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A B S T R A C T   

Increasing land-use intensity is a main driver of biodiversity loss in farmland, but measuring proxies for land-use 
intensity across entire landscapes is challenging. Here, we develop a novel method for the assessment of the 
impact of land-use intensity on biodiversity in agricultural landscapes using remote sensing parameters derived 
from the Sentinel-2 satellites. We link crop phenology and productivity parameters derived from time-series of a 
two-band enhanced vegetation index with biodiversity indicators (insect pollinators and insect-pollinated 
vascular plants) in agricultural fields in southern Sweden, with contrasting land management (i.e. conven-
tional and organic farming). Our results show that arable land-use intensity in cereal systems dominated by 
spring-sown cereals can be approximated using Sentinel-2 productivity parameters. This was shown by the 
significant positive correlations between the amplitude and maximum value of the enhanced vegetation index on 
one side and farmer reported yields on the other. We also found that conventional cereal fields had 17% higher 
maximum and 13% higher amplitude of their enhanced vegetation index than organic fields. Sentinel-2 derived 
parameters were more strongly correlated with the abundance and species richness of bumblebees and the 
richness of vascular plants than the abundance and species richness of butterflies. The relationships we found 
between biodiversity and crop production proxies are consistent with predictions that increasing agricultural 
land-use intensity decreases field biodiversity. The newly developed method based on crop phenology and 
productivity parameters derived from Sentinel-2 data serves as a proof of concept for the assessment of the 
impact of land-use intensity on biodiversity over cereal fields across larger areas. It enables the estimation of 
arable productivity in cereal systems, which can then be used by ecologists and develop tools for land managers 
as a proxy for land-use intensity. Coupled with spatially explicit databases on agricultural land-use, this method 
will enable crop-specific cereal productivity estimation across large geographical regions.   

1. Introduction 

Agricultural intensification and expansion are major causes of 
biodiversity loss and drive biotic homogenization (Flynn et al., 2009; 
Karp et al., 2012; Stoate et al., 2009). Research on farmland biodiversity 
conservation commonly separates between the impact of decreasing 
landscape complexity due to loss of non-crop land and increasing land- 
use intensity that is referred to crop management intensity or grazing 
intensity (Benton et al., 2003; Kleijn et al., 2011). Both cropland and 

non-cropland habitats are used by a wide range of organisms associated 
with agricultural landscapes (Lüscher et al., 2016). For instance, mobile 
organisms commonly use non-crop habitats for overwintering or 
breeding but utilize crop fields during the summer or for foraging (Smith 
et al., 2014). Furthermore, arable vascular plants (weeds) provide 
important ecosystem services such as supporting pollinators and 
enhancing soil fertility (Bretagnolle and Gaba, 2015; Fanfarillo and 
Kasperski, 2021), and these plants benefit from low-intensity farming at 
the field scale (Hawes et al., 2010; Petit et al., 2016). In this context, 
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increasing land-use intensity reduces resource availability on cropland, 
with negative consequences for biodiversity (Benton et al., 2003). 

Although decreasing landscape complexity and increasing land-use 
intensity are conceptually well-known drivers of biodiversity decline 
(Benton et al., 2003; Kleijn et al., 2011), measuring land-use intensity 
across entire landscapes is laborious. Past studies have measured land- 
use intensity in agricultural landscapes using a variety of proxies, 
including proportions of arable land (Tuck et al., 2014), proportions of 
intensively managed crops, such as autumn sown cereals (Eggers et al., 
2011), fertilizer inputs (Kleijn et al., 2009), yields (Gabriel et al., 2013), 
or different combinations of these (Flohre et al., 2011; Guerrero et al., 
2012). Flower-visiting insects, such as bumblebees and butterflies, are 
commonly used model organisms to understand the impact of land-use 
intensity across different spatial scales. Bumblebees nest in non-crop 
habitats and forage in the surrounding agricultural landscapes, 
including both semi-natural habitats and arable fields (Mallinger et al., 
2016), and low intensity land-use, such as organic farming, can benefit 
bumblebee assemblages (Carrié et al., 2018; Rundlöf et al., 2008). 

In contrast to bumblebees, butterflies are more strongly tied to non- 
crop habitats, in particular semi-natural grasslands (Kivinen et al., 
2006), but they also benefit from less intensive arable production 
(Gabriel et al., 2010; Rundlöf and Smith, 2006). Bumblebee and but-
terfly populations have changed markedly over time, and today species 
assemblages of these groups are dominated by a few generalist species 
that can withstand intensive land-use (Börschig et al., 2013; Dupont 
et al., 2011; van Strien et al., 2019). More broadly, the decline in 
pollinator abundance and species richness is a concern because insect 
pollination is important in maintaining wild plant diversity and the 
production of pollinated crops (Bommarco et al., 2012; Potts et al., 
2016). 

Current developments in satellite remote sensing enable us to esti-
mate productivity across large areas with a high-enough precision to 
map field-specific productivity. Once a mathematical relationship is 
established between satellite and field data at a local scale, the resultant 
model can be generalized to larger areas that have similar spatial 
characteristics. This is invaluable from a conservation perspective. For 
example, it would aid the development of effective proxies of agricul-
tural land-use intensity across large areas that would also reflect the in- 
situ diversity of flower-visiting insects. However, remote sensing 
methods have been underutilized in landscape ecology because of 
insufficient communication between researchers in landscape ecology 
and remote sensing (Pettorelli et al., 2014). The recently launched 
Copernicus Sentinel-2 satellite constellation generates data of sufficient 
spatial (10 m) and temporal (3–5 days) resolution to enable monitoring 
of vegetation productivity. Improved time-series methods to extract 
phenological parameters from satellite data have also been developed 
recently (Jönsson et al., 2018). 

Organically managed fields usually have a lower yield than con-
ventional ones, which can be partly explained by lower nitrogen fertil-
ization rates and less efficient weed control (Ponisio et al., 2015; Seufert 
et al., 2012). Increased nitrogen input results in quicker and greater 
growth of winter wheat before the heading, which can be detected by 
increased near infrared reflectance (Hinzman et al., 1986). Detecting 
such changes in plant reflectance during early development stages is 
crucial as it can help predict crop growth capacity as well as final yield 
(Marti et al., 2007). Whether productivity parameters from Sentinel-2 
can be used as proxies for agricultural land-use intensity in the 
context of farmland biodiversity remains unexplored. 

This study focuses on the utility of crop productivity and phenology 
parameters obtained from Sentinel-2 as proxies for biodiversity and 
land-use intensity at the level of individual organic and conventional 
fields. As organic management usually benefits local biodiversity, 
especially plants (Tuck et al., 2014), we expected a tradeoff between 
crop growth and field biodiversity. We also expected a difference in 
yield and crop phenology (i.e. periodic events in the crop lifecycle) 
between conventional and organic cereal fields that could be detected by 

satellite-based vegetation index time-series. We hypothesized that (i) 
conventional fields have higher maximum and amplitude of the vege-
tation index during the vegetative growth period (before crop senes-
cence), related to their higher plant biomass. We also hypothesized that 
(ii) cereals in conventional fields have faster growth than organic ones, 
and thus should be characterized by an earlier start of the greening 
season. Finally, we expected to find (iii) a tradeoff between field 
biodiversity and start of crop growth and biomass production explained 
by the difference in management intensity between organic and con-
ventional fields. 

2. Materials and methods 

2.1. Study area 

We carried out the study in the southernmost Swedish province of 
Scania (Fig. 1). Land-use in Scania is characterized by agriculture with 
varying intensity, in combination with varying coverage of forests and 
pastures. Based on land-use data obtained from the Integrated Admin-
istrative and Control System database, maintained by the Swedish Board 
of Agriculture, we selected 19 farms (10 organic, 9 conventional) along 
an independent gradient of proportion of semi-natural grasslands within 
a 1 km radius around the farm center. We selected farms such that they 
all had cereal crops, sown grasslands for fodder production (leys) and 
semi-natural, grazed grasslands. We collected data related to biodiver-
sity and production from two cereal fields on each farm (predominantly 
barley, but also wheat and oat fields) for a total sample size of 38 fields. 
More details about the study area, distribution of the studied farms, and 
design of the field experiments can be found in Carrié et al. (2018). 

2.2. Field data collection 

We surveyed butterflies, bumblebees and insect-pollinated vascular 
plants (hereafter referred to as vascular plants, excluding grasses, sedges 
and the like) in the summer of 2017. We carried out five survey rounds 
distributed evenly between 18th of May and 24th of August. We sur-
veyed butterflies, bumblebees and vascular plants along transects of 
100 m within each field, excluding the field borders. Transects were 
placed in flower-rich parts of the fields, which potentially introduced a 
bias, but the sampling strategy is still likely to reflect the relative 
abundance of both plants and bumblebees similarly amongst all sampled 
fields. To control for the influence of weather on butterfly and 
bumblebee observations, we only surveyed transects on days without 
precipitation, when the temperature was at least 15 ◦C and the wind 
speed did not exceed 4 on the Beaufort scale. 

We surveyed butterflies and bumblebees by slowly walking along the 
transects during a fixed time of 10 min. We counted individual butter-
flies and bumblebees when they were observed within one meter on 
either side of the transect. We also recorded vascular plants within a half 
meter on either side of the transects. Total flower cover and relative 
species cover was recorded using a cover scale accounting for the per-
centage cover of flower corollas per ground surface area (1: <2%; 2: 
<6%; 3: <10%; 4: <20%; 5: <25%; 6: >25%). We identified butterflies, 
bumblebees and vascular plants to species level during field observa-
tions. For bumblebees and butterflies, we estimated total abundance by 
calculating the sum of all the individuals from all species over the five 
sampling rounds. We calculated overall species richness and species 
diversity (Shannon index) by pooling all the sampling rounds. We used 
total flower cover as an abundance measure for vascular plants and 
relative species cover to calculate the Shannon diversity index. We 
calculated abundance, species richness and species diversity for but-
terflies, bumblebees and vascular plants separately and for each field. 

We obtained data related to cereal production from interviews with 
farmers and from measurements of crop growth in the surveyed fields. 
These data include estimates of crop yield (kg/ha) and whether fields 
had been plowed before sowing. All conventionally managed fields had 
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received fertilizers and herbicides, but not insecticides, whereas all 
organically managed fields had received manure but neither herbicides 
nor insecticides. 

2.3. Sentinel-2 data 

We downloaded all available Sentinel-2A and Sentinel-2B Multi-
spectral Instrument data from 2017, covering tiles 33VUC, 33UUB and 
33UVB, in Level-1C processing format from the European Space Agency 
Copernicus Open Access Hub. These Level-1C data are top-of- 
atmosphere products and thus have not been atmospherically cor-
rected. Therefore, we used Sen2Cor (v2.5.5) (Louis et al., 2016) to 
remove the effects of the atmosphere from the Level-1C data and convert 
them to Level-2A, which estimates land surface reflectance. 

2.4. The two-band enhanced vegetation index 

Bands representing the red (RED, 627–703 nm) and near-infrared 
(NIR, 697–987 nm) portions of the electromagnetic spectrum were 
selected to derive a two-band enhanced vegetation index (EVI2) (Jiang 
et al., 2008). We used EVI2 as a proxy for vegetation greenness and 
productivity and is defined in equation (1). 

EVI2 = 2.5*
NIR − RED

NIR + 2.4*RED + 1
(1) 

EVI2 uses the same portions of the electromagnetic spectrum as the 
widely-used normalized difference vegetation index (NDVI). However, 
NDVI has some disadvantages such as sensitivity to the scattering and 
attenuation of atmospheric aerosols (Kaufman and Tanre, 1992) and 

saturation over areas with high phytomass (Gitelson, 2004). NDVI is also 
sensitive to the background signal of the soil in areas that are not fully 
vegetated whereby darker soils yield higher NDVI values (Huete, 1988). 
These limitations are overcome with EVI2, which has been shown to be 
more strongly correlated with ground-based observations than NDVI 
(Rocha and Shaver, 2009). 

2.4.1. Reconstruction of daily time-series and phenological parameters 
extraction 

The Sentinel-2 Multispectral Instrument is an optical sensor and the 
data it provides can suffer from cloud contamination under overcast 
conditions, which obscures the land surface and alters the signal 
received by the satellite. This can reduce the number of observations 
available for phenological analysis and leads to an incomplete repre-
sentation of the vegetative growth cycle. We used shape prior and box 
constrained separable least squares fitting to logistic model functions 
developed by Jönsson et al. (2018) to generate a continuous time-series 
from available high-quality Sentinel-2 data. This method was imple-
mented in TIMESAT (Jönsson and Eklundh, 2004) and its double logistic 
function was found to outperform other commonly applied smoothing 
methods (e.g. Savitzky-Golay filtering, spline smoothing, etc.) for sat-
ellite time-series data (Cai et al., 2017). After the reconstruction of daily 
Sentinel-2 data, we extracted phenology and productivity parameters 
from within a 400 m2 area (four Sentinel-2 pixels) in the center of each 
field. We defined the base level productivity by the 5% percentile of the 
time-series histogram under clear conditions. We set the thresholds for 
estimating within-field crop phenology parameters: start of season and end 
of season to 20% of the EVI2 amplitude. 

Fig. 1. Overview of the study area.  
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We use the term productivity in an ecosystem science context to 
measure crop biomass using a series of parameters derived from the 
annual phenology of cereal crops (Fig. S1). The use of spectral vegeta-
tion indices to quantify vegetation productivity is motivated by their 
close relationship with gross primary productivity (Sims et al., 2006). 
The phenology parameters indicate different parts that constitute the 
growth, maturation, accumulation and senescence of crops, as defined in 
Table 1. Thus, we defined within-field crop productivity parameters using: 
growing season maximum biomass, growing season amplitude of 
biomass, the small integral that measures productivity of seasonal 
vegetation, and the large integral that measures total productivity of the 
vegetation. One measure of agricultural intensity that is a function of 
management practices is crop yield (Turner and Doolittle, 1978). Thus, 
our aim was to develop and test a novel proxy for land-use intensity 
defined as an increase in crop productivity between a predefined base 
level and the maximum value as derived from satellite observations. We 
chose the four pixels at the center of each field to obtain uniform data 
samples that are free from the influence of vegetation along non-crop 
field boundaries. Thus, the productivity and phenology parameters 
described above provide representative samples for each agricultural 
field. 

2.5. Statistical analysis 

We calculated the strength of association between the field data and 
Sentinel-2 productivity and phenology parameters using Pearson’s cor-
relation coefficient (r) and its associated probability (P) value. We used 
an unpaired two-sample t-test in order to determine whether there was a 
difference in the productivity and phenology parameters extracted from 
Sentinel-2 between conventional and organic farms. We considered a 
probability value of P ≤ 0.05 as statistically significant. To describe the 
correlated changes between productivity and phenology parameters 
among the cereal fields, we used a principal component analysis (PCA). 
The dataset consisted of the values of each productivity and phenology 
parameter calculated over the growing season for each cereal field. 
These were then projected into a new space consisting of axes summa-
rizing the major multivariate variation across productivity and 
phenology parameters. Productivity and phenology parameters 

associated with the same direction to a PCA axis (positive or negative 
association) would capture a synergy among them, while associations 
with opposite directions to the PCA axis (positive and negative) would 
capture a tradeoff among productivity and phenology parameters. 

In a second step, we used an analysis of variance (ANOVA) on PCA 
axes to test whether they differed between the two farming systems. The 
response variable was the coordinate of the field on one of the PCA axis 
and the explanatory variable was farming system (organic vs. conven-
tional) and crop type. We fitted a model for each PCA axis as well as the 
selected biodiversity indices. The effect sizes of farm and crop type were 
quantified using an F-test and supplemented by partial eta-squared (η2

P) 
to describe the influence of one variable while accounting for the other 
variables. 

In a final step, we used a generalized linear mixed-effect model 
(GLMM) assuming a Poisson error distribution (log-link function) to test 
the relationship between the combined variation in productivity and 
phenology parameters and biodiversity indices. The response variables 
were the abundance or the species richness of bumblebees and butter-
flies, and vascular plant species. The explanatory variables were the 
coordinates of the fields in the two PCA axes (productivity and 
phenology parameters) and we added the effect of cereal type to control 
for its possible confounding influence. As cereal type had insufficient 
replication across levels to efficiently use it as a random factor, due to 
the uneven distribution of cereal species in the sampled fields, we 
included it as a fixed effect. We also included a farm random factor to 
account for the spatial dependency of different cereal fields located in 
the same farms. In addition to farm identity, we also included an 
observation-level effect, i.e. a site random factor, nested into the farm 
factor, to account for a possible over-dispersion of the data (Lee and 
Nelder, 2000). 

We performed all analyses using R 3.5.2 (R Development Core Team, 
2018). The packages lme4 (Bates et al., 2014) and effects (Fox, 2003; Fox 
and Weisberg, 2011) were used to fit the GLMM and create effect dis-
plays, respectively. The ANOVA analysis was performed using the 
package sjstats (Luedecke, 2018). Geographic processing of the Sentinel- 
2 data was performed with the raster (Hijmans, 2019) and rgdal (Bivand 
et al., 2019) packages. Visualization was performed using the packages 
ggplot2 (Wickham, 2009), ggpubr (Kassambara, 2019), and factoextra 
(Kassambara and Mundt, 2019). 

3. Results 

3.1. Overall correlation between Sentinel-2 phenological parameters and 
field biodiversity 

The association between Sentinel-2 phenology parameters and 
biodiversity showed that start of season (SOS) had a positive correlation 
with bumblebee abundance and richness, the Shannon diversity index 
and species richness of vascular plants (0.35 < r < 0.45; Table S1). 
Additionally, we found positive correlations between the Shannon di-
versity index, as well as species richness of vascular plants, and end of 
season (EOS) (r = 0.32, P = 0.05, Table S1). Length of season (LOS) did 
not exhibit significant correlations with any of the biodiversity in-
dicators. Butterfly abundance was the only biodiversity indicator that 
did not exhibit a significant correlation with any of the Sentinel-2 pro-
ductivity and phenology parameters (Table S1). 

We found that the amplitude (AMPL) and maximum (MAX) of the 
two-band enhanced vegetation index (EVI2) were the only productivity 
parameters that had significant linear relationship with the cereal yields 
reported by the farmers (r2 = 0.52, P < 0.001; r2 = 0.45, P < 0.001, 
respectively). Since both conventional and organic fields comprised 
cereal crops, neither management type resulted in a significantly 
different BASE value (Fig. 2). However, conventional fields had higher 
AMPL (P = 0.003) and MAX (P = 0.01) than organic ones. Regarding 
crop phenology (Fig. 3), there was no significant differences in SOS, EOS 
and LOS between organic and conventional fields. 

Table 1 
Details of the productivity and phenology parameters derived from the Sentinel- 
2 two-band enhanced vegetation index (EVI2). Please refer to Fig. S1 for a 
graphical representation of these parameters.  

Parameter Acronym Explication Description 

Productivity BASE Base Value Baseline of seasonal vegetation and 
calculated as the 5% percentile of 
the time-series histogram under 
clear conditions. 

MAX Growing 
Season 
Maximum 

Peak EVI2 value in the vegetative 
growing season. 

AMPL Amplitude Range of the EVI2 values between 
BASE and MAX. 

SINT Small Integral Growing season productivity of 
seasonal vegetation, e.g. annual and 
perennial plant as well as deciduous 
trees. 

LINT Large Integral Growing season productivity of all 
vegetation, including those that are 
evergreen.  

Phenology SOS Start of Season The beginning of the vegetative 
growing season when new leaves 
begin to emerge. Set to 20% of the 
amplitude. 

EOS End of Season The end of the growing season 
when leaves begin to senesce. Set to 
20% of the amplitude. 

LOS Length of 
Season 

Duration of the growing season 
between its start and end.  
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The reconstruction of the Sentinel-2 data into a daily time-series 
produced smoothed seasonal trajectories for each field that were 
generally representative of each crop and management type, including 
the duration and number of cycles (Fig. S2). AMPL and MAX stood out of 
the five productivity parameters as having the strongest negative cor-
relations with all the biodiversity indicators except butterfly abundance 
(Table S1). Bumblebee species richness had the strongest negative cor-
relation with both AMPL and MAX (r = -0.38, P = 0.01). None of the 
other productivity parameters, i.e. base value (BASE), large integral 
(LINT) and small integral (SINT) exhibited statistically significant cor-
relations with the biodiversity indicators. 

3.2. Separability of Sentinel-2 phenological parameters 

The first two PCA axes explained 61.8% of the total variability in the 
Sentinel-2 phenology and productivity parameters (Fig. 4). The first axis 
(PC1) explained 36% of the variance and had a strong (r > 0.66, P <
0.01) positive association with LOS, EOS, LINT and SINT (Table 2). 
Thus, PC1 was linked to the length of growing season and overall crop 
biomass. The second axis (PC2) explained 25.8% of the variance and had 
a moderate positive correlation (r = 0.62, P < 0.01) with SOS and a 
strong negative correlation (r > 0.66, P < 0.01) with MAX and AMPL 
(Table 2). Hence, PC2 was linked to maximum crop biomass and the 
start of the growing season. 

The first two PCA axes were also influenced by farm and crop type 
(Table S2). Crop type had a larger and statistically significant effect 
(F2,34 = 3.59, P = 0.03) than farm type (F1,34 = 1.28, P = 0.26) on PC1. 
Whereas farm type had a large and statistically significant effect on PC2 
(F1,34 = 6.49, P = 0.01) than crop type (F1,34 = 0.07, P = 0.92). There 
was no separability of organic and conventional fields in PC1 since the 
seasonality of the two field types were similar. However, PC2 was able to 
distinguish between conventional and organic farming (P = 0.01) as it 
was more linked to productivity (Fig. 5). These results support the 
notion that the PCA axes can be interpreted as capturing the tradeoff 
between crop seasonality (PC1) and farm productivity (PC2). 

3.3. Effects of crop productivity and seasonality on bumblebees and 
vascular plants 

Generally, the species richness of vascular plants and bumblebees 
were more strongly correlated with the Sentinel-2 parameters than 
butterflies (Table S1). PC1 did not have a significant effect on the species 
richness and abundance of bumblebees nor on the species richness of 
vascular plants and flower cover (Table 3). However, bumblebee 
abundance and species richness were strongly affected by PC2, as was 
vascular plant species richness (Table 3, Fig. 6). Notably, although PC1 
explained most of the overall variability in the Sentinel-2 parameters, it 
did not have a significant effect on any of the biodiversity indicators. 

Fig. 2. Boxplots of the unpaired two-sample t-test showing the difference between conventional (CONV) and organic (ORG) cereal farms for different Sentinel-2 
productivity parameters. BASE, AMPL and MAX are the base value, amplitude and maximum, respectively. 

Fig. 3. Boxplots of the unpaired two-sample t-test showing the difference between conventional (CONV) and organic (ORG) cereal farms for different Sentinel-2 
phenology parameters. SOS, EOS and LOS and the start, end and length of the growing season, respectively. 
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Conversely, PC2 had a statistically significant effect (P ≤ 0.05) on three 
biodiversity indicators (Table 3) because the dominant contributors its 
are the Sentinel-2 productivity parameters (Fig. S3), which are strongly 
linked to farmer reported yields (Fig. S4). The ANOVA analysis 
(Table S2) further showed that farm type had a larger and statistically 
significant effect on the biodiversity indices than crop type. In partic-
ular, farm type had the largest effect on the species diversity of vascular 
plants (F1,34 = 32.78, P < 0.001) and bumblebees (F1,34 = 9.04, P =
0.005). 

4. Discussion 

We present a novel method for assessing the impact of land-use in-
tensity on biodiversity by linking crop phenology and productivity pa-
rameters derived from the recently launched Sentinel-2 satellites with 
field-collected biodiversity indicators in conventional and organic 
fields. Our results indicate that arable land-use intensity in cereal fields 
dominated by spring-sown cereals can be approximated using Sentinel-2 
data. This was shown in two ways – first, by the significant positive 
linear relationship of the AMPL and MAX of EVI2 with farmer reported 
yields; and second, by the significant difference between the AMPL and Fig. 4. Correlation of the productivity and phenology parameters derived from 

Sentinel-2 with the two first axes of the principal component analysis. The 
amount of variance explained by the two axes are indicated in parenthesis and 
the contribution of each variable to the components is shown by the variance 
in color. 

Table 2 
Pearson correlation coefficients between the Sentinel-2 parameters and the first 
two principal component axes. Productivity parameters are abbreviated as fol-
lows: baseline productivity (BASE), end of season (EOS), start of season (SOS), 
length of season (LOS), growing season maximum (MAX), growing season 
amplitude (AMPL), small integral, measuring total productivity of seasonal 
vegetation (SINT) and large integral, measuring total productivity of all vege-
tation (LINT).   

PC1 PC2 

BASE –0.15 –0.28 
EOS 0.79 *** 0.14 
LINT 0.72 *** –0.53 *** 
MAX –0.53 *** –0.76 *** 
SINT 0.73 *** –0.50 *** 
SOS –0.08 0.62 *** 
AMPL –0.50 *** –0.68 *** 
LOS 0.80 *** –0.13 
*** = P ≤ 0.001  

Fig. 5. Boxplots of the unpaired two-sample t-test showing the difference between conventional (CONV) and organic (ORG) cereal farms for the first (PC1) and 
second (PC2) principal components of the productivity and phenology parameters derived from Sentinel-2. 

Table 3 
Effect of the two principal component axes, summarizing the variation in 
Sentinel-2 parameters, and crop type on the abundance and species richness of 
bumblebees and butterflies, flower cover, and vascular plant species richness.  

Response variable Explanatory variable χ2 d.f. P 

Bumblebee abundance PC1  0.10 1  0.75 
PC2  6.10 1  0.01 
Crop  0.86 2  0.65  

Bumblebee species richness PC1  0.52 1  0.47 
PC2  3.85 1  0.05 
Crop  0.60 2  0.74  

Butterfly abundance PC1  0.00 1  0.97 
PC2  0.00 1  0.98 
Crop  1.15 2  0.56  

Butterfly species richness PC1  1.24 1  0.26 
PC2  0.40 1  0.52 
Crop  1.99 2  0.36  

Flower cover PC1  0.06 1  0.80 
PC2  0.00 1  0.96 
Crop  0.04 2  0.98  

Vascular plant species richness PC1  1.59 1  0.21 
PC2  4.53 1  0.03 
Crop  0.50 2  0.78  
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MAX of organic and conventional fields. We found that conventional 
cereal fields had a 17% higher MAX and 13% higher AMPL than organic 
fields. 

Our first hypothesis, stating that conventional fields reached a higher 
crop biomass than organic ones during the growing season, was there-
fore validated. Organic farming is known to benefit farmland biodiver-
sity, particularly bumblebees and vascular plants (Holzschuh et al., 
2007; Lichtenberg et al., 2017; Tuck et al., 2014), and satellite remote 
sensing parameters were able to separate conventional and organic 
fields (Fig. 2). However, none of the phenology parameters differed 
between farming systems. This result suggests that organic and con-
ventional cereal fields differ mostly in terms of maximum crop biomass 
rather than in the length or earliness of the growing season. Productivity 
and phenology parameters might be correlated to management activities 
other than those specific to conventional and organic farming such as 
sowing date, soil type or local microclimate. The significant positive 
relationship between AMPL and MAX with cereal yields reported by the 
farmers confirms that we can use productivity parameters derived from 
satellite remote sensing as proxies to investigate agricultural intensity. 
This is in line with the findings of Magney et al. (2016), who found that 
peak vegetation index values corresponded with the growth stage that 
immediately precedes cereal maturation. The results thus confirm the 
utility of examining remotely sensed phenology parameters as they can 
help predict differences in crop final yields (Marti et al., 2007) and 
further research is needed to explore the link between reported yields 
and remotely sensed crop phenology. 

We also show that the biomass of cereal crops was higher in con-
ventional fields compared to organic fields, which in turn was negatively 
associated with the biodiversity of agricultural fields. We were able to 
detect which productivity or phenology parameters contributed to dif-
ferences between the two farming systems and how these parameters 
were linked to biodiversity. In general, Sentinel-2 derived parameters 
were more strongly correlated with the abundance and species richness 
of bumblebees and the richness of vascular plants than the abundance 
and species richness of butterflies (Table S1). This is probably because 
most butterflies visiting arable fields are habitat generalists with good 
dispersal abilities (Börschig et al., 2013; Gámez-Virués et al., 2015), and 
therefore they are less affected by changes in the local quality of floral 
resources in cereal fields. This is in line with earlier research suggesting 
weaker benefits of organic farming on butterflies compared to bum-
blebees (Carrié et al., 2018), most likely because butterflies are more 
strongly tied to semi-natural grasslands than bumblebees (Kivinen et al., 
2006). Field productivity, as indicated by PC2, exhibited statistically 
significant separability between conventional and organic fields (Fig. 5 
and Table S2) with conventional fields being more productive, i.e. 
higher yield, than organic ones. Thus, the strong effect of PC2 on 
bumblebee abundance and species richness (Table 3) is likely due to a 
combination of the fact that bumblebees are negatively affected by 
yield-enhancing management (Gabriel et al., 2013) than organic man-
agement practices (Rundlöf et al. 2008), which in our study correlated 

with crop yield. This supports the notion that bumblebees are more 
attracted to organic fields than to conventional ones. 

Our second hypothesis, stating that conventional fields had a quicker 
and earlier crop development than organic ones, was not validated. 
Although conventional cereal fields probably received more nitrogen 
fertilization and control of pests and weeds (Seufert et al., 2012), it did 
not translate into an earlier development of crop vegetation. Variations 
in sowing and harvesting dates, which can differ substantially between 
farmers (Sacks et al., 2010), and probably not linked to farming system, 
might have overridden any other effect on the earliness of crop devel-
opment such as crop nutrition or health status. Notably, although the 
conventional and organic farming systems did not differ in start of 
growing season as such, the combined variation in crop biomass and 
start of growing season best captured the tradeoff between the remotely 
sensed crop productivity estimates and the diversity of vascular plants 
and bumblebees. Thus, our last hypothesis, stating that both crop 
biomass production and start of growing season negatively correlated 
with biodiversity indices, was validated. 

We did not use any remote sensing methods to directly detect field 
biodiversity such as weedy vegetation (Thorp and Tian, 2004), but 
instead focused on the detection of crop phenological and productivity 
parameters that would co-vary with farming intensity and field biodi-
versity (Kleijn et al., 2009). It is difficult to distinguish crops from weeds 
using multispectral satellite imagery, since crop vigor and weed biomass 
tend to be negatively associated (Thorp and Tian, 2004). Some studies 
managed to discriminate crop plants from weeds using unmanned aerial 
vehicles (drones) with a high spatial resolution (a few cm) which is 
currently impossible to reach with satellite imagery (Peña et al., 2013). 
Future studies should combine high-resolution vegetation indices, weed 
pressure estimates and biodiversity surveys in order to explore the 
tradeoffs or synergies between farming intensity and field biodiversity 
over large spatial extents. The reduction of weed control does not always 
lead to a decrease in cereal yields, as the relationship between weed 
pressure and yields is not always linear (Catarino et al., 2019; Gaba 
et al., 2016). Evidence also points to the fact that weeds can provide 
yield-enhancing ecosystem services such as resources for natural en-
emies of crop pests or nitrogen fixation (Barberi et al., 2010; Blaix et al., 
2018). Finally, we note that our study was based on one growth season, 
and therefore future studies spanning over more than one season are 
needed to understand the full potential of utilizing agricultural intensity 
metrics derived from satellite remote sensing to predict biodiversity 
responses under varying conditions. 

In summary, our results suggest that remote sensing parameters 
derived from Sentinel-2 satellites show the potential for scaling up local 
relationships within individual cereal fields and provide a foundation for 
the development of a proxy for land-use intensity in farmland biodi-
versity research. Our results show relationships between biodiversity in 
arable crops and crop production estimates that are consistent with 
predictions that increasing land-use intensity decreases field biodiver-
sity in agriculture (Batáry et al., 2010; Ekroos et al., 2020; Kleijn et al., 

Fig. 6. Results of the GLMM analysis showing the effect of the second principal component axis on bumblebee abundance (a), bumblebee species richness (b) and 
vascular plant species richness (c). Blue dots are conventional cereal fields (CONV) and yellow dots are organic cereal fields (ORG). 
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2009). Coupled with spatially explicit databases on agricultural land- 
use, our approach will enable estimating crop-specific agricultural 
productivity across large geographical regions. 
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