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Estimation Models of Above鄄ground Dry Matter Accumulation of Summer
Maize Based on Hyperspectral Remote Sensing Vegetation Indexes
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Abstract: An on鄄site field experiment, which includes five nitrogen fertilizer application rate treatments, four phosphorus
fertilizer application rate treatments and two summer maize cultivars treatments, was conducted at agricultural experimental
station of Northwest A&F University during 2011—2014. Summer maize canopy spectral reflectance and above鄄ground dry
matter accumulation (ADMA) were measured at the huge bellbottom stage, silking stage, filling stage and maturity stage of
summer maize. 21 canopy vegetation indexes of hyperspectral remote sensing in 2011 and 2013 were chosen to establish
liner, logarithmic, quadratic and exponential regression relationship between ADMA and canopy spectral parameters for
each cultivar. Different regression models were applied to establish the relationship between spectrum vegetation indexes
and summer maize ADMA. Three models with high coefficients and F values at each growth stage were chosen to verify root
mean square error and relative error with data of canopy spectral reflectance and ADMA in 2012 and 2014 separately. The
smallest root mean square error and relative error models were chosen as the best models for estimation ADMA of maize.
The results show that, at the huge bellbottom stage, filling stage and maturity stage of maize, spectrum vegetation indexes
for the best fitting regression relationship models with ADMA were GNDVI, PSSRc, NDVI4 and DI. These models could be
used as the best models for the estimation of summer maize above鄄ground ADMA.
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0摇 Introduction

摇 Crop canopy spectral analysis is recognized as a non鄄
destructive testing technology of remote sensing which
offers an opportunity for indicating information of
vegetation properties, photosynthetic biomass
accumulation and other indexes after using
hyperspectral technology to monitor physical and
chemical parameters of crop by constituting the
vegetation index of linear and nonlinear combination of
hyperspectral data[1] .
摇 Above鄄ground dry matter accumulation (ADMA) is
the basis for the formation of crop yield during crop
growth period. Estimation of crop dry matter
accumulation by hyperspectral remote sensing
vegetation index makes remote sensing for dynamic
monitoring of crop growth and yield inversion come

true. Depending on normalized difference vegetation
index (NDVI), ZHANG et al. [2] established a model
for above鄄ground biomass in Poyang Lake region.
WANG[3] using the components of biomass (leaves and
the quality of stem and pod ) of rape established
regression model with RVI and NDVI respectively.
SHIBAYAMA et al. [4] adopted the ratio index (R1100 /
R1200) simulation to simulate and predict the dry mass
of double cropping of rice well. The studies of SONG
et al. [5] have shown that RVI ( R760 / R710 ) can
simulate soybean爷 s fresh matte accumulation of the
over ground part. Based on the studies of winter wheat
biomass model (WBM), ZHUANG et al. [6] believes
that using NDVI transformation model of satellite
images can better simulate biomass of winter wheat,
and can accurately obtain different levels of biomass
growing information in a large area. The studies of



CHU et al. [7 - 8] indicated that estimating the
aboveground biomass of the Qinghai鄄Tibet region
through varieties of vegetation index models are
possible. These studies were based on the spectral
simulation to estimate biomass at lower biomass
conditions, but the applicability of the model is
reducing at a higher biomass conditions due to
spectrum model saturation [9 - 12] .
摇 In summary, an increasing number of scholars deem
that above鄄ground biomass of different kinds of
vegetation can be predicted through varieties of
vegetation index models and have made considerable
achievements, while researches on spectrum model to
estimate high biomass are relatively small, especially
in summer corn. This article predictes and simulates
above鄄ground biomass of summer corn, then
simultaneously set and verifies summer corn above鄄
ground dry biomass regression model based on
vegetation index through different band combinations of
hyperspectral vegetation index and normalized
difference vegetation index. The specific objectives of
this study are to provide evidence for hyperspectral
remote sensing of summer corn growing and provide a
realistic foundation for using spectral vegetation index
to estimate higher biomass.

1摇 Material and methods

1郾 1摇 Site description and experimental design
摇 A field experiment of summer maize growing
hyperspectral remote sensing was conducted from 2011
to 2014 at a site in Northwest A&F University North
Campus ( 34毅 29忆 N, 108毅 06忆 E; elevation 400 m)
where is the warm temperate semi鄄humid climate in
this area. The soil at the study site is Hongyou soil
which has a silt loam texture. Soil organic carbon
content, total nitrogen, available nitrogen and available
phosphorus at 0 ~ 20 cm depth were 10郾 48 g / kg,
1郾 20 g / kg, 36郾 48 mg / kg, and 12郾 49 mg / kg
respectively.
摇 Different nutrient levels of nitrogen, phosphorus and
varieties of summer maize were set at the study site.
We took Split鄄split Plot Design and applied multi鄄year
fertilizer treatments researches in the field, arranging
nitrogen as main treatment, phosphate as secondary
treatment and variety as tertiary. In this experiment,
five treatments (N0, N1, N2, N3, N4) of nitrogen

fertilizer were designed which applied 0, 75, 150,
225, 300 kg / hm2 nitrogen respectively, and 60% of
the total nitrogen fertilizer as basal, 40% as top
dressing. Set 4 treatments ( P0, P1, P2, P3 ) of
phosphate which applied 0, 60, 120, 180 kg / hm2P2O5

respectively, and phosphate fertilizer was applied at
once as base fertilizer. Two tested summer maize were
Yuyu 22 ( horizontal leaf type ) and Zhengdan 958
(compact type), which at a density of 52 500 plants / hm2

and 67 500 plants / hm2 respectively.
1郾 2摇 Parameter and determination methord
1郾 2郾 1摇 Measurement of corn reflectance
摇 Summer maize canopy spectral reflectance were
measured with ASD fieldSpec3 hyperspectral
instrument at the huge bellbottom stage ( July 15 ),
silking stage ( August 2), filling stage ( August 17)
and maturity stage ( September 10 ) of maize at
10:30—13:30 on the cloudless, windless weather.
Three times of repeat were sampled randomly from each
plot, every repeat as one group for 10 times, and the
average of the repeat as a canopy spectral reflectance.
1郾 2郾 2 摇 Above鄄ground dry matter and total nitrogen

measurement
摇 After field spectrum measurement, cut the above鄄
ground fresh biomass at the measurement area
immediately and took them back to thelaboratory, then
weighed them after de鄄enzyme and drying. At last,
measured the total nitrogen with Kjeldahl instrument.
1郾 3 摇 Establishment and precision inspection of

hyperspectral remote sensing estimation
model

摇 Fitting model including: simple linear function y =
c + ax; logarithmic function y = c + alnx; parabola y =
c + ax + bx2; exponential function y = ceax . Where y is
the above鄄ground dry weight fitting value, x is spectral
variable, c is a constant, and a, b is equation
parameters.
摇 Root mean square error ( RMSE) evaluation and
mean relative error evaluation ( RE): the parameters
estimated from the univariate and multivariate
regression model which can evaluate by the root鄄mean鄄
square deviation of precision.

VRMSE = 移
n

i = 1
(yi - ŷi) 2 / n

VRE = (yi - ŷi) / yi 伊 100%
Where yi is measured value, y is predicted value, n is
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sample number.
1郾 4摇 Selection of vegetation index
摇 Based on the existing research results, 21 ratio
vegetation index and normalized difference vegetation
index of summer maize were selected to establish the
above鄄ground dry matter hyperspectral remote sensing
monitoring model (Tab. 1). In addition, 21 ratio
vegetation indexes and normalized difference vegetation
index were greenness index(GI), pigment simple ratio
index a, b and c( PSSRa, PSSRb, PSSRc), simple
pigment ratio index ( SRPI), difference index ( DI),
difference vegetation index ( DVI), double difference
index ( DD ), moderate resolution imaging land
chlorophyll index ( MTCI ), NDVI, chlorophyll
normalized difference vegetation index ( NPCI ),
normalized magnesium removal effect index ( NPQI),
photochemical reflectance index ( PRI ), structural
reinforcement pigment index ( SIPI ), improved red
edge ratio vegetation index ( MSR750 ), plant
senescence index ( PSRI ), red鄄green ratio index
(RGR), and normalized difference vegetation index 1,
2,3 and 4 (NDVI1,NDVI2,NDVI3, NDVI4).

Tab. 1摇 Published hyperspectral vegetation indices
evaluated in this study

Vegetation Index The Formula Literature No.

GI R = R554 / R677 [13]

PSSRa R = R800 / R680 [14]

PSSRb R = R800 / R635 [14]

PSSRc R = R800 / R470 [14]

SRPI R = R430 / R680 [15]

DI R = R800 - R550 [16]

DVI R = R800 - R680 [17]

DD R = (R750 - R720) - (R700 - R670) [18]

MTCI R = (R750 - R710) / (R710 - R680) [19]

NDVI R = (R801 - R550) / (R800 + R550) [20]

NPCI R = (R680 - R430) / (R680 + R430) [23]

NPQI R = (R415 - R435) / (R415 + R435) [21]

PRI R = (R531 - R570) / (R530 + R570) [22]

SIPI R = (R800 - R445) / (R800 - R680) [23]

MSR705 R = (R750 - R445) / (R705 - R445) [24]

PSRI R = (R680 - R500) / R750 [24]

RGR R = (R612 + R660) / (R510 + R560) [25]

NDVI 1 R = (R760 - R708) / (R760 + R708) [25]

NDVI 2 R = (R800 - R600) / (R800 + R600) [26]

NDVI 3 R = (R900 - R680) / (R900 + R680) [27]

NDVI 4 R = (R780 - R550) / (R780 + R550) [28]

摇 Note: R554 represents spectral reflectance in 554 nm band, rest on.

2摇 Results and analysis

2郾 1 摇 Effect of different nitrogen and phosphorus
levels on above鄄ground dry biomass at each
growth stage

摇 Took the average of filed experimental data of
summer maize from the year 2011 to 2013 as example,
analyzed dynamic changing about above鄄ground dry
biomass and total nitrogen under different fertilization
treatments (Tab. 2). Above鄄ground dry biomass during
the summer maize growing seasons trend to increasing
and reaching the maximum value at filling stage, while
the total nitrogen decreased gradually. Silking stage to
filling stage of maize were the peak of nutrient
absorption and accumulation. At the beginning of
silking stage, inner nutrients of corn transfer to ear,
reducing the assimilation rate[29], that is the reason
why above鄄ground dry biomass growth rate was
declined at latter of filling stage, and different
fertilization treatments with similar trends [30] .

At the same phosphate level, all of above鄄ground
dry biomass is significantly increased (P < 0郾 05) with
the increasing of nitrogen. The study of Al ABBAS et
al. also proved that more nitrogen can significantly
increase the above鄄ground dry biomass[31] . At the
same level of nitrogen, with the increasing of
phosphorus, above鄄ground dry biomass is also
increased. The above鄄ground dry biomass of high
nitrogen and phosphorus treatment ( P2N3, P2N4,
P3N3, P3N4 ) were higher than low nitrogen and
phosphorus treatment ( P0N0, P0N1, P1N0, P1N1).
Such as high nitrogen and phosphorus treatment and low
nitrogen and phosphorus treatment at silking stage, the
above鄄ground dry biomass was differ 6郾 88, 5郾 35, 6郾 43,
5郾 80 t / hm2 respectively, the total nitrogen was differ from
0郾 83%, 0郾 58%, 0郾 77%, 0郾 69% respectively.
摇 At each growth stage, there were high correlation
coefficient between above鄄ground dry biomass and
nitrogen content, both of them were appeared similar
trends which increased with fertilizer and had
significant difference under the affecting of the
treatment of nitrogen and phosphorus coupling process.
2郾 2 摇 Summer maize canopy spectral reflectance

under different fertilization levels of nitrogen
and phosphorus

摇 Took summer maize canopy spectral reflectance at
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摇 摇Tab. 2摇 ADMA and total nitrogen content of canopy under different fertilization treatment at different growth stages of maize

Fertilization
treatment

Huge bellbottom stage Silking stage Filling stage Maturity stage
Dry

biomass /

( t·hm - 2)

Total
nitrogen / %

Dry
biomass /

( t·hm - 2)

Total
nitrogen / %

Dry
biomass /

( t·hm - 2)

Total
nitrogen / %

Dry
biomass /

( t·hm - 2)

Total
nitrogen / %

N0 11郾 64d 1郾 13c 18郾 38d 1郾 04b 32郾 54d 0郾 96c 37郾 90c 0郾 84d

N1 13郾 09c 1郾 34b 21郾 09c 1郾 39a 35郾 14c 1郾 08b 41郾 68b 0郾 90cd

P0 N2 13郾 79b 1郾 36b 21郾 32b 1郾 41a 35郾 81c 1郾 07b 42郾 13b 1郾 00bc

N3 13郾 78b 1郾 41b 21郾 65a 1郾 48a 40郾 48b 1郾 25a 42郾 35b 1郾 12ab

N4 16郾 35a 1郾 69a 22郾 12a 1郾 53a 42郾 93a 1郾 31a 44郾 42a 1郾 24a

N0 12郾 14d 1郾 27d 19郾 01e 1郾 26c 36郾 20d 1郾 17c 39郾 65c 1郾 18c

N1 14郾 10c 1郾 50bc 20郾 92d 1郾 44b 36郾 15d 1郾 19c 43郾 18be 1郾 27b

P1 N2 14郾 07c 1郾 46c 21郾 20c 1郾 43b 40郾 64c 1郾 36b 44郾 04b 1郾 26b

N3 14郾 96b 1郾 58b 21郾 92b 1郾 58a 41郾 79b 1郾 39ab 46郾 63a 1郾 39a

N4 17郾 04a 1郾 81a 22郾 50a 1郾 63a 45郾 74a 1郾 51a 46郾 87a 1郾 41a

N0 12郾 55d 1郾 47d 19郾 74d 1郾 49c 37郾 84d 1郾 31c 40郾 86d 1郾 24b

N1 14郾 46c 1郾 64c 20郾 04d 1郾 50c 40郾 18c 1郾 45b 43郾 11c 1郾 34ab

P2 N2 15郾 19c 1郾 80b 24郾 19c 1郾 83b 48郾 08b 1郾 72a 48郾 86b 1郾 44a

N3 17郾 11b 1郾 96a 25郾 26b 1郾 87b 47郾 73b 1郾 70a 48郾 61b 1郾 47a

N4 17郾 93a 2郾 07a 26郾 44a 1郾 97a 50郾 66a 1郾 76a 51郾 60a 1郾 52a

N0 12郾 70e 1郾 69e 20郾 96d 1郾 69b 40郾 55d 1郾 35d 40郾 99e 1郾 27c

N1 14郾 37d 1郾 85d 21郾 41c 1郾 69b 41郾 69c 1郾 62c 44郾 36d 1郾 47b

P3 N2 15郾 63c 2郾 01c 25郾 00b 1郾 99a 45郾 32b 1郾 68bc 47郾 31c 1郾 56ab

N3 17郾 27b 2郾 16b 25郾 44b 2郾 03a 45郾 38b 1郾 77b 49郾 57b 1郾 71a

N4 18郾 77a 2郾 37a 26郾 72a 2郾 13a 51郾 11a 1郾 97a 54郾 02a 1郾 79a

Coefficient correlation r 0郾 887 0郾 930 0郾 940 0郾 862

摇 Note: After the column data with different letters indicate differences among treatments at 5% significance level.

Fig. 1摇 Change of canopy spectral reflectance of summer maize under different N, P application rates
摇

silking stage of Zhengdan 958 in a year 2013 as
example, analyzed summer maize canopy spectral
reflectance changing trend under different levels of
nitrogen and phosphorus (Fig. 1). Summer maize
canopy spectral reflectance in the 350 nm to 2 350 nm
band was trend to similar basically. Summer maize
canopy spectral reflectance is lower in 350 nm to
680 nm band, spectral reflectance lower, about 550 nm
is chlorophyll strong reflection peak ( green peak )
which the spectral reflectance about 8% to 12% .
Absorption valley, the result of absorbing red light of
chlorophyll in photosystem, located in about 680 nm
band. At 680 nm to 750 nm band, spectral reflectance
climb straight, that is the characteristic spectrum red

edge of green plants, strongly absorbing of chlorophyll
in red band and more than once scatter of near鄄infrared
light inside the leaves formed the band feature which is
an important indicator to describe the health of the
crop. There is a stable platform for reflection in the
near infrared (750 nm to 1 150 nm), canopy
spectralreflectance trend stable (36% to 42% ). In
1 150 nm to 2 350 nm band, spectral reflectance is
decreased gradually, and about 2 200 nm and 1 700 nm
have two reflection peaks, at around 1 400 nm and
1 900 nm is water sub鄄total absorption bands due to the
greater influence of water vapour, which has been
struck.
摇 Under different nitrogen and phosphorus levels,
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summer corn canopy spectral reflectance response curve
were trend similar. In visible wavelengths ( 350 ~
680 nm), spectral reflectance is decreasing with the
increasing of nitrogen and phosphorus applied,
however, it is opposite in the near infrared (750 ~
1 350 nm). There is no obvious rules after the 1 350 nm
band between spectral reflectance and nitrogen and
phosphorus fertility gradient.
2郾 3 摇 Reflectance between correlation canopy

spectral and aboveground dry biomass
摇 According to the reflectance analysis of the
independent experimental spectral reflectance data and
above鄄ground dry biomass (Fig. 2), analyze the
dynamics correlation between canopy reflectance and
above鄄ground dry biomass of summer corn. As is
shown in Fig. 2, at the range 350 nm to 2 350 nm
bands, spectral, aboveground dry weight and total
nitrogen correlation curve looked similar, and the
correlation coefficient average difference was little,
further suggested that there were high similarity
between the above鄄ground dry biomass and total
nitrogen and the correlation of spectral reflectance.

Fig. 2摇 Correlation coefficient between original spectral
reflectance and ADMA, N content of summer maize

canopy at different growth stages of maize
摇

摇 At 430 nm to 720 nm band, there were high negative
correlation between original canopy spectral reflectance
and the above鄄ground dry biomass of summer corn,
that formed a stable platform with correlation coefficient
were - 0郾 593 to - 0郾 687. In the position of red edge,
obviously, all correlation coefficient appeared
undulation, and the relevance of the significant
negative correlation gradually transformed into a
significant positive correlation with the increasing of the
wavelength. At 750 nm to 1 350 nm band, the
correlation coefficient between canopy spectral
reflectance and the original above鄄ground dry biomass
摇 摇

of summer maize was 0郾 578 to 0郾 733. All selected
bands of vegetation index from Tab. 1 are within 430 nm
to 720 nm and 750 nm to 1350 nm that were included
in stable band platform of correlation coefficient.
2郾 4 摇 Construction of above鄄ground dry biomass

spectrum monitoring model of corn
摇 Above鄄ground dry biomass and corresponding
vegetation index ( n = 240, 5 gradient nitrogen
species, 4 gradients phosphate, 3 repeat and 2 years of
experiments) were selected in this experiment from the
year of 2011 to 2013 of summer maize and established
the monitoring model based on different growth stages
(Tab. 3). 21 vegetation index and liner, logarithmic,
quadratic and exponential equation were chosen to
establish fittingregression model, and analyzed the
fitting precision variation(R2 and F value)about above鄄
ground dry biomass model. Four models which based
on a same vegetation index, that the parabolic model
generally had a higher determination coefficient, the
linear, logarithmic and exponential fitting model had a
similar determination coefficient and the equation
parameters.
摇 For the choice of crop physiological ecology
parameter of estimation model, not only required high
determination coefficient and F value of regression
model, but also repeatability. From Tab. 3, three
fitting models with determination coefficient and F
values from each of the growth stages were analysed
precision inspection ( Tab. 4). All above鄄ground dry
biomass determination coefficient of fitting models were
lower due to the little LAI and the interference of soil
background at the huge bellbottom stage of summer
maize. At silking stage, both determination coefficient
of regression mode and F values were improved, and
above鄄ground dry biomass and vegetation index PSSRc
and MTCI had a higher model determination
coefficient. At filling stage, there were higher
determination coefficients of model which structured by
above鄄ground dry biomass and vegetation index GNDVI
and NDVI4, so the model was chosen as the more
suitable model for the further accuracy test. At
maturity, established model with above鄄ground dry
biomass and vegetation index DI had the highest
determination coefficient and higher F value.
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Tab. 3摇 Parameters of regression models between ADMA and vegetation index of summer maize at different growth stages

Vegetation
Index

Regression
Model

Huge bellbottom stage Silking stage Filling stage Maturity stage

R2 F R2 F R2 F R2 F
Linear 0郾 098 0郾 655 0郾 041 0郾 254 0郾 244 1郾 932 0郾 281 2郾 350

GI
Logarithm 0郾 099 0郾 658 0郾 037 0郾 229 0郾 251 2郾 011 0郾 278 2郾 312
Quadratic 0郾 099 0郾 276 0郾 143 0郾 419 0郾 270 0郾 924 0郾 318 1郾 164
Exponential 0郾 110 0郾 738 0郾 041 0郾 254 0郾 222 1郾 714 0郾 297 2郾 535

PSSRa

Linear 0郾 688 13郾 234 0郾 453 4郾 965 0郾 323 2郾 861 0郾 491 5郾 799
Logarithm 0郾 697 13郾 795 0郾 551 7郾 377 0郾 366 3郾 459 0郾 502 6郾 056
Quadratic 0郾 734 6郾 892 0郾 716 17郾 179 0郾 424 1郾 843 0郾 541 2郾 942
Exponential 0郾 666 11郾 955 0郾 461 5郾 141 0郾 345 3郾 158 0郾 477 5郾 469

PSSRb

Linear 0郾 548 7郾 285 0郾 536 6郾 942 0郾 434 4郾 608 0郾 768 19郾 850
Logarithm 0郾 611 9郾 433 0郾 640 10郾 682 0郾 500 5郾 997 0郾 777 20郾 906
Quadratic 0郾 849 26郾 292 0郾 840 28郾 879 0郾 583 3郾 501 0郾 784 9郾 089
Exponential 0郾 545 7郾 180 0郾 544 7郾 172 0郾 453 4郾 974 0郾 759 18郾 888

PSSRc

Linear 0郾 616 9郾 628 0郾 449 4郾 890 0郾 345 3郾 164 0郾 532 6郾 809
Logarithm 0郾 642 10郾 761 0郾 557 7郾 546 0郾 390 3郾 842 0郾 544 7郾 169
Quadratic 0郾 749 7郾 452 0郾 857 35郾 487 0郾 439 1郾 954 0郾 582 3郾 477
Exponential 0郾 601 9郾 055 0郾 457 5郾 056 0郾 369 3郾 506 0郾 505 6郾 125

SRPI

Linear 0郾 192 1郾 427 0郾 001 0郾 007 0郾 004 0郾 024 0郾 114 0郾 771
Logarithm 0郾 186 1郾 375 0郾 002 0郾 010 0郾 003 0郾 021 0郾 114 0郾 772
Quadratic 0郾 315 1郾 152 0郾 554 3郾 104 0郾 181 0郾 554 0郾 114 0郾 321
Exponential 0郾 194 1郾 440 0郾 003 0郾 016 0郾 002 0郾 015 0郾 091 0郾 603

DI

Linear 0郾 675 12郾 446 0郾 666 11郾 957 0郾 755 18郾 469 0郾 884 45郾 590
Logarithm 0郾 707 14郾 466 0郾 699 13郾 921 0郾 771 20郾 163 0郾 891 49郾 008
Quadratic 0郾 766 71郾 332 0郾 806 10郾 354 0郾 797 9郾 829 0郾 897 26郾 184
Exponential 0郾 673 12郾 359 0郾 684 12郾 982 0郾 772 20郾 290 0郾 887 47郾 284

DVI

Linear 0郾 791 22郾 669 0郾 617 9郾 653 0郾 514 6郾 345 0郾 840 31郾 549
Logarithm 0郾 800 24郾 072 0郾 645 10郾 908 0郾 529 6郾 736 0郾 844 32郾 501
Quadratic 0郾 802 20郾 788 0郾 811 10郾 732 0郾 585 3郾 525 0郾 858 15郾 145
Exponential 0郾 857 37郾 169 0郾 634 10郾 405 0郾 536 6郾 927 0郾 840 31郾 532

DD

Linear 0郾 805 24郾 808 0郾 767 19郾 709 0郾 704 14郾 250 0郾 726 15郾 881
Logarithm 0郾 811 25郾 676 0郾 725 15郾 800 0郾 624 9郾 950 0郾 748 17郾 798
Quadratic 0郾 815 11郾 006 0郾 767 8郾 213 0郾 708 6郾 049 0郾 761 7郾 962
Exponential 0郾 814 26郾 270 0郾 792 22郾 856 0郾 714 15郾 008 0郾 750 18郾 015

MTCI

Linear 0郾 721 15郾 498 0郾 802 24郾 316 0郾 657 11郾 493 0郾 663 11郾 798
Logarithm 0郾 769 19郾 935 0郾 781 21郾 441 0郾 652 11郾 253 0郾 717 15郾 202
Quadratic 0郾 804 10郾 271 0郾 802 10郾 137 0郾 663 4郾 927 0郾 797 9郾 793
Exponential 0郾 724 15郾 757 0郾 863 27郾 840 0郾 660 11郾 649 0郾 683 12郾 955

GNDVI

Linear 0郾 589 8郾 591 0郾 710 14郾 668 0郾 791 22郾 726 0郾 861 37郾 211
Logarithm 0郾 626 10郾 060 0郾 740 17郾 052 0郾 799 23郾 810 0郾 871 40郾 531
Quadratic 0郾 851 38郾 799 0郾 840 13郾 144 0郾 806 10郾 404 0郾 878 27郾 135
Exponential 0郾 591 8郾 659 0郾 725 15郾 833 0郾 809 25郾 488 0郾 861 37郾 125

NPCI

Linear 0郾 187 1郾 378 0郾 002 0郾 010 0郾 003 0郾 021 0郾 114 0郾 772
Logarithm 0郾 242 1郾 920 0郾 020 0郾 123 0郾 015 0郾 090 0郾 134 0郾 929
Quadratic 0郾 315 1郾 149 0郾 557 3郾 137 0郾 178 0郾 541 0郾 114 0郾 323
Exponential 0郾 189 1郾 395 0郾 003 0郾 021 0郾 002 0郾 012 0郾 091 0郾 603

NPQI

Linear 0郾 100 0郾 670 0郾 012 0郾 071 0郾 311 2郾 702 0郾 025 0郾 156
Logarithm — — — — — — — —
Quadratic 0郾 477 2郾 278 0郾 222 0郾 713 0郾 436 1郾 929 0郾 027 0郾 070
Exponential 0郾 088 0郾 578 0郾 013 0郾 076 0郾 302 2郾 600 0郾 031 0郾 191

PRI

Linear 0郾 337 3郾 046 0郾 700 13郾 999 0郾 219 1郾 682 0郾 031 0郾 190
Logarithm 0郾 384 3郾 733 0郾 714 14郾 968 0郾 259 2郾 092 0郾 020 0郾 121
Quadratic 0郾 430 1郾 885 0郾 723 6郾 529 0郾 258 0郾 868 0郾 236 0郾 773
Exponential 0郾 377 3郾 626 0郾 672 12郾 310 0郾 239 1郾 889 0郾 025 0郾 151
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Tab. 3

Vegetation
Index

Regression
Model

Huge bellbottom stage Silking stage Filling stage Maturity stage

R2 F R2 F R2 F R2 F

SIPI

Linear 0郾 013 0郾 081 0郾 185 1郾 363 0郾 006 0郾 034 0郾 094 0郾 625
Logarithm 0郾 014 0郾 082 0郾 184 1郾 357 0郾 006 0郾 033 0郾 094 0郾 621
Quadratic 0郾 013 0郾 081 0郾 186 1郾 368 0郾 006 0郾 035 0郾 095 0郾 628
Exponential 0郾 018 0郾 109 0郾 205 1郾 546 0郾 007 0郾 043 0郾 075 0郾 490

MSR705

Linear 0郾 760 19郾 001 0郾 794 23郾 154 0郾 769 19郾 963 0郾 528 6郾 703
Logarithm 0郾 761 19郾 076 0郾 765 19郾 577 0郾 753 18郾 299 0郾 576 8郾 145
Quadratic 0郾 762 7郾 992 0郾 804 10郾 266 0郾 770 8郾 391 0郾 676 5郾 217
Exponential 0郾 762 19郾 261 0郾 817 26郾 798 0郾 762 19郾 160 0郾 556 7郾 499

PSRI

Linear 0郾 192 1郾 426 0郾 780 21郾 283 0郾 381 3郾 694 0郾 485 5郾 649
Logarithm — — — — — — — —
Quadratic 0郾 237 0郾 777 0郾 784 9郾 075 0郾 405 1郾 705 0郾 848 13郾 936
Exponential 0郾 198 1郾 481 0郾 804 24郾 580 0郾 386 3郾 771 0郾 478 5郾 492

RGR

Linear 0郾 040 0郾 247 0郾 301 2郾 587 0郾 042 0郾 261 0郾 111 0郾 746
Logarithm 0郾 039 0郾 241 0郾 301 2郾 586 0郾 040 0郾 251 0郾 111 0郾 752
Quadratic 0郾 064 0郾 172 0郾 301 1郾 078 0郾 069 0郾 185 0郾 123 0郾 350
Exponential 0郾 046 0郾 287 0郾 298 2郾 553 0郾 033 0郾 202 0郾 118 0郾 802

NDVI1

Linear 0郾 824 28郾 164 0郾 766 19郾 660 0郾 627 10郾 086 0郾 779 21郾 134
Logarithm 0郾 837 30郾 921 0郾 769 19郾 934 0郾 617 9郾 658 0郾 790 22郾 522
Quadratic 0郾 853 14郾 454 0郾 773 8郾 491 0郾 627 4郾 203 0郾 805 10郾 321
Exponential 0郾 830 29郾 197 0郾 790 22郾 535 0郾 643 10郾 803 0郾 796 23郾 456

NDVI2

Linear 0郾 621 9郾 830 0郾 720 15郾 458 0郾 622 9郾 882 0郾 839 31郾 335
Logarithm 0郾 644 10郾 849 0郾 743 17郾 379 0郾 626 10郾 028 0郾 842 32郾 016
Quadratic 0郾 805 13郾 935 0郾 835 12郾 671 0郾 629 4郾 241 0郾 848 13郾 898
Exponential 0郾 619 9郾 764 0郾 735 16郾 642 0郾 645 10郾 899 0郾 839 31郾 270

NDVI3

Linear 0郾 699 13郾 903 0郾 618 9郾 703 0郾 378 3郾 652 0郾 526 6郾 648
Logarithm 0郾 701 14郾 060 0郾 640 10郾 662 0郾 385 3郾 757 0郾 529 6郾 749
Quadratic 0郾 699 13郾 903 0郾 843 13郾 395 0郾 400 1郾 664 0郾 574 3郾 363
Exponential 0郾 677 12郾 564 0郾 630 10郾 218 0郾 405 4郾 086 0郾 514 6郾 347

NDVI4

Linear 0郾 590 8郾 619 0郾 711 14郾 753 0郾 796 23郾 369 0郾 856 35郾 791
Logarithm 0郾 627 10郾 079 0郾 741 17郾 126 0郾 802 24郾 379 0郾 867 39郾 026
Quadratic 0郾 850 47郾 507 0郾 839 13郾 003 0郾 809 10郾 599 0郾 870 27郾 117
Exponential 0郾 591 8郾 677 0郾 726 15郾 929 0郾 814 26郾 237 0郾 856 35郾 691

摇 Note:—denotes arguments (NPQI, NPQI) comprises a non鄄positive value, which can not be calculated power function model.

2郾 5摇 Precision verification of maize above鄄ground
dry biomass spectrum monitoring

摇 To test the stability and reliability of the monitoring
model, root鄄mean鄄square error ( RMSE) and relative
error (RE) of summer corn were verified and tested at
different growth stages according to the independent
experimental data (n = 240) from 2011 to 2014 year.
Chose 3 determination coefficient and a model with
higher F value higher from each stages tested the
precision verification about above鄄ground dry biomass
model, and selected a most suitable model which has a
better stability and repeatability with lower RMSE and
RE. The results show that the model established
between above鄄ground dry biomass and vegetation
index ( GNDVI, PSSRc, NDVI4 and DI) were the

most suitable model.

3摇 Discussion

摇 In order to study the above鄄ground dry matter, fresh
crop leaves are sampled and weighted in traditional
methods which were not only time鄄consuming and
laborious, but also destructive to the crops. However,
remote sensing technology can be used to collect and
process the field information of crop canopy rapidly and
effectively without any destruction, then a large area of
crops can be detected quickly and accurately.
摇 The existing researches focus on fitting model of
above鄄ground dry matter on maturity stage[32 - 33], and
the corresponding researches on crop growth period are
less. A fitting model, in this experiment, was
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established between vegetation index which structured
by a variety of bands and different stages of summer
maize and above鄄ground dry matter, and the
corresponding precision was tested at the same time.
Except that, we analyzed the relationship between

above鄄ground dry matter and canopy reflectance spectra
at the point of view of statistics, and established the
corresponding monitoring model. Finally, it provides a
quantitative index for monitoring and diagnosing field
corn growth.

Tab. 4摇 Verification of regression models between ADMA and vegetation index of summer maize at different growth stages

Growth stage Vegetation index Fitting model Root mean square deviation / ( t·hm - 2) Relative error / %
DVI y = 1郾 164e0郾 336 x 2郾 096 10郾 85

Huge bellbottom stage GNDVI y = - 190郾 298 + 659x - 520郾 752x2 0郾 945 5郾 53
NDVI1 y = - 29郾 000 + 149郾 782x - 116郾 928x2 1郾 644 9郾 23
PSSRc y = - 20郾 977 + 9郾 796x - 0郾 501x2 1郾 044 3郾 93

Silking stage MTCI y = 14郾 834e0郾 007x 2郾 246 7郾 54
NDVI3 y = - 367郾 796 + 976郾 526x - 605郾 895x2 1郾 994 7郾 52
GNDVI y = 16郾 183e0郾 081x 5郾 473 10郾 57

Filling stage NDVI4 y = - 41郾 278 + 238郾 043x - 148郾 690x2 5郾 013 11郾 05
NDVI4 y = 16郾 104e0郾 082x 5郾 408 10郾 47

DI y = 130郾 535 + 68郾 978lnx 2郾 175 4郾 932
Maturity stage DI y = -276郾 451 +1 979郾 524x -2 982郾 515x2 2郾 234 5郾 516

DI y = 11郾 254e5郾 312x 1郾 761 4郾 578

摇 Compared to the wide band vegetation index,
however, the vegetation index of the narrow band is
easy susceptible to the effects of instruments,
environmental noise and background that may be the
important reason for the difference which can be
decreased by vegetation index of band combination in
the result of research, and improve the accuracy of the
model according to the experiment results[34 - 36] .
摇 Seven models which contained 800 nm and 550 nm
parameters were selected from 12 models (Tab. 4) in
different growth stages. In many statements, 800 nm
and 550 nm band parameters has been applied to the
large number of vegetation indexes and a variety of
plant growth monitoring, relatively speaking, the
research on growth monitoring of summer maize in
different growth period is less. In this paper, the
correlation analysis between the above鄄ground biomass
of summer maize and various spectral vegetation
indexes at different stages have been carried out, so as
to the verification of relevant models. The results
showed that the sensitive bands appeared some
differences in summer corn at different growth stages
which result in different choices of vegetation index.
Otherwise, DI has a higher determination coefficient
and F value, and all have smaller root mean square
error and relative error in the later stages when biomass
become higher.
摇 Nine models have been selected from growth former

medium鄄term (huge bellbottom stage, silking stage and
filling stage ), the models with NDVI and GNDVI
parameter of model vegetation index were 4 and 2
respectively, these two kings of models have been
widely used to the construction of nitrogen, LAI and
biomass model. Yet, at the maturity stage, DI
vegetation index better solves the problem of drawback,
easy saturation, in NDVI formula[28,37] .
摇 In this study, the establishment of the optimality
model at the maturity stage to above鄄ground dry
biomass were based on vegetation index (DI) of the
exponential function model, which with the similar
conclusions compared to the previous studies[38 - 39],
and other DI in this growth period to verify the model
also has relatively low root mean square error and
relative error. Models were established according to
vegetation index ( DI) with good stability and high
precision. It is particularly important that build a
maturity stage model what has high practical
significance for the fact of that existing on above鄄
ground dry biomass research focus on the maturity
stage, and mature stage dry matter quality research has
important application value.
摇 This experiment was based on the fitting analysis of
spectral vegetation index about above鄄ground dry
biomass of summer maize at different stage is, the
optimum vegetation index has bigger difference, so it
can not be used to monitor all growth stages of
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vegetation index so far. The model for the quality of
dry matter in the spectrum monitoring of the general
suitable for all growth stages is still needed to be
further studied.

4摇 Conclusion

摇 ( 1 ) There were significant differences between
above鄄ground dry biomass and total nitrogen under
different conditions of fertilizer. At different growth
stages, total nitrogen was decreased while above鄄
ground dry biomass was increased gradually. It has a
strong correlation between canopy spectral reflectance,
total nitrogen and above鄄ground dry biomass.
摇 (2) At the huge bellbottom stage, silking stage,
filling stage and maturity stage of summer maize, the
optimal prediction model of ground dry biomass were:
y = - 190郾 298 + 659x - 520郾 752x2 (GNDVI), y =
- 20郾 977 + 9郾 796x - 0郾 501x2 ( PSSRc ), y =
16郾 104e0郾 082x(NDVI4) and y = 6郾 344e0郾 239x(DI).
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基于高光谱植被指数的夏玉米地上干物质量估算模型研究

刘冰峰１　李　军１　贺　佳２　师祖姣１

（１．西北农林科技大学农学院，陕西杨凌 ７１２１００；２．河南省农业科学院农业经济与信息研究所，郑州 ４５０００２）

摘要：２０１１—２０１４年连续实施夏玉米长势监测定位实验，在 ５种不同施氮量、４种不同施磷量和 ２个夏玉米品种处

理下，测定了大喇叭口期、吐丝期、灌浆期和成熟期夏玉米冠层高光谱反射率及对应的地上干物质积累量（Ａｂｏｖｅ

ｇｒｏｕｎｄｄｒｙｍａｔｔｅｒａｃｃｕｍｕｌａｔｉｏｎ，ＡＤＭＡ）。选取了 ２１个光谱植被指数，利用 ２０１１年和 ２０１３年综合数据进行线性函

数、对数函数、二次函数和指数函数模型拟合。在每个生育时期，选择决定系数和 Ｆ值最高的 ３个模型，并用 ２０１２

年和 ２０１４年测定光谱数据与地上干物质量对拟合模型进行均方根差和相对误差的验证，选择均方根差和相对误

差较小的拟合模型为最适模型。结果表明，在大喇叭口期、吐丝期、灌浆期和成熟期，夏玉米地上干物质量的最佳

拟合光谱植被指数分别为 ＧＮＤＶＩ、ＰＳＳＲｃ、ＮＤＶＩ４和 ＤＩ。
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　　引言

作物冠层光谱分析是一种无损测试遥感技术，

利用高光谱技术可监测作物物理和化学参数，对高

光谱遥感数据进行线性和非线性组合构成植被指数，

可用于指示植被长势、光合物质积累量等信息
［１］
。

作物生育期间地上干物质积累量 （Ａｂｏｖｅ
ｇｒｏｕｎｄｄｒｙｍａｔｔｅｒａｃｃｕｍｕｌａｔｉｏｎ，ＡＤＭＡ）是作物产量
形成的基础，通过高光谱遥感植被指数反演作物干

物质积累量，可以实现遥感对作物生长状况动态监

测和产量反演。张良培等
［２］
利用归一化植被指数

（ＮＤＶＩ）建立了鄱阳湖地区的地上生物量模型。王
渊等

［３］
利用油菜的各组分生物量（叶、茎秆质量和

荚果质量）分别与比值植被指数（ＲＶＩ）、ＮＤＶＩ建立
了回归模型。ＳＨＩＢＡＹＡＭＡ等［４］

采 用 比值指数

（Ｒ１１００／Ｒ１２００）较好地预测模拟了双季稻的干物质量。

宋开山等
［５］
研究表明，ＲＶＩ（Ｒ７６０／Ｒ７１０）可以模拟反演

大豆地上鲜物质积累量。庄东英等
［６］
基于冬小麦

生物量模型（ＷＢＭ）研究表明，利用卫星影像的 ＮＤＶＩ
转换模型，可较好模拟冬小麦生物量，并能大面积准确

获取不同等级生物量的长势信息。除多等
［７］
、付元元

等
［８］
研究指出，多种植被指数模型均可估算青藏地区

草地地上生物量。但以上研究均基于较低生物量条件

下的光谱模拟估算生物量，在较高生物量条件下，光谱

模型存在饱和问题，降低了模型的适用性
［９－１２］

。

综上所述，众多学者利用多种植被指数模拟预

测植被的地上生物量信息，并取得了可观的研究成

果。但关于光谱模型估算较高生物量的研究相对较

少，利用光谱估算夏玉米地上生物量的研究也相对

较少。本文通过高光谱不同波段组合植被指数和归

一化差值植被指数，预测模拟夏玉米地上干物质量，

同时建立并验证基于植被指数的夏玉米地上干物质

量回归模型，以期为高光谱遥感监测夏玉米长势监

测提供依据，为光谱植被指数估算较高生物量提供

理论基础。

１　材料与方法

１１　实验设计
于２０１１—２０１４年在西北农林科技大学北校区

农作一站（３４°２９′Ｎ，１０８°０６′Ｅ），设置不同氮磷营养
水平和品种的夏玉米长势进行高光谱遥感监测田间

实验。实验地区气候为暖温带半湿润气候，海拔高

度４００ｍ左右，供试土壤为红油土，质地为粉砂粘壤
土，０～２０ｃｍ土层养分含量分别为：有机质质量比
１０４８ｍｇ／ｋｇ、全氮质量比 １２０ｇ／ｋｇ、碱解氮质量比
３６４８ｍｇ／ｋｇ、速效磷质量比 １２４９ｍｇ／ｋｇ。采取二

次裂区设计，氮肥为主处理，磷肥为副处理，品种为

副副处理，并实行多年连续定位施肥处理。实验设

置５个氮肥处理 Ｎ０、Ｎ１、Ｎ２、Ｎ３、Ｎ４，对应施氮量分
别为 ０、７５、１５０、２２５、３００ｋｇ／ｈｍ２（纯氮），总氮肥
６０％作为基肥，４０％作为追肥。设置 ４个磷肥处理
Ｐ０、Ｐ１、Ｐ２、Ｐ３，对应施磷量分别为 ０、６０、１２０、
１８０ｋｇ／ｈｍ２（Ｐ２Ｏ５），磷肥作为底肥一次性施入。
２个供试夏玉米品种分别为豫玉 ２２（平展型）和郑
单 ９５８（紧凑型），种植密度：豫玉 ２２为 ５２５×
１０４株／ｈｍ２，郑单９５８为６７５×１０４株／ｈｍ２。
１２　测定指标及方法
１２１　冠层光谱反射率测定

在夏玉米大喇叭口期（７月 １５日）、吐丝期
（８月２日）、灌浆期（８月 １７日）和乳熟期（９月
１０日），选择晴朗无云、无风天气，用 ＡＳＤＦｉｅｌｄＳｐｅｃ３
高光谱仪，在 １０：３０—１３：３０测定冠层光谱反射率。
光谱采样每个小区设３次重复，每次重复１０个为一
组，以其平均值作为该小区冠层光谱反射率。

１２２　地上干物质量测定与全氮含量测定
田间光谱测量后，立即剪取测定区域地上夏玉

米鲜生物量并带回实验室，进行杀青和干燥处理，并于

干燥后称量。采用凯氏定氮仪进行全氮含量的测定。

１３　高光谱遥感估算模型的建立及精度检验
拟合模型包括：简单线性函数 ｙ＝ｃ＋ａｘ；对数

函数 ｙ＝ｃ＋ａｌｎｘ；二次函数 ｙ＝ｃ＋ａｘ＋ｂｘ２；指数函
数 ｙ＝ｃｅａｘ。以上模型中，ｙ为地上干物质量拟合值，
ｘ为光谱变量，ｃ为常数，ａ、ｂ为方程参数。

由单变量和多变量回归模型估计出的参数，其精

度可用均方根差（ＲＭＳＥ）和相对误差（ＲＥ）来评价。

ＶＲＭＳＥ＝ ∑
ｎ

ｉ＝１
（ｙｉ－ｙ^ｉ）

２

槡
／ｎ

ＶＲＥ＝（ｙｉ－ｙ^ｉ）／ｙｉ×１００％
式中　ｙｉ———实测值　　ｙ^ｉ———预测值

ｎ———样本数　　ＶＲＭＳＥ———均方根差
ＶＲＥ———相对误差

１４　植被指数的选择
在已有研究成果基础上，选取２１种比值植被指

数及归一化植被指数（表１）建立夏玉米地上干物质
量高光谱遥感监测模型。

２　结果与分析

２１　不同氮磷水平对夏玉米各生育时期地上干物
质量的影响

以２０１１年和２０１３年大田夏玉米实验数据平均
值为例，分析了不同施肥处理下各生育时期地上干

物质量和全氮含量变化动态，如表 ２所示。从大喇
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　　 表 １　本文采用的高光谱植被指数

Ｔａｂ．１　Ｈｙｐｅｒｓｐｅｃｔｒａｌｖｅｇｅｔａｔｉｏｎｉｎｄｉｃｅｓｕｓｅｄｉｎｔｈｉｓｓｔｕｄｙ

植被指数 计算公式 文献序号

绿度指数 （ＧＩ） Ｒ＝Ｒ５５４／Ｒ６７７ ［１３］

特征色素简单比值指数 ａ（ＰＳＳＲａ） Ｒ＝Ｒ８００／Ｒ６８０ ［１４］

特征色素简单比值指数 ｂ（ＰＳＳＲｂ） Ｒ＝Ｒ８００／Ｒ６３５ ［１４］

特征色素简单比值指数 ｃ（ＰＳＳＲｃ） Ｒ＝Ｒ８００／Ｒ４７０ ［１４］

简单色素比值指数 （ＳＲＰＩ） Ｒ＝Ｒ４３０／Ｒ６８０ ［１５］

差值指数 （ＤＩ） Ｒ＝Ｒ８００－Ｒ５５０ ［１６］

差值植被指数 （ＤＶＩ） Ｒ＝Ｒ８００－Ｒ６８０ ［１７］

双差指数 （ＤＤ） Ｒ＝Ｒ７５０－Ｒ７２０－（Ｒ７００－Ｒ６７０） ［１８］

中分辨率陆地叶绿素成像指数 （ＭＴＣＩ） Ｒ＝（Ｒ７５０－Ｒ７１０）／（Ｒ７１０－Ｒ６８０） ［１９］

绿色归一化植被指数 （ＧＮＤＶＩ） Ｒ＝（Ｒ８０１－Ｒ５５０）／（Ｒ８００＋Ｒ５５０） ［２０］

叶绿素归一化植被指数 （ＮＰＣＩ） Ｒ＝（Ｒ６８０－Ｒ４３０）／（Ｒ６８０＋Ｒ４３０） ［２１］

归一化脱镁作用指数（ＮＰＱＩ） Ｒ＝（Ｒ４１５－Ｒ４３５）／（Ｒ４１５＋Ｒ４３５） ［２２］

光化学植被指数 （ＰＲＩ） Ｒ＝（Ｒ５３１－Ｒ５７０）／（Ｒ５３０＋Ｒ５７０） ［２３］

结构加强色素指数 （ＳＩＰＩ） Ｒ＝（Ｒ８００－Ｒ４４５）／（Ｒ８００－Ｒ６８０） ［２１］

改进红边比值植被指数（ＭＳＲ７０５） Ｒ＝（Ｒ７５０－Ｒ４４５）／（Ｒ７０５－Ｒ４４５） ［２４］

植物衰老指数 （ＰＳＲＩ） Ｒ＝（Ｒ６８０－Ｒ５００）／Ｒ７５０ ［２４］

红绿比值指数 （ＲＧＲ） Ｒ＝（Ｒ６１２＋Ｒ６６０）／（Ｒ５１０＋Ｒ５６０） ［２５］

归一化植被指数１（ＮＤＶＩ１） Ｒ＝（Ｒ７６０－Ｒ７０８）／（Ｒ７６０＋Ｒ７０８） ［２５］

归一化植被指数２（ＮＤＶＩ２） Ｒ＝（Ｒ８００－Ｒ６００）／（Ｒ８００＋Ｒ６００） ［２６］

归一化植被指数３（ＮＤＶＩ３） Ｒ＝（Ｒ９００－Ｒ６８０）／（Ｒ９００＋Ｒ６８０） ［２７］

归一化植被指数４（ＮＤＶＩ４） Ｒ＝（Ｒ７８０－Ｒ５５０）／（Ｒ７８０＋Ｒ５５０） ［２８］

　　注：Ｒ５５４表示５５４ｎｍ波长的光谱反射率，其余类推。

表 ２　不同施肥量处理下各生育时期夏玉米地上干物质量与冠层全氮质量分数

Ｔａｂ．２　ＡＤＭＡａｎｄｔｏｔａｌｎｉｔｒｏｇｅｎｃｏｎｔｅｎｔｏｆｃａｎｏｐｙｕｎｄｅｒｄｉｆｆｅｒｅｎｔｆｅｒｔｉｌｉｚａｔｉｏｎｔｒｅａｔｍｅｎｔｓａｔｄｉｆｆｅｒｅｎｔｇｒｏｗｔｈｓｔａｇｅｓｏｆｍａｉｚｅ

施肥处理

大喇叭口期 吐丝期 灌浆期 成熟期

干物质量／

（ｔ·ｈｍ－２）

全氮质量

分数／％

干物质量／

（ｔ·ｈｍ－２）

全氮质量

分数／％

干物质量／

（ｔ·ｈｍ－２）

全氮质量

分数／％

干物质量／

（ｔ·ｈｍ－２）

全氮质量

分数／％

Ｎ０ １１６４ｄ １１３ｃ １８３８ｄ １０４ｂ ３２５４ｄ ０９６ｃ ３７９０ｃ ０８４ｄ

Ｎ１ １３０９ｃ １３４ｂ ２１０９ｃ １３９ａ ３５１４ｃ １０８ｂ ４１６８ｂ ０９０ｃｄ

Ｐ０ Ｎ２ １３７９ｂ １３６ｂ ２１３２ｂ １４１ａ ３５８１ｃ １０７ｂ ４２１３ｂ １００ｂｃ

Ｎ３ １３７８ｂ １４１ｂ ２１６５ａ １４８ａ ４０４８ｂ １２５ａ ４２３５ｂ １１２ａｂ

Ｎ４ １６３５ａ １６９ａ ２２１２ａ １５３ａ ４２９３ａ １３１ａ ４４４２ａ １２４ａ

Ｎ０ １２１４ｄ １２７ｄ １９０１ｅ １２６ｃ ３６２０ｄ １１７ｃ ３９６５ｃ １１８ｃ

Ｎ１ １４１０ｃ １５０ｂｃ ２０９２ｄ １４４ｂ ３６１５ｄ １１９ｃ ４３１８ｂｅ １２７ｂ

Ｐ１ Ｎ２ １４０７ｃ １４６ｃ ２１２０ｃ １４３ｂ ４０６４ｃ １３６ｂ ４４０４ｂ １２６ｂ

Ｎ３ １４９６ｂ １５８ｂ ２１９２ｂ １５８ａ ４１７９ｂ １３９ａｂ ４６６３ａ １３９ａ

Ｎ４ １７０４ａ １８１ａ ２２５０ａ １６３ａ ４５７４ａ １５１ａ ４６８７ａ １４１ａ

Ｎ０ １２５５ｄ １４７ｄ １９７４ｄ １４９ｃ ３７８４ｄ １３１ｃ ４０８６ｄ １２４ｂ

Ｎ１ １４４６ｃ １６４ｃ ２００４ｄ １５０ｃ ４０１８ｃ １４５ｂ ４３１１ｃ １３４ａｂ

Ｐ２ Ｎ２ １５１９ｃ １８０ｂ ２４１９ｃ １８３ｂ ４８０８ｂ １７２ａ ４８８６ｂ １４４ａ

Ｎ３ １７１１ｂ １９６ａ ２５２６ｂ １８７ｂ ４７７３ｂ １７０ａ ４８６１ｂ １４７ａ

Ｎ４ １７９３ａ ２０７ａ ２６４４ａ １９７ａ ５０６６ａ １７６ａ ５１６０ａ １５２ａ

Ｎ０ １２７０ｅ １６９ｅ ２０９６ｄ １６９ｂ ４０５５ｄ １３５ｄ ４０９９ｅ １２７ｃ

Ｎ１ １４３７ｄ １８５ｄ ２１４１ｃ １６９ｂ ４１６９ｃ １６２ｃ ４４３６ｄ １４７ｂ

Ｐ３ Ｎ２ １５６３ｃ ２０１ｃ ２５００ｂ １９９ａ ４５３２ｂ １６８ｂｃ ４７３１ｃ １５６ａｂ

Ｎ３ １７２７ｂ ２１６ｂ ２５４４ｂ ２０３ａ ４５３８ｂ １７７ｂ ４９５７ｂ １７１ａ

Ｎ４ １８７７ａ ２３７ａ ２６７２ａ ２１３ａ ５１１１ａ １９７ａ ５４０２ａ １７９ａ

相关系数 ｒ ０８８７ ０９３０ ０９４０ ０８６２

　　注：同列数据后不同字母表示处理间差异达 Ｐ＜００５显著水平。
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叭口期到成熟期，夏玉米地上干物质量均呈现逐渐

升高的变化趋势，而全氮含量则呈逐渐下降趋势。

吐丝期到灌浆期是玉米吸收和积累营养的高峰期。

从吐丝期开始，植株体内储藏性养分开始向玉米雌

穗转移，降低了同化速率
［２９］
，所以灌浆期后地上干

物质量增长速度有所下降，不同施肥处理具有相似

的变化趋势
［３０］
。

在相同磷肥水平下，随着施氮量增加，地上干物

质量均有显著增长（Ｐ＜００５），ＡｌＡｂｂａｓ等的研究
也证明了增施氮肥可显著增加地上干物质量

［３１］
。

在相同氮肥水平下，随着施磷量增加，地上干物质量

也有所增长。高氮高磷耦合处理（Ｐ２Ｎ３、Ｐ２Ｎ４、
Ｐ３Ｎ３、Ｐ３Ｎ４）地上干物质量均高于低氮低磷耦合处
理（Ｐ０Ｎ０、Ｐ０Ｎ１、Ｐ１Ｎ０、Ｐ１Ｎ１）。如吐丝期高氮高磷
耦合处理与低氮低磷耦合处理条件下，地上干物质

量分别相差 ６８８、５３５、６４３、５８０ｔ／ｈｍ２，全氮质量
分数差值分别为０８３％、０５８％、０７７％、０６９％。

在各生育时期，地上干物质量与氮素含量有较

高的相关系数，表明二者在氮磷耦合处理影响下，有

相似的变化趋势，均随施肥量的增高而增加，且有显

著的差异。

２２　不同氮磷施肥水平下的夏玉米冠层光谱反射率
以２０１３年郑单 ９５８吐丝期夏玉米冠层光谱反

射率为例，分析不同氮磷施肥水平下夏玉米冠层光

谱反射率变化趋势，如图 １所示。不同氮磷营养水
平下，夏玉米冠层反射光谱在３５０～２３５０ｎｍ波段走
势基本一致。在 ３５０～６８０ｎｍ波段，光谱反射率较
低；在５５０ｎｍ左右为叶绿素强反射峰（绿峰），光谱
反射率在８％ ～１２％。在 ６８０ｎｍ左右为吸收谷，是
参与光合作用的叶绿素吸收红光的结果。在 ６８０～
７５０ｎｍ波段，光谱反射率直线上升，为绿色植物的
特征光谱“红边”，红光波段叶绿素的强烈吸收与近

红外波段光在叶片内部多次散射形成了该波段特

征，此特征是描述作物健康状况的重要指标。在近

红外波段（７５０～１１５０ｎｍ）有一稳定反射平台，冠层
光谱反射率趋于稳定（３６％ ～４２％）。在 １１５０～
２３５０ｎｍ光谱反射率逐渐下降，并且在 １７００ｎｍ和
２２００ｎｍ左右有２个反射峰；在１４００ｎｍ和１９００ｎｍ
左右为水分全吸收波段，由于受水汽影响较大，已剔

除。

图 １　不同氮、磷施肥水平下夏玉米冠层光谱反射率变化曲线

Ｆｉｇ．１　ＣｈａｎｇｅｏｆｃａｎｏｐｙｓｐｅｃｔｒａｌｒｅｆｌｅｃｔａｎｃｅｏｆｓｕｍｍｅｒｍａｉｚｅｕｎｄｅｒｄｉｆｆｅｒｅｎｔＮ，Ｐａｐｐｌｉｃａｔｉｏｎｒａｔｅｓ
　
　　不同氮、磷施肥水平下，夏玉米冠层反射光谱响

应曲线变化趋势较为相似。在可见光波段（３５０～

６８０ｎｍ），光谱反射率随施氮量和施磷量增加而降

低；在近红外波段（７５０～１３５０ｎｍ），光谱反射率随

施氮量和施磷量增加而升高；在 １３５０ｎｍ之后，光

谱反射率与氮磷肥力梯度无明显响应规律。

２３　冠层光谱反射率与地上干物质量及全氮含量

的相关性

将２０１１—２０１２年独立光谱反射率实验数据及

其地上干物质量进行相关分析（图 ２），可知夏玉米

冠层反射光谱与地上干物质量的相关性变化动态。从

图２可看出，在３５０～２３５０ｎｍ光谱范围内，光谱反射率

与地上干物质量和全氮含量相关性曲线走势相似，且

相关系数均差异不大，进一步表明地上干物质量和氮

素含量与光谱反射率的相关关系具有较高的相似性。

在４３０～７２０ｎｍ波段，夏玉米冠层原始光谱反

图 ２　夏玉米地上干物质量与冠层原始光谱反射率的

相关系数随波长的变化动态

Ｆｉｇ．２　Ｃｏｒｒｅｌａｔｉｏｎｃｏｅｆｆｉｃｉｅｎｔｂｅｔｗｅｅｎｏｒｉｇｉｎａｌｓｐｅｃｔｒａｌ

ｒｅｆｌｅｃｔａｎｃｅａｎｄＡＤＭＡ，Ｎｃｏｎｔｅｎｔｏｆｓｕｍｍｅｒｍａｉｚｅ

ｃａｎｏｐｙａｔｄｉｆｆｅｒｅｎｔｇｒｏｗｔｈｓｔａｇｅｓｏｆｍａｉｚｅ
　
射率与地上干物质量具有较高的负相关性，形成一

个比较稳定的平台，相关系数分别为 －０５９３～
－０６８７。在红边位置，所有的相关系数均有较明显
的波动，且随着波长的增加，相关性由显著负相关逐
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渐转变为显著正相关。在７５０～１３５０ｎｍ波段，夏玉
米冠层原始光谱反射率与地上干物质量的相关系数

为０５７８～０７３３。表１中所选植被指数的波段，均
在４３０～７２０ｎｍ和 ７５０～１３５０ｎｍ稳定相关系数波
段平台内。

２４　玉米地上干物质量光谱监测模型构建
选择２０１１年和２０１３年夏玉米地上干物质量与

相对应的植被指数（ｎ＝２４０，５种氮肥梯度、４种磷
肥梯度、３个重复及 ２年实验），基于不同生育时期
建立监测模型（表 ３）。本文选择线性函数、对数函
数、二次函数、指数函数与 ２１种植被指数变量拟合
回归模型，并计算分析地上干物质量拟合模型的精

度变化（决定系数 Ｒ２及 Ｆ值）。基于同一个植被指
数所建立的４种模型中，二次函数模型普遍具有较
高的决定系数。线性、对数及指数拟合模型具有较

为相近的决定系数和方程参数。

对于作物生理生态参数估算模型选择，不仅要

求回归模型的决定系数和 Ｆ值均要高，而且需要具
有可重复性。从表 ３中，每个生育时期分别选取决
定系数和 Ｆ值较高的 ３个拟合模型进行精度检验
分析（表４）。在大喇叭口期，夏玉米地上干物质量
的拟合模型决定系数均不高，可能是由于夏玉米叶

面积指数小，土壤背景干扰较大。在吐丝期，回归模

型决定系数和 Ｆ值均有所提高，且地上干物质量与
植被指数 ＰＳＳＲｃ和 ＭＴＣＩ有较高的模型决定系数。
在灌浆期，地上干物质量与植被指数 ＧＮＤＶＩ和
ＮＤＶＩ４组建的模型具有较高的决定系数，因此选为
较适模型以便进行进一步精度检验。在成熟期，地

上干物质量与植被指数 ＤＩ组建的模型有最高的决
定系数和较高的 Ｆ值。

表 ３　夏玉米不同生育时期地上干物质量与植被指数回归模型参数

Ｔａｂ．３　ＰａｒａｍｅｔｅｒｓｏｆｒｅｇｒｅｓｓｉｏｎｍｏｄｅｌｓｂｅｔｗｅｅｎＡＤＭＡａｎｄｖｅｇｅｔａｔｉｏｎｉｎｄｅｘｏｆｓｕｍｍｅｒｍａｉｚｅａｔｄｉｆｆｅｒｅｎｔｇｒｏｗｔｈｓｔａｇｅｓ

植被指数 回归模型
大喇叭口期 吐丝期 灌浆期 成熟期

Ｒ２ Ｆ Ｒ２ Ｆ Ｒ２ Ｆ Ｒ２ Ｆ

ＧＩ

线性 ００９８ ０６５５ ００４１ ０２５４ ０２４４ １９３２ ０２８１ ２３５０

对数 ００９９ ０６５８ ００３７ ０２２９ ０２５１ ２０１１ ０２７８ ２３１２

二次 ００９９ ０２７６ ０１４３ ０４１９ ０２７０ ０９２４ ０３１８ １１６４

指数 ０１１０ ０７３８ ００４１ ０２５４ ０２２２ １７１４ ０２９７ ２５３５

ＰＳＳＲａ

线性 ０６８８ １３２３４ ０４５３ ４９６５ ０３２３ ２８６１ ０４９１ ５７９９

对数 ０６９７ １３７９５ ０５５１ ７３７７ ０３６６ ３４５９ ０５０２ ６０５６

二次 ０７３４ ６８９２ ０７１６ １７１７９ ０４２４ １８４３ ０５４１ ２９４２

指数 ０６６６ １１９５５ ０４６１ ５１４１ ０３４５ ３１５８ ０４７７ ５４６９

ＰＳＳＲｂ

线性 ０５４８ ７２８５ ０５３６ ６９４２ ０４３４ ４６０８ ０７６８ １９８５０

对数 ０６１１ ９４３３ ０６４０ １０６８２ ０５００ ５９９７ ０７７７ ２０９０６

二次 ０８４９ ２６２９２ ０８４０ ２８８７９ ０５８３ ３５０１ ０７８４ ９０８９

指数 ０５４５ ７１８０ ０５４４ ７１７２ ０４５３ ４９７４ ０７５９ １８８８８

ＰＳＳＲｃ

线性 ０６１６ ９６２８ ０４４９ ４８９０ ０３４５ ３１６４ ０５３２ ６８０９

对数 ０６４２ １０７６１ ０５５７ ７５４６ ０３９０ ３８４２ ０５４４ ７１６９

二次 ０７４９ ７４５２ ０８５７ ３５４８７ ０４３９ １９５４ ０５８２ ３４７７

指数 ０６０１ ９０５５ ０４５７ ５０５６ ０３６９ ３５０６ ０５０５ ６１２５

ＳＲＰＩ

线性 ０１９２ １４２７ ０００１ ０００７ ０００４ ００２４ ０１１４ ０７７１

对数 ０１８６ １３７５ ０００２ ００１０ ０００３ ００２１ ０１１４ ０７７２

二次 ０３１５ １１５２ ０５５４ ３１０４ ０１８１ ０５５４ ０１１４ ０３２１

指数 ０１９４ １４４０ ０００３ ００１６ ０００２ ００１５ ００９１ ０６０３

ＤＩ

线性 ０６７５ １２４４６ ０６６６ １１９５７ ０７５５ １８４６９ ０８８４ ４５５９０

对数 ０７０７ １４４６６ ０６９９ １３９２１ ０７７１ ２０１６３ ０８９１ ４９００８

二次 ０７６６ ７１３３２ ０８０６ １０３５４ ０７９７ ９８２９ ０８９７ ２６１８４

指数 ０６７３ １２３５９ ０６８４ １２９８２ ０７７２ ２０２９０ ０８８７ ４７２８４

ＤＶＩ

线性 ０７９１ ２２６６９ ０６１７ ９６５３ ０５１４ ６３４５ ０８４０ ３１５４９

对数 ０８００ ２４０７２ ０６４５ １０９０８ ０５２９ ６７３６ ０８４４ ３２５０１

二次 ０８０２ ２０７８８ ０８１１ １０７３２ ０５８５ ３５２５ ０８５８ １５１４５

指数 ０８５７ ３７１６９ ０６３４ １０４０５ ０５３６ ６９２７ ０８４０ ３１５３２

ＤＤ

线性 ０８０５ ２４８０８ ０７６７ １９７０９ ０７０４ １４２５０ ０７２６ １５８８１

对数 ０８１１ ２５６７６ ０７２５ １５８００ ０６２４ ９９５０ ０７４８ １７７９８

二次 ０８１５ １１００６ ０７６７ ８２１３ ０７０８ ６０４９ ０７６１ ７９６２

指数 ０８１４ ２６２７０ ０７９２ ２２８５６ ０７１４ １５００８ ０７５０ １８０１５
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续表 ３

植被指数 回归模型
大喇叭口期 吐丝期 灌浆期 成熟期

Ｒ２ Ｆ Ｒ２ Ｆ Ｒ２ Ｆ Ｒ２ Ｆ

ＭＴＣＩ

线性 ０７２１ １５４９８ ０８０２ ２４３１６ ０６５７ １１４９３ ０６６３ １１７９８

对数 ０７６９ １９９３５ ０７８１ ２１４４１ ０６５２ １１２５３ ０７１７ １５２０２

二次 ０８０４ １０２７１ ０８０２ １０１３７ ０６６３ ４９２７ ０７９７ ９７９３

指数 ０７２４ １５７５７ ０８６３ ２７８４０ ０６６０ １１６４９ ０６８３ １２９５５

ＧＮＤＶＩ

线性 ０５８９ ８５９１ ０７１０ １４６６８ ０７９１ ２２７２６ ０８６１ ３７２１１

对数 ０６２６ １００６０ ０７４０ １７０５２ ０７９９ ２３８１０ ０８７１ ４０５３１

二次 ０８５１ ３８７９９ ０８４０ １３１４４ ０８０６ １０４０４ ０８７８ ２７１３５

指数 ０５９１ ８６５９ ０７２５ １５８３３ ０８０９ ２５４８８ ０８６１ ３７１２５

ＮＰＣＩ

线性 ０１８７ １３７８ ０００２ ００１０ ０００３ ００２１ ０１１４ ０７７２

对数 ０２４２ １９２０ ００２０ ０１２３ ００１５ ００９０ ０１３４ ０９２９

二次 ０３１５ １１４９ ０５５７ ３１３７ ０１７８ ０５４１ ０１１４ ０３２３

指数 ０１８９ １３９５ ０００３ ００２１ ０００２ ００１２ ００９１ ０６０３

ＮＰＱＩ

线性 ０１００ ０６７０ ００１２ ００７１ ０３１１ ２７０２ ００２５ ０１５６

对数 — — — — — — — —

二次 ０４７７ ２２７８ ０２２２ ０７１３ ０４３６ １９２９ ００２７ ００７０

指数 ００８８ ０５７８ ００１３ ００７６ ０３０２ ２６００ ００３１ ０１９１

ＰＲＩ

线性 ０３３７ ３０４６ ０７００ １３９９９ ０２１９ １６８２ ００３１ ０１９０

对数 ０３８４ ３７３３ ０７１４ １４９６８ ０２５９ ２０９２ ００２０ ０１２１

二次 ０４３０ １８８５ ０７２３ ６５２９ ０２５８ ０８６８ ０２３６ ０７７３

指数 ０３７７ ３６２６ ０６７２ １２３１０ ０２３９ １８８９ ００２５ ０１５１

ＳＩＰＩ

线性 ００１３ ００８１ ０１８５ １３６３ ０００６ ００３４ ００９４ ０６２５

对数 ００１４ ００８２ ０１８４ １３５７ ０００６ ００３３ ００９４ ０６２１

二次 ００１３ ００８１ ０１８６ １３６８ ０００６ ００３５ ００９５ ０６２８

指数 ００１８ ０１０９ ０２０５ １５４６ ０００７ ００４３ ００７５ ０４９０

ＭＳＲ７０５

线性 ０７６０ １９００１ ０７９４ ２３１５４ ０７６９ １９９６３ ０５２８ ６７０３

对数 ０７６１ １９０７６ ０７６５ １９５７７ ０７５３ １８２９９ ０５７６ ８１４５

二次 ０７６２ ７９９２ ０８０４ １０２６６ ０７７０ ８３９１ ０６７６ ５２１７

指数 ０７６２ １９２６１ ０８１７ ２６７９８ ０７６２ １９１６０ ０５５６ ７４９９

ＰＳＲＩ

线性 ０１９２ １４２６ ０７８０ ２１２８３ ０３８１ ３６９４ ０４８５ ５６４９

对数 — — — — — — — —

二次 ０２３７ ０７７７ ０７８４ ９０７５ ０４０５ １７０５ ０８４８ １３９３６

指数 ０１９８ １４８１ ０８０４ ２４５８０ ０３８６ ３７７１ ０４７８ ５４９２

ＲＧＲ

线性 ００４０ ０２４７ ０３０１ ２５８７ ００４２ ０２６１ ０１１１ ０７４６

对数 ００３９ ０２４１ ０３０１ ２５８６ ００４０ ０２５１ ０１１１ ０７５２

二次 ００６４ ０１７２ ０３０１ １０７８ ００６９ ０１８５ ０１２３ ０３５０

指数 ００４６ ０２８７ ０２９８ ２５５３ ００３３ ０２０２ ０１１８ ０８０２

ＮＤＶＩ１

线性 ０８２４ ２８１６４ ０７６６ １９６６０ ０６２７ １００８６ ０７７９ ２１１３４

对数 ０８３７ ３０９２１ ０７６９ １９９３４ ０６１７ ９６５８ ０７９０ ２２５２２

二次 ０８５３ １４４５４ ０７７３ ８４９１ ０６２７ ４２０３ ０８０５ １０３２１

指数 ０８３０ ２９１９７ ０７９０ ２２５３５ ０６４３ １０８０３ ０７９６ ２３４５６

ＮＤＶＩ２

线性 ０６２１ ９８３０ ０７２０ １５４５８ ０６２２ ９８８２ ０８３９ ３１３３５

对数 ０６４４ １０８４９ ０７４３ １７３７９ ０６２６ １００２８ ０８４２ ３２０１６

二次 ０８０５ １３９３５ ０８３５ １２６７１ ０６２９ ４２４１ ０８４８ １３８９８

指数 ０６１９ ９７６４ ０７３５ １６６４２ ０６４５ １０８９９ ０８３９ ３１２７０

ＮＤＶＩ３

线性 ０６９９ １３９０３ ０６１８ ９７０３ ０３７８ ３６５２ ０５２６ ６６４８

对数 ０７０１ １４０６０ ０６４０ １０６６２ ０３８５ ３７５７ ０５２９ ６７４９

二次 ０６９９ １３９０３ ０８４３ １３３９５ ０４００ １６６４ ０５７４ ３３６３

指数 ０６７７ １２５６４ ０６３０ １０２１８ ０４０５ ４０８６ ０５１４ ６３４７

ＮＤＶＩ４

线性 ０５９０ ８６１９ ０７１１ １４７５３ ０７９６ ２３３６９ ０８５６ ３５７９１

对数 ０６２７ １００７９ ０７４１ １７１２６ ０８０２ ２４３７９ ０８６７ ３９０２６

二次 ０８５０ ４７５０７ ０８３９ １３００３ ０８０９ １０５９９ ０８７０ ２７１１７

指数 ０５９１ ８６７７ ０７２６ １５９２９ ０８１４ ２６２３７ ０８５６ ３５６９１

　　注：“—”表示自变量包含非正数值，无法计算对数函数模型。
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表 ４　夏玉米不同生育时期地上干物质量与植被指数回归模型验证

Ｔａｂ．４　ＶｅｒｉｆｉｃａｔｉｏｎｏｆｒｅｇｒｅｓｓｉｏｎｍｏｄｅｌｓｂｅｔｗｅｅｎＡＤＭＡａｎｄｖｅｇｅｔａｔｉｏｎｉｎｄｅｘｏｆｓｕｍｍｅｒｍａｉｚｅａｔｄｉｆｆｅｒｅｎｔｇｒｏｗｔｈｓｔａｇｅｓ

生育时期 植被指数 拟合模型 均方根差／（ｔ·ｈｍ－２） 相对误差／％

ＤＶＩ ｙ＝１１６４ｅ０３３６ｘ ２０９６ １０８５

大喇叭口期 ＧＮＤＶＩ ｙ＝－１９０２９８＋６５９ｘ－５２０７５２ｘ２ ０９４５ ５５３

ＮＤＶＩ１ ｙ＝－２９０００＋１４９７８２ｘ－１１６９２８ｘ２ １６４４ ９２３

ＰＳＳＲｃ ｙ＝－２０９７７＋９７９６ｘ－０５０１ｘ２ １０４４ ３９３

吐丝期 ＭＴＣＩ ｙ＝１４８３４ｅ０００７ｘ ２２４６ ７５４

ＮＤＶＩ３ ｙ＝－３６７７９６＋９７６５２６ｘ－６０５８９５ｘ２ １９９４ ７５２

ＧＮＤＶＩ ｙ＝１６１８３ｅ００８１ｘ ５４７３ １０５７

灌浆期 ＮＤＶＩ４ ｙ＝－４１２７８＋２３８０４３ｘ－１４８６９０ｘ２ ５０１３ １１０５

ＮＤＶＩ４ ｙ＝１６１０４ｅ００８２ｘ ５４０８ １０４７

ＤＩ ｙ＝１３０５３５＋６８９７８ｌｎｘ ２１７５ ４９３２

成熟期 ＤＩ ｙ＝－２７６４５１＋１９７９５２４ｘ－２９８２５１５ｘ２ ２２３４ ５５１６

ＤＩ ｙ＝１１２５４ｅ５３１２ｘ １７６１ ４５７８

２５　夏玉米地上干物质量光谱监测模型精度检验
为了检验监测模型的稳定性及可靠性，利用

２０１２年和２０１４年夏玉米各生育时期实验独立数据
（ｎ＝２４０）进行均方根差（ＲＭＳＥ）和相对误差（ＲＥ）
的测试。从每个生育时期分别选择３个决定系数和
Ｆ值较高的模型进行地上干物质量模型精度检验，
并选择均方根差和相对误差均较低的模型为最适模

型，此模型具有较好的稳定性和可重复性。结果表

明，地上干物质量与植被指数 ＧＮＤＶＩ、ＰＳＳＲｃ、
ＮＤＶＩ４和 ＤＩ建立的模型为最适模型。

３　讨论

研究作物地上干物质量状况，传统方法多采用

实地测量作物叶片及鲜干物质量，不仅费时费力，而

且对作物有破坏性。遥感技术可以对作物冠层快速

有效、非破坏性地进行田间信息采集与处理，实现作

物大面积快速、准确检测。

已有的研究多偏重于成熟期的地上干物质量模

型拟合
［３２－３３］

，较少对作物生育前中期进行相应的研

究。本实验通过对夏玉米不同生育时期及多种波段

构建的植被指数与地上干物质量建立了拟合模型，

并进行了相应的精度检验，从统计学角度分析了地

上干物质量与冠层反射光谱的关系，并建立了与之

相对应的监测模型，为大田玉米生长监测与实时诊

断提供了量化指标。

相比宽波段植被指数，窄波段植被指数更容易

受仪器、环境噪声和背景等的影响，这可能是造成研

究结果差异的重要原因。实验结果表明，波段组合

的植被指数可有效降低上述误差，提高模型的精准

度
［３４－３６］

。

在不同生育时期选择的１２个模型中（表 ４），含
有８００ｎｍ和５５０ｎｍ参量的模型分别有 ７个。在已

有的众多研究论述中，８００ｎｍ和５５０ｎｍ波段参量被
用于众多植被指数的频率较高，且已应用于多种植

物的长势监测，但对夏玉米不同生育时期长势监测

的研究相对较少。本文对不同生育时期夏玉米地上

生物量与多种光谱植被指数进行了相关性分析，并

进行了相关的模型验证。结果表明，在夏玉米不同

的生育时期，光谱敏感波段有一定的差异，植被指数

的选择也因此而不同；在生物量较高的生育后期，ＤＩ
有较高的决定系数和 Ｆ值，且具有较小的均方根差
和相对误差。

在生育前中期（大喇叭口期、吐丝期和灌浆期）

选择的９个模型中，植被指数为 ＮＤＶＩ和 ＧＮＤＶＩ参
量的模型分别有４个和 ２个，这 ２种模型已广泛应
用于氮素、ＬＡＩ和生物量等的模型构建中。但在生
育后期（成熟期），ＤＩ植被指数较好地解决了 ＮＤＶＩ
算式本身存在的容易饱和的缺陷

［２８，３７］
。

本研究中，在成熟期所建立的最适模型地上

干物质量均为基于植被指数 ＤＩ的指数函数模型，
这与前人的研究结论相似

［３８－３９］
，且此生育时期的

其他 ＤＩ验证模型也均具有较低均方根差和相对
误差，基于植被指数 ＤＩ建立的模型均具有较好的
稳定性和较高精度。由于已有的关于地上干物质

量研究多偏重于成熟期，且成熟期的地上干物质

量研究具有重要的应用价值，所以关于成熟期的

相关模型建立也显得尤为重要，且具有较高的实

用意义。

本实验基于不同的生育时期对夏玉米地上干物

质量进行了光谱植被指数拟合分析，不同生育时期

的最佳植被指数具有较大差异，尚未发现可应用于

监测所有生育时期的植被指数，对于普适于所有生

育时期的光谱监测干物质量的模型还有待于进一步

研究。

０６２ 农　业　机　械　学　报　　　　　　　　　　　　　　　　　２０１６年



４　结论

（１）在不同施肥量条件下，夏玉米冠层地上干
物质量和全氮含量均有明显差异，各生育时期全氮

含量逐渐下降，地上干物质量逐渐上升。冠层光谱

反射率与全氮含量和地上干物质量均具有较强的相

关性。

（２）在大喇叭口期、吐丝期、灌浆期和成熟期，
夏玉米地上干物质量的最优预测模型分别为：ｙ＝
－１９０２９８＋６５９ｘ－５２０７５２ｘ２（ＧＮＤＶＩ）、ｙ＝－２０９７７＋
９７９６ｘ － ０５０１ｘ２ （ＰＳＳＲｃ）、ｙ ＝ １６１０４ｅ００８２ｘ

（ＮＤＶＩ４）和 ｙ＝１１２５４ｅ５３１２ｘ（ＤＩ）。
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