 

According to the sensitivity function (formula 2 and formula 3), the sensitivity of derivative 

parameters relative to NDVI is calculated, as shown in Figure 3. It can be concluded from Figure 3a 

that GNDVI, GRNDVI, GBNDVI, and RBNDVI are more sensitive than NDVI, and the corresponding 

anti-interference levels are low. The sensitivity of BNDVI is slightly lower than NDVI, and the anti-

interference is relatively higher. Figure 3b shows that the sensitivity of cumulative NDVI derivative 

parameters is lower than that of NDVI, while the anti-interference is greatly improved. However, the 

sensitivity of AGNDVI, AGNDVI, and ANDVI is relatively high, while the sensitivity of ABNDVI, ARBNDVI, and 

AGBNDVI, which contains the blue band, is affected to some extent. When NDVI is greater than 0.65, 

the sensitivity of all derivative parameters shows a steady downward trend. The relative sensitivity 

values of GRNDVI, GBNDVI, and RBNDVI gradually approach 1, indicating that the sensitivity of 

these three parameters gradually becomes close to NDVI. Moreover, the relative sensitivity of all the 

accumulative derivative parameters of AVNDVI decreases gradually, indicating that the sensitivity and 

anti-interference of AVNDVI gradually tend to be stable with the increase of the accumulative effect. In 

general, the sensitivity of cumulated parameters has the same law as NDVI. 
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4. Discussion

It is an important approach in the field of hyperspectral nondestructive monitoring to analyze
the response characteristics of spectral features, to propose an improved method for the vegetation
index, and to obtain an LAI inversion model with a higher accuracy and applicability. The study has
changed the calculation formulas of mathematical transformation based on the normalized difference
vegetation index (NDVI) through introducing the characteristic information of green and blue bands,
and constructed a series of AVNDVI derivative parameters. Furthermore, we analyzed the sensitive
spectral band of AVNDVI combined with other research results [3,9,25] and discussed the coefficients
of R2, RMSE, and RE between VNDVI, AVNDVI, and LAI of rapeseed. The results showed that:
(1) NDVI and its derivative parameters such as VNDVI and AVNDVI have a good correlation with
the leaf area index of rapeseed. The determination coefficients R2 are greater than 0.83, the values of
RMSE vary from 0.4133 to 0.4916, and the absolute values of RE are distributed between 0.9737% and
2.0991%, which indicates the good accuracy and reliability of the inversion models. It is shown that the
information complementation and redundancy effects of the red, green, and blue bands can improve
the overall performance of the inversion models of vegetation indices to a certain extent. The results
are basically consistent with the conclusions of [3,26]. (2) The coefficients of determination R2 of the
inversion models between the series derivative parameters of NDVI and LAI are slightly raised. Some
parameters, such as GNDVI, AGNDVI, and GRNDVI, have certain advantages in RMSE and RE, but the
advantages of other parameters are not obvious. (3) The cumulative derivative parameters—AVNDVI,
introducing more spectral feature information, greatly improve the anti-interference and evidently
decrease the sensitivity. It is a worthwhile consideration scheme to estimate LAI with AVNDVI series
parameters in the case of large interference factors in the background. In addition, if the balance
point which is more suitable for the specific scene needs to be explored between sensitivity and
anti-interference, fine-grained analysis of sensitive bands can be carried out. It should be pointed out
that the above results are based on data analysis of the planting cycle of a single rapeseed variety, and
whether the inversion models can be applied to other rapeseed varieties needs to be verified by more
experimental data.
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