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Abstract 

Dimitrov, P., Kamenova, I., Roumenina, E., Filchev, L., Ilieva, I., Jelev, G., Gikov, A., Banov, M., Krasteva, 
V., Kolchakov, V., Kercheva, M., Dimitrov. E., & Miteva. N. (2019) Estimation of biophysical and biochemi-
cal variables of winter wheat through Sentinel-2 vegetation indices. Bulgarian Journal of Agricultural Sci-
ence, 25(5), 819–832

Traditionally, the growth and physiological status of winter wheat (Triticum aestivum L.) is monitored in the fi eld 
by measuring different biophysical and biochemical variables such as Above Ground Biomass (AGB), Nitrogen content 
(N), N uptake, Leaf Area Index (LAI), Fraction of vegetation Cover (fCover), Canopy Chlorophyll Content (CCC), and 
fraction of Absorbed Photosynthetically Active Radiation (fAPAR). The objective of this study was to investigate the 
possibility of estimating these crop variables through statistical regression modelling and spectral vegetation indices de-
rived by the Sentinel-2 satellites. Field data were collected over two growing seasons, 2016/2017 and 2017/2018, in test 
fi elds around Knezha, northern Bulgaria. A combination of spectral data from Sentinel-2 images and fi eld spectroscopy 
obtained through the fi rst growing season was used for model calibration and cross-validation. The models were further 
validated with Sentinel-2 image data from the second growing season. The accuracy of the models varied widely across 
crop variables. According to the cross-validation, the relative RMSE was below 25% for fAPAR, fCover, and fresh AGB, 
with particularly good result for fAPAR (13%). For N content and dry AGB the error was between 25% and 30%. The 
accuracy was low for CCC, LAI, and N uptake (error between 30% and 43%). The models’ performance was worse when 
they were applied to the data from the second growing season, resulting in relative RMSE which were 3-8% higher in the 
general case. The cross-validation results suggested that the variety-specifi c models are more accurate than the generally 
calibrated models for most crop variables. The accuracy obtained in this study for the prediction of fAPAR, fCover and 
AGBf through VIs is promising. Future studies and incorporation of new fi eld data will be needed to better account for 
variety, season, and site variations in the modelled relationships and to improve their generalisation potential. 
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Introduction

Winter wheat (Triticum aestivum L.) is the most wide-
spread crop in Bulgaria covering one third of the total arable 
land of the country (MAFF, 2016). As a main food crop it 
has strategic importance at national level and large economic 
effect for the individual agricultural producers. The monitor-
ing of growth and the timely assessment of status of winter 
wheat along the season are thus essential for food security 
and the economic results of farmers. 

Different biophysical and biochemical variables (hereaf-
ter called crop variables for brevity) can be used to describe 
and monitor winter wheat growth and status. For instance, 
the Above Ground Biomass (AGB), Leaf Area Index (LAI) 
and Fraction of vegetation Cover (fCover) are directly re-
lated to the amount of vegetation and are thus indicators of 
crop growth. The nitrogen (N) content in leaves is an im-
portant abiotic stress indicator (Banerjee et al., 2015). Other 
variables used to characterize the nitrogen status of crops are 
N uptake (nitrogen content per unit ground area) and Cano-
py Chlorophyll Content (CCC). The information about the 
fraction of Absorbed Photosynthetically Active Radiation 
(fAPAR) may be used to calculate dry matter and grain yield 
(Casanova et al., 1998; Lobell et al., 2003). These and oth-
er crop variables are traditionally measured by destructive 
sampling or other labor-intensive fi eld methods. However, 
remote sensing methods have been demonstrated to be a fea-
sible cost-effective alternative (Feng et al., 2015). 

Relationships between different crop variables and re-
motely sensed spectral vegetation indices (VIs) have been 
established based on fi eld spectroscopy (Hinzman et al., 
1986; Wiegand et al., 1992; Viña et al., 2011; Feng et al., 
2015) and satellite data (Delegido et al., 2013; Kross et al., 
2015; Shang et al., 2015; Clevers et al., 2017). These rela-
tions are the basis for the regression technique of crop vari-
able retrieval - an empirical approach using ground measure-
ments of the crop variable to calibrate a statistical model. A 
vegetation index map and the calibrated model can then be 
used to map the crop variable over an area of interest and 
thus characterise its spatial variability.  

Sentinel-2 is an optical high-resolution mission of the 
European Space Agency with two satellites currently in orbit 
– Sentinel-2A and Sentinel-2B. The mission is characterised 
by a unique combination of high spatial resolution (up to 10 
m), wide fi eld of view (290 km) and spectral coverage (13 
spectral bands spanning from the visible and the near infra-
red to the short wave infrared) (Drusch et al., 2012). 

The capabilities of Sentinel-2 vegetation indices for quan-
titative estimation of LAI, CCC, and leaf chlorophyll con-
centration have been evaluated before (Delegido et al., 2011; 

Frampton et al., 2013; Verrelst et al., 2015). Most previous 
studies, however, used hyperspectral airborne or satellite sen-
sors to simulate Sentinel-2 data. There is still little experience 
with deriving crop variables by using actual Sentinel-2 images 
(Söderström et al., 2017; Chemura et al., 2018; Delloye et al., 
2018; Zheng et al., 2017; Pan et al., 2018). 

The objective of this study was to investigate the capabil-
ity of Sentinel-2 vegetation indices to estimate AGB, N, N 
uptake, LAI, CCC, fAPAR and fCover of winter wheat.

Material and Methods

Field campaigns
The fi eld data used in this study was collected on Zlatia 

test site (Figure 1) as part of the TS2AgroBG project. The test 
site is situated in northern Bulgaria, municipality of Knezha. 
Four fi eld campaigns were carried out during the 2016/2017 
growing season and two in 2017/2018 growing season (Table 
1). In each season, six winter wheat fi elds were sampled, three 
sown with winter wheat Enola variety and three sown with 
winter wheat Annapurna variety. Thirty Elementary Sampling 
Units (ESUs) were distributed over these fi elds and measured 
during every fi eld campaign. The size of ESU was ~20×20 m2. 

Samples to determine AGB, N content and N uptake were 
collected by cutting all aboveground parts of the crop at ground 
level from one square meter in each ESU. The fresh weight of 
the samples were measured immediately after the fi eld work at 
the end of the day and used to calculate the fresh AGB (AGBf) 
in grams per m2. Dry biomass (AGBd) was determined after 
drying representative sub-sample at 60°C to constant weight. 
N content of the above-ground organs (leaf and stem) is deter-
mined by the Kjeldahl method and expressed as per-cent of the 
dry weight. N uptake (g m-2) is determined as the product of 
N content and AGBd. Therefore, N uptake increases with the 
canopy development (Mistele & Schmidhalter, 2008). Accu-
PAR LP-80 instrument was used to measure LAI, fAPAR and 
fCover in three locations along the diagonal of the ESU. In the 
same locations, the chlorophyll content of leaves was mea-
sured with hand-held chlorophyll content meter CCM-300. 
CCM-300 is a modulated fl uorometer that uses the emission 
ratio of red chlorophyll fl uorescence at 700 nm to the far red 
fl uorescence at 735 nm (Gitelson et al., 1999). The instrument 
provides direct read out of chlorophyll content at leaf level in 
mg m-2. The CCC (g m-2) was derived as the product of the 
LAI (m2m-2) and the CCM-300 readings converted in g m-2. 

When the weather conditions permitted, crop refl ectance 
spectra were collected using fi eld spectroradiometer ASD 
FieldSpec4. Three measurements in each ESU were col-
lected from the same locations where LAI, fAPAR, fCover 
and chlorophyll content were measured. The crop refl ectance 
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spectrum for the ESU was then derived by averaging the 
three measurements. Auxiliary data were also collected in-
cluding development stage and height of the crop and quali-
tative assessment of weed status. For this study, ESUs with 
signifi cant weeds were excluded from the calibration dataset 

of 2016/2017 growing season but retained in the validation 
dataset of 2017/2018 growing season. The geographic co-
ordinates of ESUs were determined on the fi eld with GPS. 
Table 2 shows descriptive statistics of the fi nal dataset used 
in the further analysis.

 Table 1. Field campaigns and corresponding Sentinel-2 images used in the study
Growing season Field campaign dates Development stage (after Zadoks) Date of used Sentinel-2 image
2016/2017 07–11.11.2016 Tillering (Z20) 31.10.2016

20–24.03.2017 Tillering (Z21-Z26) –
24–28.04.2017 Stem elongation (Z31-Z34) 19.04.2017
15–19.05.2017 Anthesis (Z65 – Z69) –

2017/2018 06–10.11.2017 Tillering (Z20-Z23) 31.10.2017
02–05.04.2018 Stem elongation (Z30-Z31) 30.03.2018

Fig. 1. Location of the test site and the winter wheat fi elds sampled in 2016/2017 and 2017/2018 growing seasons

Table 2. Descriptive statistics on the fi eld measurements from 2016/2017 and 2017/2018 growing seasons
LAI fAPAR fCover CCC (g m-2) AGBf (g m-2) AGBd (g m-2) N (%) N uptake (g m-2)

2016/2017 growing season
min 0.04 0.12 0.02 0.02 53 9 0.57 0.27
max 7.88 0.95 0.97 3.22 4629 1194 3.23 18.66
mean 3.17 0.69 0.64 1.46 2149 525 1.53 5.49
std.dev. 2.19 0.28 0.34 0.98 1461 371 0.86 4.08
# ESUs 83 83 83 83 87 87 87 87

2017/2018 growing season
min 0.06 0.11 0.02 0.02 80 15 0.98 0.31
max 3.75 0.90 0.79 1.72 2740 518 2.64 9.35
mean 1.14 0.45 0.32 0.55 786 134 1.77 1.95
std. dev. 1.05 0.24 0.26 0.50 710 124 0.52 1.71
# ESUs 58 58 58 55 60 60 60 60
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Sentinel-2 data 
Sentinel-2 images acquired close to the date of the fi eld 

campaigns were sought and downloaded from the Coperni-
cus Open Access Hub (https://scihub.copernicus.eu/). There 
were, in total, four cloud-free images for the two growing 
seasons (Table 1), which was suitable to use as their ac-
quisition dates were not further than 10 days from the fi eld 
measurements. The data were downloaded as Level 1C prod-
uct and pre-processed to Level 2A (i.e. top of canopy re-
fl ectance) in the Sen2Cor software (http://step.esa.int/main/
third-party-plugins-2/sen2cor). The spectral data from the 10 
m and 20 m bands were used in this study (Table 3). Sen-
2Cor provides the corrected bands B02, B03, B04, and B08 
in two versions – at their native resolution of 10 m and at 20 
m resolution. The refl ectance values in the individual spec-
tral bands were extracted for each ESU using a GIS tool and 
stored in spreadsheet for further processing.

The missing Sentinel-2 image data for two of the fi eld 
campaigns (Table 1) were substituted with simulated data. 
Refl ectance values for the Sentinel-2 spectral bandwidths 
were simulated at ESU level using data from the ASD Field-
Spec4. The weighted average method was used for that pur-
pose, where the published spectral responses of the Sentinel-
2A bands were used as weights. 

The spectral dataset, including the extracted Sentinel-2 
image data and complemented with the simulated data for 
two of the fi eld campaigns was used for calculation of VIs 
(Table 4). These indices were selected based on a previous 
literature review (Kamenova et al., 2017).

The aim of the regression modelling is to derive equa-
tion which quantitatively describes the relation between a 
variable of interest, y, (in this case, the crop variable) and 
a predictor variable, x, (in this case, VI or refl ectance in a 
given spectral band). In this study, models with one predictor 
were only used. All potential predictors, i.e. the selected VIs 
(Table 4) and the Sentinel-2 bands were systematically tested 
for their predicting capabilities using linear and exponential 
regression models. The general form of the models is shown 
in (1):

y = a + b * x
y = a * exp(x * b), (1)

where a and b are parameters to be estimated. The regres-
sion parameters a and b were estimated by the least-squares 
method within the software package R (R Core Team, 2017). 

We used the data from 2016/2017 growing season to 
calibrate the models. As mentioned previously, these data in-
clude only ESUs with little or no weeds, thus permitting rela-
tion to be established, which is valid for pure winter wheat 
crop and is not contaminated by the spectral effect of other 
vegetation. The data from 2017/2018 growing season were 
spared for independent validation of the models. In addition, 
a cross-validation following the leave-one-out method was 
performed using the 2016/2017 dataset. In both cases pre-
dictions were compared with observed data and Root Mean 
Square Error (RMSE) calculated using (2):

                 –––––––––                    ∑i(yi – ŷi)
2

RMSE = √–––––––––, (2)                          n

where yi is the measured value and ŷi is the predicted value 
for the i-th observation. For the cross-validation, ŷi is the 
predicted value derived from a model calibrated with all ob-
servations except i. The two statistics, corresponding to the 
cross-validation and the independent validation are denoted 
as RMSEcv and RMSEiv respectively. Their relative counter-
parts (rRMSEcv and rRMSEiv) were calculated as percentage 
of the average of ground measurements from 2016/2017 and 
2017/2018 growing season respectively. 

Note that compared to the 2016/2017 growing season 
the number of observations in 2017/2018 growing season 
is smaller and later development stages (e.g. Anthesis) are 
not represented. Thus, in evaluating the relative performance 
of different VIs we did not put the emphasis on RMSEiv but 
used also RMSEcv. Models were sought, which fi t well the 
calibration data (2016/2017) and are stable when applied to 
new data (2017/2018).  

Results and Discussions

The regression analysis was conducted, fi rst, irrespective 
of the winter wheat variety, and then, separately for each of 
the two varieties. The results are presented in turn below.

Combined analysis
To facilitate the comparison of the models, rRMSEcv and 

rRMSEiv obtained using each VI were plotted together. Fig-
ure 2 shows example plots for the linear and the exponential 
models of fAPAR containing the ten best performing VIs in 
terms of rRMSEcv. The VIs are sorted in increasing order of 

Table 3. Spectral bands of Sentinel-2 used in this study (Drusch et al., 2012)
Band number B02 B03 B04 B05 B06 B07 B08 B8A B11 B12
Central Wavelength (nm) 490 560 665 705 740 783 842 865 1610 2190
Spatial Resolution (m) 10 10 10 20 20 20 10 20 20 20
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rRMSEcv for better readability and ease of interpretation. 
This graphical representation of the data permitted to iden-
tify the models which have lowest rRMSEcv and in the same 
time to check if they are stable, i.e. if they have comparably 
low rRMSEiv as well. As can be seen, lowest rRMSEcv was 

obtained for the models utilizing GIPVI, both for the linear 
and the exponential regression. However, these models had 
much higher rRMSEiv; this is true especially for the linear 
model (Figure 2a) where the error with the independent data 
is more than twice as high as that obtained with the cross-

Table 4. List of spectral vegetation indices used in the study and formulas for their calculation with Sentinel-2 bands
Vegetation Index Reference
REP = 705 + 35 * (((B04 + B07) / 2 – B05) / (B06 – B05)) Clevers & Gitelson, 2013
MTCI = (B06 – B05) / (B05 – B04) Dash & Curran, 2004
CI red edge B07 = (B07 / B05) – 1 Gitelson et al., 2003, 2006
CI green B07 = (B07 / B03) – 1 Gitelson et al., 2003, 2006
CI red edge B8A = (B8A / B05) – 1
CI green B08 = (B08 / B03) – 1 
NDRE = (B06 – B05) / (B06 + B05) Gitelson & Merzlyak, 1994, Sims & 

Gamon, 2002
NDRE 1 = (B07 – B05) / (B07 + B05) Barnes et al., 2000
CCCI = ((B07 – B05) / (B07 + B05)) / ((B07 – B04) / (B07 + B04)) Barnes et al., 2000
NDVIb7 = (B07 – B04) / (B07 + B04) Rouse et al., 1973
NDVIb8= (B08 – B04) / (B08 + B04) Rouse et al., 1973
SR = B08 / B04 Jordan, 1969
SR 1 = B06 / B04
SR 2 = B07 / B04
SR 3 = B07 / B06 Gitelson & Merzlyak, 1994
SR 4 = B07 / B05
VARI = (B03 – B04) / (B03 + B04 – B02) Gitelson et al., 2002
Red edge NDVI = (B8A –B06) / (B8A + B06) Gitelson & Merzlyak, 1994
WDRVI = (0.3 * B08 – B04) / (0.3 * B08 + B04) Gitelson, 2004
VIgreen = (B03 – B04) / (B03 + B04) Gitelson et al., 2002
NDI = (B05 – B04) / (B05 + B04) Delegido et al., 2011
GBM_Index2 = (B05 – B03) / (B05 + B03) Hansen & Schjoerring, 2003
TCARI = 3 * [(B05 – B04) – 0.2 * (B05 – B03) * (B05 / B04)] Haboudane et al., 2002
                                 3 * [(B06 – B05) – 0.2 * (B06 – B03) * (B06 / B05)]
TCARI/OSAVIre = –––––––––––––––––––––––––––––––––––––––––––
                                      (1 + 0.16) * (B06 – B05)/(B06 + B05 + 0.16)

Wu et al., 2008

                                   [(B06 – B05) – 0.2 * (B06 – B03)] * (B06 / B05)
MCARI/OSAVIre = –––––––––––––––––––––––––––––––––––––––––
                                     (1 + 0.16) * (B06 – B05)/(B06 + B05 + 0.16)

Wu et al., 2008; Franceschini et al., 2017

MCARI = ((B05 – B04) – 0.2 * (B05 – B03)) * (B05 / B04) Daughtry et al., 2000
TCI = 1.2 * (B05 – B03) – 1.5 * (B04 – B03) * (B05 / B04) 1/2 Haboudane et al., 2008
gNDVI = (B08 – B03) / (B08 + B03) Gitelson et al., 1996
gNDVI 1 = (B06 – B03) / (B06 + B03)
                  1.5 * [1.2 * (B8A –B03) – 2.5 * (B04 – B03)
MTVI2 = ––––––––––––––––––––––––––––––––––––––                    –––––––––––––––––––––––––––––––––––                                                                       ––––
                √(2 * B8A + 1)2 – (6 * B8A – 5√B04) – 0.5

Haboudane et al., 2004

GIPVI = B08/ (B08 + B03)
OSAVI = (1+0.16)*(B08 - B04) / (B08 + B04 + 0.16) Rondeaux et al., 1996
DVI = B08 – B04 Jordan, 1969
EVI = 2.5(B08 − B04)/( B08 + 6 B04 – 7.5 B02 + 1) Huete et al., 1997
NPCI = (B04 − B02)/( B04 + B02) Peñuelas et al., 1994
MCARI/OSAVI = MCARI/OSAVI Daughtry et al., 2000
TCARI/OSAVI = TCARI/OSAVI Haboudane et al., 2002
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validation. From the other hand, the exponential model with 
NDRE1 has slightly higher rRMSEcv than GIPVI, but this is 
compensated by low rRMSEiv. Thus, the exponential model 
with NDRE1 is more stable and this comes at the expense of 
only slightly higher rRMSEcv. 

The plots for the other crop variable are not presented 
here due to the limited space. However, following the same 
reasoning as presented above, an “optimal” model was se-
lected for each crop variable which both, fi ts the calibration 
data well and is stable with the independent data. The results 
are summarized in Table 5. It was possible to select regres-
sion models based on the criteria outlined above for all crop 
variables except for the AGBd. The most accurately predict-
ed crop variable was fAPAR for which the relative errors 
were 13% and 16% (here, and in the following, the fi rst fi g-
ure represents rRMSEcv whereas the second represents rRM-
SEiv). Relatively good were the results for fCover (20% and 
28%), N content (20% and 27%), and AGBf (24% and 32%). 
Worst were the results for LAI (41% and 42%), CCC (33% 

and 41%), and N uptake (43% and 47%) (Table 5). Figure 3 
shows the scatter plots of measured versus estimated crop 
variables. The correspondence between the measured and 
the estimated values is very good for fAPAR, fCover, and 
AGBf, with R2 of up to ~0.90 (Figure 3h, Figure 3g, and Fig-
ure 3a). Also, the regression line was close to the 1:1 line, i.e. 
slope = 1 and intercept = 0. The correspondence of measured 
and estimated values of N content was weak (Figure 3d) with 
R2 of only 0.59 for the independent validation. This is in con-
trast with the RMSE, which was relatively low. 

For AGBd none of the developed models was found 
stable. The model which performed best during the cross-
validation (rRMSEcv = 26%) resulted in extremely high er-
ror when applied on the independent data (rRMSEiv = 80%) 
(Table 5). As can be seen on Figure 3b this error is due to 
overestimation. 

Figure 4 shows the relationships between the crop variables 
and the corresponding VIs used as predictors in the “optimal” 
models (Table 5). The regression lines represent the models 

Fig. 2. Part of the validation results for the linear (a) and exponential (b) fAPAR models
Note: the ten VIs with lowest rRMSEcv (sorted in increasing order from left to right) are shown in each plot

Table 5. Selected optimal regression models of the crop variables derived by combined analysis of both winter wheat 
varieties
Crop variable Model type Vegetation Index Cross-validation Independent validation

RMSEcv rRMSEcv (%) RMSEiv rRMSEiv (%)
AGBf (g/m2) Linear SR3 526 24.5 252 32.1
AGBd (g/m2) Linear SR3 136 26.0 108 80.0
N uptake (g/m2) Exponential CCCI 2.35 42.9 0.91 46.9
N content (%) Linear gNDVI 0.41 27.0 0.36 20.2
CCC (g/m2) Linear SR3 0.48 33.1 0.22 40.6
LAI (m2/m2) Linear SR3 1.29 40.7 0.48 42.5
fCover Exponential NDRE1 0.13 20.0 0.09 28.0
fAPAR Exponential NDRE1 0.09 13.4 0.07 16.1
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Fig. 3. Scatter plots of measured versus estimated values of crop variables
Note: the models used for estimation are listed in Table 5; blue dots show estimated values derived from the cross-validation procedure 

based on data from the fi rst growing season (2016/2017); the red dots show the validation with the independent data 
from the second growing season (2017/2018)
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Fig. 4. Relationships between crop variables and the corresponding vegetation indices used as predictors 
for the models in Table 5

Note: the regression line represents the model which had been fi t to the calibration data from 2016/2017 growing season
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which had been fi t to the calibration data of 2016/2017 growing 
season. The data from the 2017/2018 growing season are plot-
ted in different colour to access how they are spread around the 
regression line and indicate possible instability of the models. 
Both, AGBf and AGBd are linearly related with the SR3 veg-
etation index (Figure 4a and Figure 4b). Note that, unlike the 
AGBf model, the AGBd model did not fi t the 2017/2018 data 
well enough and most observations systematically deviate from 
the regression line. This led to the overestimation observed in 
Figure 3b and the instability of the model. The relationship of 
N uptake and CCCI is not linear and, thus, the index saturates 
at N uptake values over 5 g m-2 (Figure 4c). The relationship of 
N content and gNDVI (Figure 4d) is linear but is characterized 
with large scatter of data points. A clustered pattern is observed, 
which appears related with the individual fi eld campaigns. 
More specifi cally, the fi rst fi eld campaign in each growing sea-
son (November 2017 and 2018, Tillering development stage; 
Table 1) is characterized with high N content (above ~2%) 
while in the later fi eld campaigns the measured values were 
mostly below ~2%. The relationships of LAI and CCC with 
SR3 are linear (Figure 4e and Figure 4f), but the scatter around 
the regression line became very important with high values of 
the two variables. SR3 is not sensitive to LAI over ~3 m2 m-2 

and CCC over ~1.5 g m-2. Note that the large scatter of data 
points observed above these values is due to the Enola variety 
(Figure 4e and Figure 4f). The relationships between NDRE1 
and fAPAR and fCover are exponential (Figure 4g and Figure 
4h). Both models were not very good in fi tting the low fAPAR 
and fCover observations in the validation dataset (2017/2018) 
but performed well for higher values.  

Analysis at variety level
The results discussed so far were based on regres-

sion models calibrated with data collected from both win-
ter wheat varieties. These can be referred to as “combined 
models”. However, evidence from the literature suggested 
that relationships between VIs and crop variables may be 
variety-specifi c. To test this, regression models were devel-
oped separately for each variety – Annapurna and Enola, and 
their errors compared with that of the combined models. The 
comparison based on the cross-validation errors is shown in 
Figure 5. 

Figure 5 shows that for all but the N content and N up-
take the accuracy of models increased when varieties are an-
alyzed separately. The most substantial is the improvement 
with LAI where the combined model had rRMSEcv of 39% 
whereas the variety-specifi c models have rRMSEcv of 27%. 
Note that, the lowest rRMSEcv for the variety-specifi c mod-
els may have been obtained using different VI in each variety 
or using different VI compared to the combined model. This 
situation probably arise because, as observed in this study, 
several VIs may have very similar prediction capabilities and 
chance sampling variations may account for incident supe-
riority of one or the other. For example, SR3 is the best pre-
dictor of AGBf in the combined model and in the Annapurna 
model. For Enola however, rRMSEcv of the model using SR3 
is only slightly higher than that of another index - CI red 
edge B8A. Nevertheless, Figure 5 suggests that, for all but 
the N content and N uptake, it is feasible to use variety-spe-
cifi c regression models because they produced lower errors 
than the combined model. The results for N content and N 

Fig. 5. Lowest  rRMSEcv achieved for the two varieties, regardless of model type and predictor, 
compared with the lowest rRMSEcv achieved for the combined models
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uptake are ambiguous because the error is lower for Enola 
variety but higher for Annapurna variety as compared with 
the corresponding combined model. 

The above conclusion was drawn based on the cross-
validation. However, as we saw, models calibrated with data 
from the 2016/2017 growing season may not perform well 
for the 2017/2018 growing season. Thus, we tested also the 
stability of the variety-specifi c models. Stable models were 
found for Annapurna variety and are shown in Table 6. These 
models were indeed more accurate than the “optimal” com-
bined models (Table 5). 

However, it was not possible to fi nd stable models for 
Enola variety. The errors were very high when the models 
were applied to the 2017/2018 dataset (rRMSEiv > 50% for 
LAI, CCC, AGBd, and AGBf). Even for fAPAR, rRMSEiv is 
twice as high as the error from the cross-validation (22% and 
11% respectively). These high errors are mostly related with 
overestimation. The scatter plots in Figure 6 demonstrate 
the overestimation problem in the Enola models of some of 
the crop variables. For example, AGBd and CCC from April 
2018 are all spread below the regression line (Figure 6a and 
Figure 6b) and the model estimations are thus higher than 
the true values. For CCC, the linear model is inadequate to 
describe the relationship formed by the combined data of the 
two seasons. This is because instead of linear the relationship 
is curvilinear; this however was not evident in the calibra-
tion dataset (2016/2017). This is clear indication that the data 
used for model calibration were not suffi cient to review the 
true nature of the relation. This is mostly due to the small 
number of observations from March 2017 for Enola variety. 
LAI shows clear nonlinear relation with gNDVI1 in the cali-
bration dataset and this is confi rmed by the validation dataset 
as well (Figure 6c). However, the validation data reviewed 
that the saturation starts earlier (at lower LAI), something 
which was not clear from the calibration dataset. For fAPAR 
the overestimation problem affects only the lower values 
(November 2017) (Figure 6d). 

The general objective of this study was to evaluate dif-
ferent VIs for the remote estimation of several crop variables 
of winter wheat. With Sentinel-2 data available every 5 days 
(not considering clouds) opportunity exists now for monitor-
ing winter wheat growth and status over large regions and 
with great detail. The challenge still remains how to extract 
relevant information from the satellite images, which to be 
meaningful to farmers and decision makers. The regression 
analysis based on VIs was used in literature for deriving 
quantitative crop characteristics from remotely sensed data 
because this method is simple, comprehensive and fast. 

Few studies have reported results for crop variable es-
timation in winter wheat based on Sentinel-2 data. For ex-
ample Delloye et al. (2018) used Radiative Transfer Model 
with an Artifi cial Neural Network and calculated CCC with 
RMSE of 0.35 g m-2 and relative RMSE of 26%. Our models 
(combined and Annapurna) had RMSE of 0.22-0.48 g m-2 

(28-41%) depending on the validation strategy. The same au-
thors derived Green Area Index (GAI), a parameter closely 
related with LAI with RMSE of 0.70 m2 m-2 and relative 
RMSE of 26%. In this study, the combined model of LAI 
was of low accuracy (relative RMSE as high as 41-42%). 
The results were better for the Annapurna variety-specifi c 
model with RMSE of 0.50-0.72 m2 m-2 (27-35%). Pan et al. 
(2018) evaluated four VIs for estimation of LAI through ex-
ponential regression and found that the models based on Red 
edge NDVI (defi ned as (B08-B06)/(B08+B06)) provided the 
most accurate predictions with RMSE of 0.85 m2 m-2 (22%). 
Söderström et al. (2017) used combination of Sentinel-2 
and DMC satellite data to predict N uptake as estimated by 
the handheld Yara NSensor. They used linear regression on 
MSAVI2 index and obtained mean absolute error (MAE) of 
10-15 kgN ha-2 (i.e. 1.0-1.5 g m-2), depending on the model 
and validation strategy. In our study the RMSE for the com-
bined and the Annapurna model is between 0.91 and 2.35 
g m-2, depending on the validation strategy. Note however 
that MAE and RMSE are not comparable and, in the gen-

Table 6. Selected optimal regression models of the crop variables derived by analysis of winter wheat Annapurna variety
Crop variable Model type Vegetation Index Cross-validation Independent validation

RMSEcv rRMSEcv (%) RMSEiv rRMSEiv (%)
AGBf (g/m2) Linear SR3 424 21.6 263 27.6
AGBd Exponential CCCI 174 34.4 52 32.8
N uptake (g/m2) Linear SR3 2.24 46.5 1.12 46.8
N content (%) Linear B12 0.44 33.1 0.37 20.2
CCC (g/m2) Linear SR3 0.36 27.6 0.24 33.9
LAI Linear SR3 0.72 26.9 0.50 35.0
fCover Exponential NDRE1 0.14 22.9 0.08 22.0
fAPAR Exponential NDRE1 0.10 15.3 0.07 13.5
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eral case, MAE is lower than RMSE for any given dataset 
(Willmott & Matsuura, 2005). The potential of winter wheat 
biomass estimation based on Sentinel-2 data was studied 
by Zheng et al. (2017). Among 17 VIs they recommend the 
Red-edge Simple Ratio (NIR/Rededge) as a stable index for 
AGB estimation covering the entire growing season. This 
result is in line with our study where AGBf and AGBd were 
best predicted by SR3, which is the ratio of Sentinel-2 bands 
B07 and B06 (Table 4). 

The possibility for estimation of N content by Sentinel-2 
data is of particular interest for implementation of site-specif-
ic N fertilization systems. The errors for the proposed regres-
sion models (combined and Annapurna) were 0.36-0.44% of 
dry matter (20-33% of dataset mean). The errors are thus 
lower than those we had for LAI, CCC, and N uptake. The 
models, however, should be considered with care because of 
the high level of noise as indicated in Figure 3d and Figure 
4d. As pointed out before, the pattern in these plots is partly 
explained with different N content measured in different fi eld 
campaigns. Consistently higher N content was measured in 
the early season, before the winter dormancy period. This 

observation is in line with Mistele and Schmidhalter (2008) 
who point out that the N content of plants is highest at early 
growth stages and decreases continually up to the stage of 
senescence. This change is related with the combined effect 
of the differential tissue N content (higher content in some 
tissues and lower in other tissues) and the change in the pro-
portion of different tissues with growth (increasing the pro-
portion of N poor tissues). Thus, N content depends on the 
plant biomass (Mistele & Schmidhalter, 2008). The observed 
relation between VI and N content is therefore affected by 
biomass as well; an effect potentially introducing noise in the 
relation. Also, this study was conducted on intensively man-
aged farmers’ fi elds with N fertilizers applied several times 
during the season which is also a possible source of noise. 

Part of the fi eld data collected during the 2016/2017 fi eld 
campaigns were not used in the regression analysis. For ex-
ample ESUs with high percent cover of weeds were removed 
as well as those ESUs for which reliable fi eld spectrometry 
data were not available due to bad weather conditions during 
the measurements. This reduced the number of observations 
available for model calibration. The problem was the most 

Fig. 6. Relationships between selected vegetation indices and crop variables for the winter wheat Enola variety: 
a) AGBd, b) CCC, c) LAI, and d) fAPAR

Note: the poor alignment of the validation data points (red colour) to the regression lines
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severe for the March 2017 fi eld campaign when data from 
11 out of 30 ESUs (of which only 3 in Enola variety) were 
available. The effect of the insuffi cient data for Enola variety 
at the time of the March 2017 fi eld campaign was signifi -
cant and resulted in poorly calibrated models for that variety 
(Figure 6). As a consequence the models were not stable and 
performed poorly on the new data from the 2017/2018 grow-
ing season. 

It should be noted also that the fi eld campaigns were 
made within up to 10 days of the Sentinel-2 image acquisi-
tions. Some errors in the models may have been introduced 
due to this temporal shift. During the 2016/2017 growing 
season only Sentinel-2A was operational and the frequency 
of image acquisitions was 10 days.  

In this study, measurements from a single season were 
used for models calibration. It was shown that some models 
may not predict well data from other season. The empirical 
relations may differ not only due to crop variety and study site 
characteristics, but also from one year to the next (Mistele & 
Schmidhalter, 2008). Data collected across multiple years, 
sites and varieties may be needed to better describe relations 
between crop variables and VIs and to study the possibility 
for calibration of generally applicable regional models (Feng 
et al., 2015). 

Conclusions

In this study we tested different VIs for their capability to 
predict several crop variables in winter wheat fi elds through 
linear and exponential regression. A combination of spectral 
data from Sentinel-2 images and fi eld spectroscopy obtained 
through one growing season was used for model calibration 
and cross-validation. The models were further validated with 
Sentinel-2 image data from a second growing season. The 
main conclusions from this study can be summarised as fol-
low:

The accuracy of the models varied widely across crop 
variables. According to the cross-validation, the relative 
RMSE was below 25% for fAPAR, fCover, and AGBf, with 
particularly good result for fAPAR (rRMSEcv = 13%). For N 
content and AGBd the error was between 25 and 30%. The 
accuracy was low for CCC, LAI, and N uptake (rRMSEcv 
between 30 and 43%). 

In general, the models’ performance was worse when 
they were applied to the data from the second growing sea-
son, resulting in rRMSEiv which were 3-8% higher than the 
rRMSEcv reported above. The model for AGBd was an ex-
treme case where rRMSEiv reached 80%. It should be noted, 
however, that the validation dataset from the second season 
included only measurements from two fi eld campaigns/de-

velopment stages and thus, is not representative of the pos-
sible range of values of the crop variables.

The optimally performing models for fAPAR and fCover 
were the exponential models with NDRE1 while linear mod-
els using SR3 were best for predicting AGBf, AGBd, LAI, 
and CCC. The exponential model with CCCI was found the 
most useful for predicting N uptake. The N content was best 
predicted by linear model using gNDVI. Note however, that 
other VIs such as NDRE, CI red edge B07, CI red edge B8A, 
GIPVI, and gNDVI1 may also provide good results.

The cross-validation results suggested that the variety-
specifi c models are more accurate than the generally cali-
brated models for most crop variables. This was confi rmed, 
for Annapurna variety, also by the independent validation. 
The models for Enola variety were not successful in predict-
ing the measurements from the second growing season but 
this is probably due to the insuffi cient number of observa-
tions available for calibration.

The results presented in this paper are preliminary. 
Though the models for fAPAR, fCover and AGBf, seem suit-
able for practical application due to their low error, further 
studies and more data will be needed to better account for 
variety, season, and site variations in the modelled relation-
ships. This is necessary before models applicable at regional 
level are proposed, thoroughly validated and implemented in 
the practice. The fi rst step will be to combine the data from 
the two growing seasons and re-calibrate the models. This is 
part of an ongoing research. 
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