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Abstract 

Background: The accurate quantification of yield in rapeseed is important for evaluating the supply of vegetable oil, 

especially at regional scales.

Methods: This study developed an approach to estimate rapeseed yield with remotely sensed canopy spectra and 

abundance data by spectral mixture analysis. A six-band image of the studied rapeseed plots was obtained by an 

unmanned aerial vehicle (UAV) system during the rapeseed flowering stage. Several widely used vegetation indices 

(VIs) were calculated from canopy reflectance derived from the UAV image. And the plot-level abundance of flower, 

leaf and soil, indicating the fraction of different components within the plot, was retrieved based on spectral mixture 

analysis on the six-band image and endmember spectra collected in situ for different components.

Results: The results showed that for all tested indices VI multiplied by leaf-related abundance closely related to 

rapeseed yield. The product of Normalized Difference Vegetation Index and short-stalk-leaf abundance was the most 

accurate for estimating yield in rapeseed under different nitrogen treatments with the estimation errors below 13%.

Conclusion: This study gives an important indication that spectral mixture analysis needs to be considered when 

estimating yield by remotely sensed VI, especially for the image containing obviously spectral different components 

or for crops which have conspicuous flowers or fruits with significantly different spectra from their leave.
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Background
Rapeseed is an important cash crop cultivated primarily 

for its oil-rich seeds which can be processed into edible 

oil used all over the world. �e byproducts of rapeseed 

are also widely used for animal feed, biofuel and medi-

cine [1]. It is reported that in the last decade rapeseed 

displayed the highest production rise amongst oil crops 

[2] due to the long-term increase of global food and fuel 

demands. �e accurate estimation of rapeseed yield, 

especially at regional scale, is of significance to evalu-

ate the supply of vegetation oil and help enhance food 

security.

Remote sensing technique can efficiently obtain canopy 

spectra data from space, which carries valuable informa-

tion indicating the canopy interaction with solar radia-

tion such as vegetation absorption and scattering [3]. 

Many methods have been developed trying to relate the 

vegetation spectra to its optical properties for evaluating 

vegetation growth. Leaf pigments strongly absorb visible 

light thus reducing vegetation reflectance in the visible 

range [4], and vegetation reflectance in the near-infrared 

(NIR) range is affected by thick plant tissues and canopy 

structures [5]. Optical vegetation indices (VI), calcu-

lated from reflectance of different spectral ranges [6], 

have been developed to retrieve biophysical parameters 

such as leaf area index [7, 8], chlorophyll content [9, 10] 

and biomass [11, 12]. Instead of establishing regression 

algorithms of using VI to estimate vegetation parameter, 
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machine-learning methods employ more sophisticated 

statistical techniques to develop relationships between 

the vegetation spectra and biophysical parameters [13]. 

For example, Bacour et al. [14] applied a neural network 

to estimate leaf area index and vegetation fraction with 

MERIS satellite reflectance at 11 bands. Verrelst et  al. 

[15] used Gaussian process machine learning techniques 

to retrieve chlorophyll content with 62-band CHRIS sat-

ellite images. �ese methods can make full use of spectral 

information at all bands and be able to approximate com-

plex non-linear functions, thus they often appeared more 

robust and adaptive than VI-based algorithms especially 

for hyperspectral data [16]. Despite spectral information, 

vegetation structure-related features can be also remotely 

estimated. Yue et  al. [17] constructed crop 3D models 

using images taken from different positions for the same 

area, which clearly showed the height variations in wheat 

under different nitrogen and water treatments. Gener-

ally, VI-based methods are the mainstream approach for 

estimating biophysical parameters in various terrestrial 

ecosystems [18] and from various remote sensing plat-

forms [19–21]. For multispectral data which is available 

for most current sensors, many experiments showed that 

machine-learning methods only slightly improved esti-

mation accuracy compared with VI-based methods. �e 

use of appropriate VI can give comparable performance 

to the complex machine-learning methods but with 

much more efficiency and feasibility [13].

�e increase or decrease of crop photosynthesis capac-

ity, which can be captured through spectral measures (e.g., 

VIs), directly affects plant development thus determining 

its ultimate yield. �us VI showed the good potential as a 

basic and simple approach for remote estimation of crop 

yield at the large scale [22, 23]. Becker-Reshef et  al. [24] 

found that in winter wheat the maximum Normalized Dif-

ference Vegetation Index (NDVI) derived from MODIS 

satellite data of each season closely followed the yield vari-

ations with the correlation coefficient above 0.74; Rahman 

et al. [25] utilized AVHRR-satellite-based NDVI and tem-

perature data to model annual yield in rice with residual 

values in individual years around 4%; Sakamoto et al. [26] 

mapped U.S. corn yields successfully using Wide Dynamic 

Range Vegetation Index (WDRVI) derived from time-

series MODIS data with the estimation error below 30% at 

the state level; Liang et al. [27] reported a good relationship 

between grape yield and NDVI derived from Landsat data 

having the correlation coefficient above 0.64. Remote sens-

ing is able to offer the spatial and temporal information of 

the study site timely and economically. �eir application 

for crop yield evaluation has been demonstrated across a 

wide range of scales and geographic locations [28–31].

Due to the limitation of the spatial resolution as well as 

the landscape fragmentation, there may be a considerable 

discrepancy between pixel sizes of the used remotely 

sensed images and much smaller sizes of the studied 

croplands. For example, MODIS satellite data, which is 

free available and widely used all over the world, obtains 

the daily global observations at the spatial resolution of 

0.25–1 km. While the smallholder farms in China, which 

accounted to 98% of the total farm area in China, had the 

typical size smaller than 0.002 km2 [32, 33]. In this case, 

one pixel on an image encompasses several land cover 

types. Even for the high resolution data, the signal of one 

pixel can be contributed by multiple cropland compo-

nents (e.g., soil, leaf, flower and fruit) that have signifi-

cantly different spectra [34]. VI derived from spectra of 

such mixed pixels may include the data of components 

not or weakly related to yield, which introduces unex-

pected uncertainties for yield estimation. �is problem 

is more obvious when applying to rapeseed. Unlike grain 

crops, conspicuous flowers will appear on top of the rape-

seed canopy at its early reproductive stage and the flow-

ering period may last more than 30 days [35]. Rapeseed 

flowers were bright yellow with dense petals that can 

scatter the radiation to all possible directions, while rape-

seed leaves are green orienting nearly horizontal. With 

the same vegetation cover, it is observed that canopy 

spectra of rapeseed during flowering stage was twice as 

high as during green-up stage, especially in the green and 

NIR spectral ranges [36]. When the remotely detected 

canopy spectra is greatly mixed by flower and leaf spec-

tra, the accuracy of estimating vegetation parameter with 

pixel-level VI would decrease. Behrens et al. [37] showed 

the weak correlations between NDVI and rapeseed bio-

mass with the correlation coefficient below 0.1; Fang et al. 

[36] reported the uncertainties increased by 50% when 

using VI to estimate vegetation fraction in rapeseed dur-

ing its flowering season. Canopy reflectance sensed from 

the space is confounded by different components of rape-

seed cropland, and there is a need to consider the factor 

of spectral mixture that will influence the yield estimates 

especially during the flowering period.

Many studies used spectral mixture analysis to quan-

tify the spectral contributions from different components 

within a pixel [38–40]. It assumes that the individual pixel 

is mixed by a few dominant components with different 

proportions that appear in the studied scene, and these 

components spectrally contribute to the total pixel signal 

at sub-pixel scale [41]. Endmembers, the dominant com-

ponents of the image scene and not themselves mixed 

by other components, are firstly identified. A set of pure 

spectra of these endmembers is measured as field data, 

and the fraction of each endmember within a pixel can be 

estimated based on comparing the pixel spectra and field-

collected endmembers’ spectra in multiple bands [42]. 

�is method is commonly applied to assess vegetation 
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properties. Based on measured spectra of two endmem-

bers (bare soil and dense vegetation), Gitelson et  al. [43] 

developed an approach to estimate vegetation fraction in 

sampling zones; Li and Strahler [44] proposed a model sep-

arating a pixel reflectance into reflectance of four compo-

nents (sunlit ground, sunlit crown, shadowed ground and 

shadowed crown), and this model was further extended to 

estimate tree density in woodland using Landsat satellite 

data [45]. However, the analysis of how the spectral mix-

ture will affect yield estimates and how to select appropri-

ate endmembers for yield estimation in rapeseed has not 

been adequately elaborated and addressed.

Recently, Unmanned Aerial Vehicles (UAV) are increas-

ingly used as an innovative remote sensing platform for 

environmental applications [46, 47]. Unlike field-col-

lected data, UAV can fly over the predetermined area to 

obtain the images efficiently with very high spatial (e.g., 

centimeters) and temporal (e.g., daily observations) reso-

lutions, which greatly reduces the labor and time costs 

[48]. In comparison to most satellite and airborne plat-

forms, the availability of using customizable sensor on 

UAV as well as the flexibility of changing UAV flight alti-

tude and attitude can give us an easy access to data with 

the spatial and spectral resolutions as required by users 

[49]. �is is particularly beneficial for precision agricul-

ture by offering the image with resolutions appropriately 

selected for detailed observations on the in-field crop 

growth. For example, Jin et al. [50] developed a method 

to estimate wheat density using images taken from a hex-

acopter flying at very low altitude (3–7  m); López-Gra-

nados et al. [51] mapped weed distributions in croplands 

based on images collected by UAV at different heights; 

Zhou et al. [52] predicted rice yield using multi-temporal 

images acquired by two cameras with different spectral 

ranges mounted on an UAV system. UAV-collected data 

is becoming a promising tool for monitoring crop growth 

and assisting in field managements.

�is study explores to improve VI-based approach for 

estimating rapeseed yield by considering spectral mixture 

factors. �e image of the study site was remotely obtained 

by an UAV system. �e first objective is to compare and 

evaluate several widely used VIs for rapeseed yield esti-

mation. �e second objective is to identify and analyze 

the endmembers that appear in remotely sensed scene 

and mostly related to rapeseed yield. �e final objective 

is to develop an approach for the accurate estimation of 

rapeseed yield with VI data and spectral mixture analysis.

Methods
Study area

In this investigation, we studied 24 rapeseed plots 

located at Rapeseed Experiment and Research Base 

(30.1127°N,115.5894°E), Central China Agricultural 

University, Wuxue, Hubei, China. �ey were of the size 

about 15  m × 2  m and all planted with the same hybrid 

of rapeseed (Huayouza No.9) [53]. �e field manage-

ments for these plots were similar except that different 

amounts of nitrogen fertilizer were applied. Eight nitro-

gen (N) rates (0, 45, 90, 135, 180, 225, 270 and 360  kg/

ha) were utilized, and each rate was repeated on three 

randomly distributed plots (Fig.  1). All the plots were 

irrigated and weeded regularly. �e growing season for 

our studied rapeseed was from Sept. 2014 to the follow-

ing May. In this study, one UAV flight was arranged to 

obtain the image of study area on Mar. 21, 2015 during 

the early flowering stage of the rapeseed. In this period, 

rapeseed was on the stage that plants increase photosyn-

thetic rates due to strong carbon sink of developing flow-

ers and fruits [37]. �us, the obtained image at this stage 

probably corresponded to the maximum photosynthe-

sis capacity of rapeseed plants, which is indicative to its 

final yield. For all 24 plots, half of each plot was sampled 

periodically for crop growth evaluations while the other 

half of each plot was kept intact until the harvest date for 

yield determination.

Rapeseed yield determination

�e 24 rapeseed plots were harvested on 5 May, 2015. 

In each plot, half of the above-ground plant materials 

(around 15 m2) were all cut for yield determination. �e 

harvested materials were exposed to the sun for 10 days 

for seed threshed. �e seeds were then cleaned and put 

into an oven at 60  °C until their weight did not change 

(around 4 days). All the dry seeds were weighted together 

and the plot yield was calculated as the ratio of this total 

weight to the ground area (kg/ha). �e final yield of 24 

plots varied from 1000 to 3500 kg/ha, which represented 

a wide range of yield variation.

Fig. 1 Study area in this study and the nitrogen fertilizer applications 

in 24 rapeseed plots
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Canopy re�ectance and VI derived from UAV data

�e UAV flight was carried out on Mar. 21, 2015 between 

10:00 and 13:00 local time when changes in solar zenith 

angle were minimal and the weather was clear with low 

cloud cover observed. �e Mini-MCA system (Mini-

MCA 6, Tetracam Inc., Chatsworth, CA, USA) was 

mounted on an UAV (S1000, SZ DJI Technology Co., Ltd, 

Shenzhen, China) to obtain images of the studied area. 

Mini-MCA is consisted of six individual miniature digi-

tal cameras, and each camera lens was equipped with a 

customer-specified band pass filter centered at wave-

length of 490, 550, 670, 720, 800 or 900 nm respectively 

at the band width of 10  nm. �ese bands were selected 

since they were commonly used for estimating vegetation 

photosynthesis-related parameters [37, 54, 55].

Prior to the flight, six cameras were co-registered in the 

laboratory using a camera distortion correction model 

[56] so that the corresponding pixels of each lens were 

spatial overlapped in the same focal plane. During the 

flight, a gimbal stable platform was used to help adjust 

the camera system pointing close to nadir [57], which 

minimized the fluctuations in collected reflectance due 

to variations of observation azimuth angles. �e flight 

altitude was kept at 50  m above the ground to acquire 

images at the spatial resolution around 2.5 cm. For each 

exposure, six cameras simultaneously took a picture to 

produce a six-band-composite image of the study area.

In this study, the image digital numbers (DN) were 

converted to surface reflectance using the empirical 

line approach [58, 59]. Four calibration ground targets, 

providing a relatively flat response to incident radia-

tion throughout the visible to NIR spectral ranges, were 

placed in the cameras’ field of view as a standard for 

image radiometric corrections. �e calibration targets 

used in this study are made of highly durable woven 

polyester fabric at the size of 0.4  m × 0.6  m, having the 

relatively constant reflectance of 6%, 24%, 48% and 100%, 

respectively (more details can be found at: http://www.

tetra cam.com/Produ cts_Groun d_Calib ratio n_Panel 

s.htm). Assuming a linear relationship between surface 

reflectance and DN values, canopy surface reflectance 

ρ(�) can be calculated as [60, 61]:

where DN(�) is the digital number of a given pixel at 

wavelength � ; B� and G� are bias and gains of the sensor 

at wavelength � . For each wavelength, B and G can be 

calculated based on DN values of pixels from four cali-

bration targets (referring to DN0.06 , DN0.24 , DN0.48 , DN1)

Within each of 24 plots, we defined a maximum rectan-

gle fitted the plot (including around 30,000 pixels). And 

the plot-level reflectance was calculated as the average 

value of all pixels within the defined rectangle. Plot-level 

VI was then retrieved from plot-level canopy reflectance 

(Table 1).

Spectral mixture analysis and endmember abundance

To analyze the factor of spectral mixture within a pixel, 

five endmembers were considered in this study: (1) flower 

(FL), (2) sessile leaf (SE-LF), (3) short stalk leaf (SS-LF), 

(4) wet soil (W-soil) and (5) dry soil (D-soil). �ey were 

the dominant components visible in our studied scene 

(Fig.  2). Samples of each component were collected 

from the study area and their spectra were immediately 

(1)
ρ(�) = DN (�) × G� + B�

(� = 490, 550, 670, 720, 800 and 900 nm)

(2)

�

B

G

�

=























1 DN0.06

1 DN0.24

1 DN0.48

1 DN1.00











T









1 DN0.06

1 DN0.24

1 DN0.48

1 DN1.00























−1










1 DN0.06

1 DN0.24

1 DN0.48

1 DN1.00











T






0.06

0.24

0.48

1.00







Table 1 Vegetation indices tested in this study

Vegetation indices Formula References

Normalized Difference Vegetation Index (NDVI) (ρ800 − ρ670)/(ρ800 + ρ670) Rouse et al. [62]

Red edge chlorophyll index  (CIrededge) ρ800/ρ720 − 1 Gitelson et al. [63]

Green chlorophyll index  (CIgreen) ρ800/ρ550 − 1 Gitelson et al. [63]

Visible Atmospherically Resistant Index (VARI) (ρ550 − ρ670)/(ρ550 + ρ670) Gitelson et al. [43]

Ratio Vegetation Index (RVI) ρ800/ρ670 Jordan et al. [64]

Difference Vegetation Index (DVI) ρ800 − ρ670 Richardson et al. [65]

Renormalized difference Vegetation Index (RDVI)
√
NDVI × (ρ800 − ρ670)/2 Roujean et al. [66]

Enhanced Vegetation Index (EVI) 2.5(ρ800 − ρ670)/(ρ800 + 6ρ670 − 7.5ρ490 + 1) Liu et al. [67]

Triangular Vegetation Index (TVI) 0.5[120(ρ800 − ρ550) − 200((ρ670 − ρ550)] Broge et al. [68]

Soil Adjusted Vegetation Index (SAVI) (1 + L)(ρ800 − ρ670)/(ρ800 + ρ670 + L) Huete [69]

http://www.tetracam.com/Products_Ground_Calibration_Panels.htm
http://www.tetracam.com/Products_Ground_Calibration_Panels.htm
http://www.tetracam.com/Products_Ground_Calibration_Panels.htm
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measured in situ using a hyperspectral radiometer (Ana-

lytical Spectral Devices Inc., Boulder, CO, USA). �is 

radiometer was equipped with a 25° field-of-view opti-

cal fiber that obtained sample reflectance in range of 

350–1100 nm at a spectral resolution around 1 nm. �e 

measurements of W- or D- soil spectra were conducted 

in all plots (at least six sampling areas per plot) with the 

ASD fiber pointing to the area at the appropriate height 

to make sure the instant field of view was all covered by 

wet or dry soil with no vegetation, and the averaged spec-

tra was used as soil spectra. �e leaf spectra were taken 

fractional abundance of each spectral endmember. It is 

assumed that the acquired image can be represented as 

a linear mixture of a few dominant spectral endmembers. 

For a given pixel at the wavelength λ, the pixel reflectance 

ρ(λ) can be approximated as:

where N is the number of selected endmembers,  Abdi is 

the fractional abundance of endmember i, ρi(�) is the ref-

erence reflectance of endmember i at band λ. �e abun-

dance is constrained between 0 and 1, and for each pixel 

the sum of the abundance of all endmembers equals to 

1. An abundance of 0 indicates no spectral contributions 

from the particular endmember, while an abundance of 1 

means this pixel spectra is the same with pure spectra of 

the particular endmember.

In this study, we selected flower, sessile leaf, short-stalk 

leaf, wet soil and dry soil as five endmembers. According 

to Eq. 3, abundance of the selected five components for 

each pixel can be retrieved from the six-band UAV image 

of the study site [71–73] (run by MATLAB 7.5) as:

where ρ(�i) is the surface reflectance of the given pixel 

at band �i (i = 1, 2…6). ρFL(�i) , ρSE−LF (�i) , ρSS−LF (�i) , 

ρW−soil(�i) and ρD−soil(�i) are the endmember reflec-

tance at band �i for flower, sessile leave, short stalk leave, 

wet soil and dry soil, respectively. AbdFL , AbdSE−LF , 

AbdSS−LF , AbdW−soil and AbdD−soil are the abundance 

of flower, sessile leave, short stalk leave, wet soil and dry 

soil respectively, referring to the fraction of the given 

component within a pixel. Pixel by pixel, the abundance 

images of five endmembers were then constructed. For 

each abundance image, the previous defined rectangle 

in each of 24 plots for calculating plot-level VI was used 

to retrieve plot-level abundance by averaging abundance 

values of all pixels within the given rectangle.

(3)

ρ(�) =

N∑

i=1

Abdiρi(�);

and 0 ≤ Abdi ≤ 1;

and

N∑

i=1

Abdi = 1
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Fig. 2 Endmembers selected in this study

using ASD with a self-illuminated leaf clip for sessile leaf 

and short-stalk leaf respectively. For each leaf, spectral 

reflectance was scanned at 5 positions randomly distrib-

uted on the leaf adaxial side and six leaves were sampled 

per plot. �e average of all spectra scans was then used 

as leaf reflectance. Since the rapeseed flower is small and 

narrow, the sample flowers were gathered together on a 

black background and arranged to fully cover the sensor’s 

view field to make sure that the radiometer collected the 

pure spectra of flower. By this way, the reference end-

member reflectance of five components were obtained: 

ρFL , ρSE−LF , ρSS−LF , ρW−soil and ρD−soil.

For spectral mixture analysis, the linear mixing spec-

tral model [70] was used in this study to estimate the 
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Yield estimation in rapeseed using VI and abundance data

In this study, plot-level VI was firstly correlated with 

rapeseed yield directly. Since leaves are the main organ 

for photosynthesis in rapeseed that will determine its 

production and the seed number largely depends on the 

number of flowers that will be further translated into 

pods, plot-level VI was multiplied by plot-level leaf or 

flower abundance for relating to rapeseed yield. As lin-

ear relationships are easy to implement and sensitive to 

wide range of variation in the dependent variable [74], 

four linear relationships were developed using 24 sam-

ples: (1) yield versus VI, (2) yield versus VI × AbdFL (3) 

yield versus VI × (AbdSE-LF + AbdSS-LF) and (4) yield ver-

sus VI × AbdSS-LF. Coefficients of determination  (R2) 

and coefficients of variation (CV) were analyzed and 

compared.

Algorithm establishment using leave-one-out 

cross-validation

�is study used the leave-one-out cross-validation 

approach [75] to establish the algorithm for rapeseed 

yield estimation. �e samples were trained and tested 

for K times (K is the number of samples, K = 24 in this 

study). For each time i, K − 1 samples were used itera-

tively as training data for calibrating the coefficients 

 (Coefi) of the algorithm with the accuracy of the coef-

ficients of determination (Ri
2), and the remaining single 

sample was used for validation to obtain the estimation 

error  (Ei). �is procedure was repeated K times, with all 

samples used for both calibration and validation and each 

sample used exactly one time as validation data. From K 

iterations, the final algorithm with the accuracy  (R2 and 

root mean square error—RMSE) can be produced as:

Results
Relationship of VI versus yield in rapeseed

In this study, the yield was firstly correlated with several 

widely used VIs. Among the tested indices,  CIred edge, EVI, 

DVI, RDVI, TVI and SAVI showed significant correla-

tions with yield  (R2 > 0.7) in rapeseed, while NDVI, RVI, 

VARI and  CIgreen had weak correlations with rapeseed 

yield  (R2 below 0.52)—Table 2. In addition, the relation-

ships of NDVI and VARI versus yield appeared nonlinear. 

(5)

Coef =

∑K
i=1

Coefi

K
R2

=

∑K
i=1

R2
i

K
RMSE =

√

∑K
i=1

E2
i

K

As shown in Fig.  3, NDVI and VARI were saturated to 

moderate to high yield variations when the yield of rape-

seed exceeding 2000 (kg/ha), but SAVI and  CIred edge 

related to yield almost linearly.

Image-based abundance analysis

In order to improve the accuracy of yield estimates, 

spectral mixture was considered as a factor affecting 

yield in our developed approach. Figure 4 presented the 

measured spectra of five endmembers appearing in the 

studied rapeseed-plot. As soil moisture increased, soil 

reflectance decreased at all wavelengths. Obvious spectra 

difference was observed for flower, sessile leaf and short 

stalk leaf in rapeseed plant. Flower reflectance was lower 

than half of the leaf reflectance in blue band (3% vs. 8%), 

but it was much higher than leaf reflectance in green, red 

and NIR bands. Compared to short stalk leaf, sessile leaf 

had much lower green reflectance but a little higher NIR 

reflectance.

Based on spectra of selected endmembers, abundance 

image of each component was derived for the study area. 

�e abundance images of flower, short stalk leaf, sessile 

leaf, wet soil, and dry soil were given in Fig.  5. Gener-

ally, among the five abundance images, flower abundance 

image appeared the brightest. �e abundance image of 

short stalk leaf was overall brighter than that of sessile 

leaf. And the brightness of dry and wet soil abundance 

images was relatively low (Fig. 5b–f). Pixels located at the 

ridges between the plots were bright in soil abundance 

images but dark in flower/leaf abundance images. Noted 

that obvious brightness heterogeneity was existed among 

different plots in the images, and such heterogeneity pat-

terns were quite different in flower abundance image and 

leaf abundance images.

Yield estimation using VI and abundance data

Since flower and leaf were the most important organs 

for rapeseed photosynthesis and production, in our pro-

posed approach we used the information of plot-level 

flower abundance  (AbdFL), leaf (sessile leaf and short 

stalk leaf together) abundance (AbdSE-LF + AbdSS-LF) and 

short stalk leaf abundance  (AbdSS-LF) to evaluate the yield 

in rapeseed. Generally, using VI × AbdFL to estimate 

rapeseed yield was less accurate than using VI alone with 

higher CV and lower  R2 values except for  CIgreen, VARI 

and RVI. For all tested indices, multiplying leaf-related 

abundance information (VI × (AbdSE-LF + AbdSS-LF) and 

Table 2 Correlation coe�cient  (R2) between VI and yield in rapeseed

CIgreen VARI RVI NDVI CIred edge EVI DVI RDVI TVI SAVI

R2 0.33 0.43 0.47 0.51 0.72 0.74 0.78 0.78 0.78 0.81
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VI × AbdSS-LF) increased the accuracy of yield estimation 

(Table 3). As shown in Fig. 6, using the product of leaf-

related abundance and VI was able to estimate yield accu-

rately with  R2 above 0.7 and CV blow 17 (%). Especially 

for the indices which had weak correlation with yield 

(such as NDVI,  CIgreen, VARI, RVI), the yield estimation 

accuracy was greatly improved when using VI × (AbdSE-

LF + AbdSS-LF) and VI × AbdSS-LF, with  R2 increased by 

0.3 and CV decreased by 8%. Also noticed, for all indi-

ces VI × AbdSS-LF consistently gave better estimation 

results than VI × (AbdSE-LF + AbdSS-LF). �e algorithms 

were established using the leave-one-out cross-validation 

Fig. 3 The relationships of yield and a  CIgreen, b RVI, c NDVI, d VARI, e  CIred edge and f SAVI
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approach for NDVI × AbdSS-LF,  CIred edge × AbdSS-LF, 

TVI × AbdSS-LF and SAVI × AbdSS-LF, which had the high-

est correlation with yield (Table  4). �ey worked accu-

rately for estimating yield in rapeseed with RMSE below 

303  kg/ha and CV below 13.1% (Fig.  7). Moreover, the 

relationship of yield versus NDVI × AbdSS-LF appeared 

much more linear related to yield than the relationship of 

yield versus NDVI (Figs. 3 and 7).

Discussion
�e indices tested in this study was mostly originally 

developed for estimating vegetation greenness-related 

parameters such as chlorophyll content, leaf area index 

and vegetation fraction. It is found that crop greenness 

during mature growing stage was indicative to crop yield 

and some indices have been successfully used for yield 

estimation in maize and soybean [76]. However, they 

didn’t work accurately for yield estimates in rapeseed 

(Table 2, Fig. 3). Especially for indices using green reflec-

tance  (CIgreen and VARI), the relationships of VI versus 

yield were weak with  R2 below 0.43. �is is consistent 

with finding from Sulik and Long [77] that the correlation 

between NDVI and yield was only 0.22 in spring canola 

during flowering seasons in Oregon, USA, thus they pro-

posed a yellowness index which was linearly and strongly 

related to canola yield with the correlation coefficient 

around 0.76. Unlike grain crops (e.g., maize or soybean), 

rapeseed during early mature stage had conspicuous 

flowers which may occupy the top of canopy for more 

than 30  days. �e flowers are numerous and aligned in 

racemes, and they appear bright yellow. In this case, can-

opy reflectance in green bands would be more affected 

by flower absorption and scattering. On the other hand, 

plot-level VI was calculated from mixed components 

including flower, leaf and soil. Each component contrib-

uted differently to rapeseed yield, so using VI alone for 

yield regression may introduce unexpected uncertain-

ties. �us the abundance images of each component were 

produced trying to associate VI with the component 

most relevant to rapeseed yield.

Among the five abundance images, flower abundance 

was the brightest (Fig. 5) indicating that flowers occupied 

the largest proportion in view of sensor. �is is not sur-

prising since the rapeseed was blooming in our studied 

period, and flowers were growing on the top of canopy 

thus easily being seen by the sensor. Noted that the abun-

dance of short stalk leaf was generally higher than that 

of sessile leaf. In rapeseed plant, sessile leaf was quite 

small and vertically oriented (Fig. 2), thus it was likely to 

be hidden underneath the flower petals. Although short 

stalk leaf was developed underneath the sessile leaf, it 

was much bigger and horizontal expanded thus appear-

ing more visible in view of sensor. Due to the different 

nitrogen treatments applied in 24 plots, the greenness 

of rapeseed in different plots varied when the images 

were taken, and different plots would have contrasting 

yield thereafter ranging from 1000 to 3500  kg/ha. It is 

observed that flower abundance image was quite homo-

geneous in 24 plots, but obvious difference in leaf abun-

dance existed among different plots (Fig. 5). It indicated 

that leaf abundance was more sensitive than flower abun-

dance to nitrogen usage variations.

Compared to using VI to estimate yield, the accuracy of 

yield estimation increased when using VI × AbdSS-LF and 

VI × (AbdSE-LF + AbdSS-LF) for all indices, but for most 

indices the accuracy decreased when using VI × AbdFL 

(Fig. 6, Table 3). �e flowering period of rapeseed can last 

for more than 30 days. �e plants begin to flower firstly 

at the main stems, and then on upper branches followed 

by lower branches. �e studied image was taken in the 

early flowering period, thus the flowers that may bloom 

later were missing at the observation moment. Only one 

observation (even several) during the relatively long flow-

ering period cannot record the complete information of 

possible flowers of all plants. So multiplying the flower 

abundance at one moment weakened the relationship of 

VI versus yield.

During flowering period, plant leaves were fully devel-

oped and their greenness maintained quite stable. 

Many studies showed that leaves of rapeseed are mainly 

responsible for photosynthesis which is crucial to final 

yield, and the leaf status at plant mature stage is repre-

sentative to crop potential yield [78]. �e product of 

VI and leaf-related abundance may somewhat get rid 

of components that are not closely related to rapeseed 

yield (e.g., soil and flower at one moment). For all tested 

VIs, VI × (AbdSE-LF + AbdSS-LF) related to rapeseed yield 

closely with  R2 above 0.7. Moreover, multiplying the 

abundance of short stalk leaf further increased the accu-

racy of yield for all indices. Wang et al.’s [35] experiments 

evaluated and compared the contributions of short stalk 

Fig. 4 Pure spectral reflectance of flower, sessile leaf, short stalk leaf, 

dry soil and wet soil in the studied rapeseed plots
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Fig. 5 a The six-band image of the study area obtained by UAV system (true color was shown). Abundance images derived from spectral mixture 

analysis on the UAV six-band image for b flower, c sessile leaf, d short stalk leaf, e dry soil and f wet soil



Page 10 of 14Gong et al. Plant Methods  (2018) 14:70 

Table 3 The coe�cients of determination  (R2) and coe�cients of variation (CV) of relationships of yield versus VI, yield 

versus VI × AbdFL, yield versus VI × (AbdSE-Lf + AbdSS-LF) and yield versus VI × AbdSS-LF

R
2 CV (%)

VI VI × AbdFL VI × (AbdSE-LF + AbdSS-LF) VI × AbdSS-LF VI VI × AbdFL VI × (AbdSE-LF + AbdSS-LF) VI × AbdSS-LF

CIgreen 0.33 0.6 0.71 0.75 25.8 20.1 16.9 15.7

VARI 0.43 0.6 0.73 0.81 23.8 19.8 16.4 13.8

RVI 0.47 0.69 0.74 0.78 23.0 17.5 16.2 14.8

NDVI 0.51 0.46 0.79 0.83 22.0 23.1 14.5 13.0

CIred edge 0.72 0.6 0.82 0.82 16.7 20.0 13.5 13.4

EVI 0.74 0.5 0.78 0.82 16.2 22.4 14.8 13.4

DVI 0.78 0.55 0.8 0.82 14.8 21.3 14.2 13.4

RDVI 0.78 0.61 0.8 0.82 14.9 19.8 14.1 13.2

TVI 0.78 0.55 0.8 0.82 14.7 21.3 14.2 13.3

SAVI 0.81 0.52 0.81 0.83 13.7 21.8 13.9 12.8

Fig. 6 The comparison of a coefficients of determination  (R2) and b coefficients of variation (CV) for relationships of (1) yield versus VI, (2) yield 

versus VI × AbdFL (3) yield versus VI × (AbdSE-LF + AbdSS-LF) and (4) yield versus VI × AbdSS-LF for the studied indices

Table 4 The algorithms for  estimating rapeseed yield using the  product of  vegetation index and  short-stalk-leaf 

abundance

The best �t functions, determination coe�cients  (R2) and root mean square errors (RMSE) are given for four indices

VI × AbdSS_LF Best �t function R2 RMSE (kg/ha)

SAVI × AbdSS_LF Yield = 9252.9 × SAVI × AbdSS_LF +519.28 0.84 299.91

NDVI × AbdSS_LF Yield = 8059.7 × NDVI × AbdSS_LF +204.22 0.83 294.11

CIrededge × AbdSS_LF Yield = 7011.2 × CIrededge × AbdSS_LF +735.09 0.82 302.27

TVI × AbdSS_LF Yield = 181.15 × TVI × AbdSS_LF +755.43 0.82 299.88
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leaves and sessile leaves on rapeseed yield. �ey found 

that the removal of sessile leaves obviously decreased 

the number of rapeseed pods while the removal of short 

stalk leaves not only decreased the number of pods but 

also the number of seeds per pod. As shown in Fig.  6, 

by multiplying  AbdSS-LF all indices were able to estimate 

yield quite accurately with  R2 above 0.75 and CV below 

15.7%. Even for VIs appeared weakly related to rapeseed 

yield such as  CIgreen, VARI and NDVI, the use of  AbdSS-LF 

enabled them to achieve comparable accuracy with other 

indices. VI × AbdSS-LF associated VI to the fraction of 

short stalk leaf in a plot, which is the most relevant com-

ponent for rapeseed yield, thus resulting in higher accu-

racy for yield estimation than VI alone. It indicated that 

the model of yield∝VI × AbdSS-LF may be applicable for 

all greenness-related VIs and not selective to indices with 

specific spectral bands and sophisticated formulations, 

which greatly expand the range of choice for yield estima-

tion using remotely sensed images with conventional and 

few bands.

�is study developed an approach to estimate rape-

seed yield using the product of vegetation index and leaf 

abundance retrieved from the UAV image. �e approach 

is simple but gives an important indication that spectral 

mixture analysis needs to be considered when estimating 

yield by remotely sensed VI, especially for the image con-

taining obviously spectral different components. For all 

tested VIs in rapeseed, the product of VI and leaf abun-

dance was capable of estimating yield especially for those 

VIs which seemed weakly related to rapeseed yield in 

many studies [79, 80]. Instead of creating a new spectral 

index requiring specific spectral bands or sophisticated 

Fig. 7 Validation of algorithms, established using the leave-one-out cross-validation approach, for estimating rapeseed yield in 24 plots under 

different nitrogen treatments by a NDVI × AbdSS-LF, b  CIred edge × AbdSS-LF, c TVI × AbdSS-LF and d SAVI × AbdSS-LF
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formulations, maybe an effective and simple way is to 

relate VI to abundance of plant components most rel-

evant with its final yield. �e results of this work can 

provide a conceptual background for using satellite data 

of which the spectral mixture may be an issue. �e end-

members proposed in this study are particularly for rape-

seed yield estimation, which is not applicable to other 

crops. But this work may offer a theoretical framework 

for yield estimation in crops which have conspicuous 

flowers or fruits with significantly different spectra from 

their leaves (e.g., rapeseed, cotton). Our future work is to 

apply this approach to real satellite data and in other crop 

species. In addition, we’d like to test this approach in 

crops planted in various regions under different weather 

conditions in order to explore the robustness of our 

approach to changes in meteorological parameters such 

as temperature, humidity, precipitation and wind speed.

Conclusions
In this study, we developed an approach to estimate rape-

seed yield using UAV-obtained canopy reflectance and 

abundance data. It is observed that canopy reflectance 

collected during rapeseed flowering period is mixed and 

confounded by reflectance of flower, leaf and soil. �us, 

the spectral mixture analysis was conducted to estimate 

the fractional abundance of different components that 

appear in the studied scene within a pixel. Flower, sessile 

leaf, short stalk leaf, wet soil and dry soil were selected 

as endmemebers and abundance images of these compo-

nents were produced based on the six-band UAV image. 

For all tested indices, the product of plot-level VI and 

leaf-related abundance closely related to rapeseed yield 

with  R2 above 0.75. Among the tested VIs, multiplying 

NDVI,  CIred edge, TVI, and SAVI by short-stalk-leaf abun-

dance were the most accurate for yield estimates in rape-

seed under different nitrogen fertilizer treatment with 

estimation errors below 13.1%.

Authors’ contributions

All authors have made significant contributions to this research. SF conceived 

of the research ideas. YG and YP designed the experiments, conducted the 

data analysis and provided the writing of this paper. BD performed the major-

ity of the data processing, and YM provided rapeseed yield data. RZ and XW 

provided important insights and suggestions on this research from the per-

spective of agronomists. All authors read and approved the final manuscript.

Author details
1 School of Remote Sensing and Information Engineering, Wuhan Univer-

sity, Wuhan 430079, China. 2 College of Life Sciences, Wuhan University, 

Wuhan 430072, China. 3 Lab for Remote Sensing of Crop Phenotyping, Wuhan 

University, Wuhan 430079, China. 

Acknowledgements

We acknowledge the support and use of facilities and equipment provided 

by the Lab for Remote Sensing of Crop Phenotyping Institute, School of 

Remote Sensing and Information Engineering and College of Life Sciences, 

Wuhan University, China. We are very thankful to the research groups led by 

Dr. Jianwei Lu and Dr. Shanqin Wang, College of Resources and Environment, 

Huazhong Agricultural University, China for their hard work to collect the yield 

data and their generosity to share the data. We also appreciate Dr. Can Dai 

from School of Resources and Environmental Science, Hubei University, China 

for her help on the revisions about rapeseed biology.

Competing interests

The authors declare that they have no competing interests.

Availability of data and materials

The remotely sensed data used in this study is available upon the approval of 

Dr. Shenghui Fang from School of Remote Sensing and Information Engineer-

ing, Wuhan University, China. The rapeseed yield data in this study is available 

upon the approval of Dr. Jianwei Lu from College of Resources and Environ-

ment, Huazhong Agricultural University, China.

Consent for publication

All authors agreed to publish this manuscript.

Ethics approval and consent to participate

All authors read and approved the manuscript.

Funding

This research was supported by National Natural Science Foundation of 

China (41771381), China High Resolution Earth Observation System Project 

(30-Y20A29-9003-15/17), National 863 Project of China (2013AA102401), and 

Fundamental Research Funds for the Central Universities (2042017kf0236).

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-

lished maps and institutional affiliations.

Received: 9 June 2017   Accepted: 11 August 2018

References

 1. USDA. Oilseeds: world markets and trade. http://apps.fas.usda.gov/psdon 

line/circu lars/oilse eds.pdf (2014). 9 May 2014.

 2. Marchand L, Pelosi C, González-Centeno MR, et al. Trace element bioavail-

ability, yield and seed quality of rapeseed (Brassica napus L.) modulated 

by biochar incorporation into a contaminated technosol. Chemosphere. 

2016;156:150–62.

 3. Thenkabail PS, Lyon JG, Huete A. Hyperspectral remote sensing of veg-

etation. Boca Raton: CRC Press; 2011. p. 1943–61.

 4. Woolley JT. Reflectance and transmittance of light by leaves. Plant 

Physiol. 1971;47(5):656–62.

 5. Gausman HW, Allen WA, Cardenas R. Reflectance of cotton leaves and 

their structure 1. Remote Sens Environ. 1969;1(1):19–22.

 6. Hatfield JL, Gitelson AA, Schepers JS, et al. Application of spectral remote 

sensing for agronomic decisions. Agron J. 2008;100(3):117–31.

 7. Viña A, Gitelson AA, Nguy-Robertson AL, et al. Comparison of different 

vegetation indices for the remote assessment of green leaf area index of 

crops. Remote Sens Environ. 2011;115(12):3468–78.

 8. Gitelson AA, Viña A, Arkebauer TJ, et al. Remote estimation of leaf area 

index and green leaf biomass in maize canopies. Geophys Res Lett. 

2003;30(5):1248. https ://doi.org/10.1029/2002G L0164 50.

 9. Peng Y, Nguy-Robertson A, Arkebauer T, et al. Assessment of canopy chlo-

rophyll content retrieval in maize and soybean: implications of hysteresis 

on the development of generic algorithms. Remote Sens. 2017;9(3):226.

 10. Schlemmer M, Gitelson A, Schepers J, et al. Remote estimation of nitro-

gen and chlorophyll contents in maize at leaf and canopy levels. Int J 

Appl Earth Obs Geoinf. 2013;25:47–54.

 11. Hansen PM, Schjoerring JK. Reflectance measurement of canopy biomass 

and nitrogen status in wheat crops using normalized difference vegeta-

tion indices and partial least squares regression. Remote Sens Environ. 

2003;86(4):542–53.

 12. Mutanga O, Adam E, Cho MA. High density biomass estimation for 

wetland vegetation using WorldView-2 imagery and random forest 

regression algorithm. Int J Appl Earth Obs Geoinf. 2012;18:399–406.

http://apps.fas.usda.gov/psdonline/circulars/oilseeds.pdf
http://apps.fas.usda.gov/psdonline/circulars/oilseeds.pdf
https://doi.org/10.1029/2002GL016450


Page 13 of 14Gong et al. Plant Methods  (2018) 14:70 

 13. Gholizadeh H, Rahman AF, Rahman AF. Comparing the performance of 

multispectral vegetation indices and machine-learning algorithms for 

remote estimation of chlorophyll content: a case study in the Sundarbans 

mangrove forest. Milton Park: Taylor & Francis, Inc.; 2015.

 14. Bacour C, Baret F, Béal D, et al. Neural network estimation of LAI, fAPAR, 

fCover, and LAI × C ab, from top of canopy MERIS reflectance data: princi-

ples and validation. Remote Sens Environ. 2006;105(4):313–25.

 15. Verrelst J, Alonso L, Camps-Valls G, et al. Retrieval of vegetation biophysi-

cal parameters using gaussian process techniques. IEEE Trans Geosci 

Remote Sens. 2012;50(5):1832–43.

 16. Krasnopolsky VM, Schiller H. Some neural network applications in envi-

ronmental sciences. Part I: forward and inverse problems in geophysical 

remote measurements. Neural Netw. 2003;16(3–4):321–34.

 17. Yue J, Yang G, Li C, et al. Estimation of winter wheat above-ground 

biomass using unmanned aerial vehicle-based snapshot hyperspectral 

sensor and crop height improved models. Remote Sens. 2017;9(7):708.

 18. Damm A, Guanter L, Paul-Limoges E, et al. Far-red sun-induced chloro-

phyll fluorescence shows ecosystem-specific relationships to gross pri-

mary production: an assessment based on observational and modeling 

approaches. Remote Sens Environ. 2015;166:91–105.

 19. Haboudane D, Miller JR, Tremblay N, et al. Integrated narrow-band veg-

etation indices for prediction of crop chlorophyll content for application 

to precision agriculture. Remote Sens Environ. 2002;81(2–3):416–26.

 20. Chianucci F, Disperati L, Guzzi D, et al. Estimation of canopy attributes in 

beech forests using true colour digital images from a small fixed-wing 

UAV. Int J Appl Earth Obs Geoinf. 2016;47:60–8.

 21. Peng Y, Gitelson AA, Sakamoto T. Remote estimation of gross primary 

productivity in crops using MODIS 250 m data. Remote Sens Environ. 

2013;128(1):186–96.

 22. Becker-Reshef I, Vermote E, Lindeman M, et al. A generalized regression-

based model for forecasting winter wheat yields in Kansas and Ukraine 

using MODIS data. Remote Sens Environ. 2010;114(6):1312–23.

 23. Bolton DK, Friedl MA. Forecasting crop yield using remotely sensed 

vegetation indices and crop phenology metrics. Agric For Meteorol. 

2013;173:74–84.

 24. Becker-Reshef I, Justice C, Sullivan M, et al. Monitoring global croplands 

with coarse resolution earth observations: the Global Agriculture Moni-

toring (GLAM) project. Remote Sensing. 2010;2(6):1589–609.

 25. Rahman A, Khan K, Krakauer NY, et al. Use of remote sensing data for 

estimation of Aman rice yield. Int J Agric For. 2012;2(1):101–7.

 26. Sakamoto T, Gitelson AA, Arkebauer TJ. Near real-time prediction of US 

corn yields based on time-series MODIS data. Remote Sens Environ. 

2014;147:219–31.

 27. Sun L, Gao F, Anderson MC, et al. Daily mapping of 30 m LAI and NDVI for 

Grape yield prediction in California Vineyards. Remote Sens. 2017;9(4):317.

 28. Funk C, Budde ME. Phenologically-tuned MODIS NDVI-based pro-

duction anomaly estimates for Zimbabwe. Remote Sens Environ. 

2009;113(1):115–25.

 29. Rojas O. Operational maize yield model development and validation 

based on remote sensing and agro-meteorological data in Kenya. Int J 

Remote Sens. 2007;28(17):3775–93.

 30. Salazar L, Kogan F, Roytman L. Use of remote sensing data for estima-

tion of winter wheat yield in the United States. Int J Remote Sens. 

2007;28(17):3795–811.

 31. Kastens JH, Kastens TL, Kastens DLA, et al. Image masking for crop yield 

forecasting using AVHRR NDVI time series imagery. Remote Sens Environ. 

2005;99(3):341–56.

 32. CSAC (The Office of China’s Second Agricultural Census). Compilation of 

China’s Second Agricultural Census. Beijing: China Statistics Press; 2009.

 33. Ju X, Gu B, Wu Y, Galloway JN. Reducing China’s fertilizer use by increasing 

farm size. Glob Environ Change. 2016;41:26–32.

 34. Gilabert MA, Garcíaharo FJ, Meliá J. A mixture modeling approach to 

estimate vegetation parameters for heterogeneous canopies in remote 

sensing. Remote Sens Environ. 2000;72(3):328–45.

 35. Wang C, Hai J, Yang J, et al. Influence of leaf and silique photosynthesis on 

seeds yield and seeds oil quality of oilseed rape (Brassica napus L.). Eur J 

Agron. 2016;74:112–8.

 36. Fang S, Tang W, Peng Y, et al. Remote estimation of vegetation fraction 

and flower fraction in oilseed rape with unmanned aerial vehicle data. 

Remote Sens. 2016;8(5):416.

 37. Behrens T, Müller J, Diepenbrock W. Utilization of canopy reflectance to 

predict properties of oilseed rape (Brassica napus L.) and barley (Hordeum 

vulgare L.) during ontogenesis. Eur J Agron. 2006;25(4):345–55.

 38. Yang J, Weisberg PJ, Bristow NA. Landsat remote sensing approaches 

for monitoring long-term tree cover dynamics in semi-arid woodlands: 

comparison of vegetation indices and spectral mixture analysis. Remote 

Sens Environ. 2012;119:62–71.

 39. Tooke TR, Coops NC, Goodwin NR, et al. Extracting urban vegetation 

characteristics using spectral mixture analysis and decision tree classifica-

tions. Remote Sens Environ. 2009;113(2):398–407.

 40. Franke J, Roberts DA, Halligan K, et al. Hierarchical multiple endmember 

spectral mixture analysis (MESMA) of hyperspectral imagery for urban 

environments. Remote Sens Environ. 2009;113(8):1712–23.

 41. Smith MO, Ustin SL, Adams JB, et al. Vegetation in deserts: I. A regional 

measure of abundance from multispectral images. Remote Sens Environ. 

1990;31(1):1–26.

 42. Smith MO, Johnson PE, Adams JB. Quantitative determination of mineral 

types and abundances from reflectance spectra using principal compo-

nents analysis. J Geophys Res Solid Earth. 1985;90(S02):C797–C804.

 43. Gitelson AA, Kaufman YJ, Stark R, et al. Novel algorithms for remote esti-

mation of vegetation fraction. Remote Sens Environ. 2002;80(1):76–87.

 44. Li X, Strahler AH. Geometric-optical bidirectional reflectance modeling of 

the discrete crown vegetation canopy: effect of crown shape and mutual 

shadowing. IEEE Trans Geosci Remote Sens. 1992;30(2):276–92.

 45. Franklin J, Strahler AH. Invertible canopy reflectance modeling of vegeta-

tion structure in semiarid woodland. IEEE Trans Geosci Remote Sens. 

1988;26(6):809–25.

 46. Elarab M, Ticlavilca AM, Torres-Rua AF, et al. Estimating chlorophyll with 

thermal and broadband multispectral high resolution imagery from an 

unmanned aerial system using relevance vector machines for precision 

agriculture. Int J Appl Earth Obs Geoinf. 2015;43:32–42.

 47. Berni JAJ, Zarco-Tejada PJ, Suárez L, et al. Thermal and narrowband mul-

tispectral remote sensing for vegetation monitoring from an unmanned 

aerial vehicle. IEEE Trans Geosci Remote Sens. 2009;47(3):722–38.

 48. Du M, Noguchi N. Monitoring of wheat growth status and mapping of 

wheat yield’s within-field spatial variations using color images acquired 

from UAV-camera system. Remote Sens. 2017;9(3):289.

 49. Holman F, Riche A, Michalski A, et al. High throughput field phenotyping 

of wheat plant height and growth rate in field plot trials using UAV based 

remote sensing. Remote Sens. 2016;8(12):1031.

 50. Jin X, Liu S, Baret F, et al. Estimates of plant density of wheat crops at 

emergence from very low altitude UAV imagery. Remote Sens Environ. 

2017;198.

 51. López-Granados F, Torres-Sánchez J, Castro AID, et al. Object-based early 

monitoring of a grass weed in a grass crop using high resolution UAV 

imagery. Agron Sustain Dev. 2016;36(4):67.

 52. Zhou X, Zheng HB, Xu XQ, et al. Predicting grain yield in rice using multi-

temporal vegetation indices from UAV-based multispectral and digital 

imagery. Isprs J Photogramm Remote Sens. 2017;130:246–55.

 53. Ma N, Yuan J, Li M, et al. Ideotype population exploration: growth, photo-

synthesis, and yield components at different planting densities in winter 

oilseed rape (Brassica napus L.). PLoS ONE. 2014;9(12):e114232.

 54. Kira O, Linker R, Gitelson A. Non-destructive estimation of foliar chloro-

phyll and carotenoid contents: focus on informative spectral bands. Int J 

Appl Earth Obs Geoinf. 2015;38:251–60.

 55. Ray SS, Jain N, Miglani A, et al. Defining optimum spectral narrow bands 

and bandwidths for agricultural applications. Curr Sci. (00113891), 

2010;98(10).

 56. Zhang W, Li Y, Li D, et al. Distortion correction algorithm for UAV remote 

sensing image based on CUDA[C]. In: 35th International Symposium on 

Remote Sensing of Environment (ISRSE35), IOP Conference Series: Earth 

and Environmental Science. 2014, p. 17.

 57. Turner D, Lucieer A, Malenovský Z, et al. Spatial co-registration of ultra-

high resolution visible, multispectral and thermal images acquired with a 

micro-UAV over Antarctic moss beds. Remote Sens. 2014;6(5):4003–24.

 58. Dwyer JL, Kruse FA, Lefkoff AB. Effects of empirical versus model-based 

reflectance calibration on automated analysis of imaging spectrometer 

data: a case study from the Drum Mountains, Utah. Photogramm Eng 

Remote Sens. 1995;61(10):1247–54.



Page 14 of 14Gong et al. Plant Methods  (2018) 14:70 

•

 

fast, convenient online submission

 
•

  

thorough peer review by experienced researchers in your field

• 

 

rapid publication on acceptance

• 

 

support for research data, including large and complex data types

•

  

gold Open Access which fosters wider collaboration and increased citations 

 

maximum visibility for your research: over 100M website views per year •

  
At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your research  ?  Choose BMC and benefit from: 

 59. Laliberte AS, Goforth MA, Steele CM, et al. Multispectral remote sensing 

from unmanned aircraft: image processing workflows and applications 

for rangeland environments. Remote Sens. 2011;3(11):2529–51.

 60. Farrand WH, Singer RB, Merényi E. Retrieval of apparent surface reflec-

tance from AVIRIS data: a comparison of empirical line, radiative transfer, 

and spectral mixture methods. Remote Sens Environ. 1994;47(3):311–21.

 61. Wang C, Myint SW. A simplified empirical line method of radiometric 

calibration for small unmanned aircraft systems-based remote sensing. 

IEEE J Sel Top Appl Earth Obs Remote Sens. 2015;8(5):1876–85.

 62. Rouse JWJ, Haas RH, Schell JA, et al. Monitoring vegetation systems in the 

Great Plains with ERTS. Nasa Spec Publ. 1974;351:309.

 63. Gitelson AA, Viña A, Ciganda V, et al. Remote estimation of canopy chloro-

phyll content in crops. Geophys Res Lett. 2005;32(8):93–114.

 64. Jordan CF. Derivation of leaf-area index from quality of light on the forest 

floor. Ecology. 1969;50(4):663–6.

 65. Richardson AJ, Wiegand CL. Distinguishing vegetation from 

soil background information. Photogramm Eng Remote Sens. 

1977;43(12):1541–52.

 66. Roujean JL, Breon FM. Estimating PAR absorbed by vegetation from 

bidirectional reflectance measurements. Remote Sens Environ. 

1995;51(3):375–84.

 67. Liu HQ, Huete A. A feedback based modification of the NDVI to minimize 

canopy background and atmospheric noise. IEEE Trans Geosci Remote 

Sens. 1995;33(2):457–65.

 68. Broge NH, Leblanc E. Comparing prediction power and stability of 

broadband and hyperspectral vegetation indices for estimation of green 

leaf area index and canopy chlorophyll density. Remote Sens Environ. 

2001;76(2):156–72.

 69. Huete AR. A soil-adjusted vegetation index (SAVI). Remote Sens Environ. 

1988;25(3):295–309.

 70. Singer RB, Mccord TB. Mars—large scale mixing of bright and dark 

surface materials and implications for analysis of spectral reflectance. 

In: Lunar and Planetary Science Conference Proceedings. Lunar and 

Planetary Science Conference Proceedings. 1979. p. 1835–48.

 71. Heinz D, Chang CI, Althouse MLG. Fully constrained least-squares based 

linear unmixing [hyperspectral image classification]. In: Geoscience and 

Remote Sensing Symposium, 1999. IGARSS ‘99 Proceedings. IEEE 1999 

International, vol. 2. IEEE. 2002. p. 1401–3.

 72. Pan B, Shi Z, An Z, et al. A novel spectral-unmixing-based green algae 

area estimation method for GOCI data. IEEE J Sel Top Appl Earth Obs 

Remote Sens. 2016;PP(99):1–13.

 73. Pu H, Chen Z, Wang B, et al. Constrained least squares algorithms for 

nonlinear unmixing of hyperspectral imagery. IEEE Trans Geosci Remote 

Sens. 2014;53(3):1287–303.

 74. Nguy-Robertson A, Gitelson A, Peng Y, et al. Green leaf area index estima-

tion in maize and soybean: combining vegetation indices to achieve 

maximal sensitivity. Agron J. 2012;104(5):1336–47.

 75. Fielding AH, Bell JF. A review of methods for the assessment of prediction 

errors in conservation presence/absence models. Environm Conserv. 

1997;24(1):38–49. [Kohavi R. The power of decision tables. In: Machine 

Learning: ECML-95. Berlin: Springer; 1995. p. 174–89].

 76. Vina A, Gitelson AA, Rundquist DC, et al. Monitoring maize (L.) phenology 

with remote sensing. Agron J. 2004;96(4):1139–47.

 77. Sulik JJ, Long DS. Spectral considerations for modeling yield of canola. 

Remote Sens Environ. 2016;184:161–74.

 78. Habekotte B. Evaluation of seed yield determining factors of winter 

oilseed rape (Brassica napus L.) by means of crop growth modelling. Field 

Crops Res. 1997;54(2):137–51.

 79. Basnyat P, Mcconkey B, Lanfond GP, et al. Optimal time for remote sensing 

to relate to crop grain yield on the Canadian prairies. Can J Plant Sci. 

2004;84(1):97–103.

 80. Piekarczyk J, Sulewska H, Szymańska G. Winter oilseed-rape yield 

estimates from hyperspectral radiometer measurements. Quaest Geogr. 

2011;30(1):77–84.


	Remote estimation of rapeseed yield with unmanned aerial vehicle (UAV) imaging and spectral mixture analysis
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusion: 

	Background
	Methods
	Study area
	Rapeseed yield determination
	Canopy reflectance and VI derived from UAV data
	Spectral mixture analysis and endmember abundance
	Yield estimation in rapeseed using VI and abundance data
	Algorithm establishment using leave-one-out cross-validation

	Results
	Relationship of VI versus yield in rapeseed
	Image-based abundance analysis
	Yield estimation using VI and abundance data

	Discussion
	Conclusions
	Authors’ contributions
	References


