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Uncertainty assessment of Sentinel-2-retrieved vegetation spectral indices 
over Europe
S. De Petris , F Sarvia and E. Borgogno-Mondino

Department of Agriculture, Forestry and Food Sciences (DISAFA), University of Torino, Grugliasco, Italy

ABSTRACT
Vegetation spectral indices (VIs) from multispectral remotely sensed imagery provide useful 
information in several sectors, especially if longing for change detection analyses or land 
monitoring. In this context, estimating uncertainty of VI values is crucial to recognize significant 
differences in both space and time domains. Unexpectedly, most applications reported in 
literature and involving VI do not take care about this issue, thus making unreliable a significant 
part of deductions. In this work, authors present an approach aimed at mapping in time and 
space the theoretical uncertainty of some widely used VIs basing their approach on the so- 
called variance propagation law (VPL). VPL can be consequently used to get an estimate of the 
theoretical VI uncertainty, starting from one of the bands involved in VI computation. VI 
uncertainty all along the year 2020 was then mapped at pixel level by Google Earth Engine 
over the whole Europe to test seasonal trends. Uncertainty of VI differences, as possibly 
resulting from a change detection approach, was tested by comparing monthly composites 
of VI and computing the expected uncertainty of differences along the year. An example was 
reported involving two NDVI maps (June–September) proving that about 30% of ΔVI were not 
significant.
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Introduction

Vegetation spectral indices (VIs) from multispectral 
remotely sensed imagery are known to provide useful 
information in several sectors, especially if longing for 
change detection analyses or land monitoring. VIs 
can, in fact, be proficiently used to derive precious 
information for many applications, including environ-
mental monitoring, biodiversity conservation, pheno-
logical development, urban greening, natural disaster 
management and vigour/biomass vegetation dynamics 
assessment (Xue & Su, 2017). Specifically, in the agri-
cultural and forestry sectors, they are compliant with 
large area monitoring requirements (Xiao & Moody,  
2005; De Petris et al., 2021).

VI are obtained by mathematical combination of 
multispectral bands (at-the-ground reflectance cali-
brated) whose selection depends on the type of infor-
mation one has to synthesize. Involved bands, 
generally, take into account reflectance differences 
that photosynthetically active plants show in the visi-
ble and near-infrared (NIR) spectral regions. These 
bands are known to be strongly correlated to plant 
biomass and prove to minimize soil/background and 
shadow-related effects; moreover, they can absorb 
most residual approximations related to the image 

calibration and atmospheric correction (AC) process. 
This makes VIs able to provide a sort of standardized 
representation of vegetation that greatly improve 
monitoring and change detection deductions 
(Curran, 1981; Goward, 1989; Malingreau, 1989).

In 2014, the European Union (EU) launched the 
Copernicus program (Drusch et al., 2012) that greatly 
relies on Earth Observation satellite data that are 
expected to provide information useful for land 
cover/land use, climate change and disaster monitor-
ing purposes (Malenovskỳ et al., 2012; Sentinel, 2014). 
In this framework, the multispectral instrument (MSI) 
on board of the Sentinel-2 A/B platforms (S2) can be 
retained, one of the best multispectral sensors provid-
ing free data with a worldwide coverage (Phiri et al.,  
2020). The main strengths of S2 data are: (i) red-edge 
band availability; (ii) medium-high geometric resolu-
tion (from 10 m to 60 m depending on the band); (iii) 
high temporal resolution, from 5 to 10 days (Drusch 
et al., 2012; Immitzer et al., 2016). These technical 
features appear to be particularly proper for vegetation 
monitoring and assessment over time. S2 data can be 
used to compute several VIs that can refer to different 
application fields like (a) biomass mapping in forestry 
(Anaya et al., 2009; Sinha et al., 2015) and in agricul-
ture (Weiss et al., 2020); (b) plant disease assessment 
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(Martinelli et al., 2015; Nilsson, 1995); (c) natural 
hazards like floods (De Petris et al., 2021; Sanyal & 
Lu, 2004), hail (Peters et al., 2000; Sarvia et al., 2020), 
drought (Wardlow et al., 2012; West et al., 2019), tree 
decline assessment (De Petris et al., 2020; Navarro 
et al., 2019) and storms (De Petris et al., 2021; 
McKean et al., 1991); (d) phenological assessment to 
classify and monitor crops (Xie et al., 2008); (e) land 
cover/land use mapping (Grabska et al., 2019; 
Guliyeva, 2020); (f) monitoring of climate change 
effects (Misra et al., 2020; Sarvia et al., 2021b); (g) 
supporting insurance-related issues (Sarvia et al.,  
2019, 2020); (h) vegetation water content assessment 
(Govender et al., 2007); (i) precision agriculture and 
precision forestry (Liaghat & Balasundram, 2010; 
Segarra et al., 2020); (l) supporting European 
Common Agricultural Policy controls (Kanjir et al.,  
2018; Sarvia et al., 2021).

According to literature (Karnieli et al., 2010; Xue & 
Su, 2017), the most widely used VIs from S2 data in 
the agricultural-forestry sector are the Normalized 
Difference Vegetation Index (NDVI), the 
Normalized Burn Ratio (NBR) and the Normalized 
Difference Red Edge index (NDRE). It is well known 
that most applications relying on these indices base 
their deduction on a multi-temporal approach (i.e. 
change detection or monitoring). NDVI was proposed 
by Rouse et al., (1974) and involved the NIR and red 
bands. It shows a high correlation with the Leaf Area 
Index (Wang et al., 2005; Zhang et al., 2012) proving 
its suitability in canopy and vegetation vigour charac-
terization (Sripada et al., 2005) in space and time 
domains.

NBR (Chen et al., 2011; Escuin et al., 2008) was 
proposed for the identification and monitoring of 
vegetated water-stressed areas (burned areas). It is 
computed by combining bands from the NIR and 
mid-infrared regions (Filipponi, 2018; Quintano 
et al., 2018). Ordinarily, burned area analysis involving 
NBR could be performed by exploring cloudless 
images before and after the fire event (García & 
Caselles, 1991). NDRE (Fitzgerald et al., 2006) is prov-
ing to be highly effective in the precision farming 
context, being a good proxy of chlorophyll and nitro-
gen content of plants (Li et al., 2014). Its computation 
involves NIR and a red-edge band (Maes & Steppe,  
2019).

Since most VIs are obtained as mathematical 
combination of bands (at-the-ground reflectance 
calibrated), they suffer from uncertainty whose 
strength depends on native band features. 
A proper estimate (and mapping) of VI uncertainty 
is crucial for a proper interpretation of VI and VI 
differences. In fact, if not considered, VI uncer-
tainty can compromise reliability and meaning of 
deductions (Huemmrich & Goward, 1992; Price,  
1992). While approaching VI uncertainty estimate, 

one has to remember that reflectance of bands it 
relies on is itself a derived measure that is obtained 
through the application of a proper radiative trans-
fer model – RTM (Vermote et al., 1997). RTM is in 
charge of recovering an adequate estimate of the 
local at-the-ground reflectance from the raw data 
through an image calibration step that includes 
AC. RTM is a mathematical model that necessarily 
propagates all uncertainties affecting involved mea-
sures. These can be related to: a) accuracy of the 
sensor calibration functions; b) radiometric sensi-
tivity of sensor; c) atmospheric parameters, viewing 
geometry, Earth–Sun distance coefficient; d) Sun 
irradiance. All these factors make reasonable to 
doubt about the accuracy of reflectance involved 
in VI computation and suggest to carefully con-
sider the possibility of giving a local estimate of VI 
uncertainty taking care about one of the involved 
bands. Nevertheless, most applications using spec-
tral indices do not consider, neither quantify, VI 
uncertainty. This unfavourable practice is partially 
due to the nature of the index itself; in fact, in 
most cases, there are not reference data for a-pos-
teriori validation, which can only be achieved by 
comparing some image-derived sample estimates 
with the corresponding ground surveyed ones 
(Beck et al., 2007; Borgogno-Mondino et al.,  
2016). This would require costly and time- 
consuming ground campaigns by spectroradi-
ometers that would have to be performed simulta-
neously to image acquisition. These operations 
cannot be achieved for most applications and cer-
tainly are no longer possible for past images. 
Consequently, the only possibility is moving to 
the computation of a theoretical (expected) uncer-
tainty (possibly underestimating the actual one) of 
the final product.

With these premises, this work is specifically 
aimed at suggesting an operational approach to esti-
mate and map VI uncertainty (in space and time) at 
European level. The above-mentioned VIs (NDVI, 
NBR and NDRE) were considered as representative 
of a wider group of S2-derived indices. 
Consequently, the proposed methodology can be 
applied to all similar computation concerning other 
spectral indices. Estimates were achieved by consid-
ering the nominal uncertainty of bottom of the 
atmosphere (BOA) reflectance from Level 2A S2 
images.

Materials and methods

Study area

This work is intended to provide a tool for easily 
mapping VI uncertainty in space and time. 
Nevertheless, it was also intended for providing 
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a preliminary evaluation of the European continental 
context, looking for eventual dependencies of VI accu-
racy from position and season. Consequently, the 
application of the proposed model for VI uncertainty 
estimate was applied with reference to a study area 
[area of interest (AOI)] corresponding to the whole 
European continent (Figure 1). According to the 
European Environment Agency, Europe is covered 
for more than 48% by forest and semi-natural areas 
and for about 41% by agricultural areas (www.eea. 
europa.eu). Consequently, it is reasonable to assume 
that AOI correspond to a high vegetated landscape 
(about 90%), which makes it suitable for large-scale 
VI analysis.

Four EU countries (Greece, Czech Republic, 
Lithuania and Finland) were additionally selected as 
focus areas (FAs) as representative of different, but para-
digmatic, vegetation landscapes developing at different 
latitudes. Land cover classes at 2018 derived by CORINE 
land cover (Büttner, 2014) project and correspondent 
areas are reported in Table 1 for FAs. FAs were selected 
to have very similar longitude but different latitude (they 

are located along the north–south direction). Two differ-
ent analyses were performed over EU and FAs. One 
aimed at assessing spatial and temporal variability of 
VIs and their uncertainty over the whole Europe. 
The second one is aiming at testing the presence of 
a latitudinal gradient of NDVI uncertainty and how the 
average VI uncertainty temporal behaviour was signifi-
cantly different along this gradient.

Available data

Presently, a large amount of remotely sensed data 
from public and open archives can be accessed and 
managed by advanced cloud computing services like 
Google Earth Engine – GEE (Gorelick et al., 2017; 
Mutanga & Kumar, 2019). This largely facilitates the 
analysis of long time series making easier the proces-
sing of multispectral imagery at continental or global 
scale. Within this framework, after modelling VI 
uncertainty, the same model was applied to the 
whole Europe implementing a specific routine in 
GEE relying on GEE available datasets.

Figure 1. Study area and focus area overview. Reference frame: WGS84.

Table 1. Land cover classes and size according to CORINE land cover (2018) for FA (%).
Countries (code) Artificial surfaces Agricultural areas Forest and semi natural areas Wetlands Water bodies

Greece (GR) 3.29 38.82 56.31 0.47 1.11
Czech Republic (EZ) 6.71 56.77 35.65 0.14 0.73
Lithuania (LH) 3.43 58.42 34.72 0.87 2.56
Finland (FI) 1.41 8.3 74.53 6.32 9.44
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Sentinel-2 Level 2A dataset
For this work, averagely 75 Sentinel-2 (S2) Level-2A 
images per tile were collected covering the period 
1 January−31 December 2020. S2 Level 2A products 
from GEE were provided BOA calibrated, making 
them suitable for land applications (Louis et al.,  
2019; Main-Knorn et al., 2017; Phiri et al., 2020). 
The “scene classification layer” (SCL) supplied with 
the images was also obtained for recognizing and 
masking out “unreliable” pixels (i.e. cloudy, shadowy 
and failed pixels) during VI computation. In Table 2, 
the main technical features of the S2 MSI are reported.

S2 Level 2A data refer about BOA reflectance. 
Reference values for the uncertainty of reported reflec-
tance measures can be found from reports of the 
Atmospheric Correction Inter-comparison eXercise 
(ACIX) (Doxani et al., 2018; Vermote et al., 2019). 
ACIX is an international initiative of the Committee 
on Earth Observation Satellites, the National 
Aeronautics and Space Administration and the 
European Space Agency aimed at analyzing surface 
reflectance (SR) products as obtained through various 
state-of-the-art AC processors, with special concerns 
about Landsat-8 and Sentinel-2 image datasets. 
Analyses are based on calibration sites located all 
around the world. In particular, 19 ACIX sites were 
selected based on the locations of the international 
Aerosol Robotic Network (AERONET) taking care of 
the different climatic zones and land cover types. The 
network provides a reliable, globally representative and 
consistent dataset of atmospheric variables that can be 
used for validating performances of AC processors 
(Holben et al., 1998; Smirnov et al., 2000). Within the 
ACIX project, the AERONET in-situ measurements 
were assumed as ground truth for reflectance valida-
tion. BOA reflectance values of S2 Level-2A dataset 
obtained by the Sen2Cor processor (Louis et al., 2016) 
were compared by difference with the reference dataset. 
This was obtained applying the 6S radiative transfer 
code (Vermote et al., 1997) fed with atmospheric mea-
sures from AERONET. The comparison was achieved 
at band level making possible to retrieve different refer-
ence values of uncertainty for the S2 Level-2A 

reflectances, depending on the band. Reference values 
of reflectance uncertainty were obtained from about 
3 million of pixels around the world. Figure 2 show 
spectral uncertainties (σρλ) of the S2 Level-2A bands as 
reported by ACIX (Doxani et al., 2018).

Land cover
The Copernicus Global Land Service Land Cover Map 
v3.0.1 (CGLC) is the global land cover product having 
the highest geometric resolution (100 m) available in 
GEE. CGLC is a raster layer derived by PROBA-V 
imagery that is provided for the period 2015–2019. 
CGLC maps 22 land cover classes. The declared average 
class accuracy (producer’s accuracy) is about 80% 
(Buchhorn et al., 2020). In this work, only vegetated 
classes were considered. Native classes were therefore 
preventively merged into macro-classes according to 
the scheme of Table 3.

Table 2. Sentinel-2 multispectral instrument technical features.
Sentinel-2 bands Central wavelength (nm) Bandwidth (nm) Spatial resolution (m)

B1 442 21 60
B2 492 66 10
B3 560 35 10
B4 665 31 10
B5 705 15 20
B6 740 15 20
B7 780 20 20
B8 833 106 10
B8A 864 21 20
B9 945 20 60
B10 1375 31 60
B11 1612 92 20
B12 2195 180 20

Temporal resolution: 5–10 days; radiometric resolution: 12 bit.

Figure 2. Uncertainties of BOA reflectance for S2 level-2A 
bands as reported by ACIX (Doxani et al., 2018).
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Data processing

The workflow adopted in this work is summarized 
in Figure 3. A first part concerns the definition of 
a model to estimate VI uncertainty. This model is 
then applied to S2 data and uncertainty maps gen-
erated in GEE. The second part concerns the 
assessment over the Europe of temporal patterns 
of the uncertainty maps. The last step shows 
a practical example of proposed method to detect 
significant from not significant VI variations while 
working within change detection or time series- 
based approaches.

Modelling the theoretical uncertainty of VIs and its 
effects in change detection
Low-cost validations aimed at testing actual accuracy 
of mapped VI values from satellite data are not possi-
ble. In fact, validation relies on the comparison 
between a reference dataset (ground truth) and 

model estimates. The crucial point of this desirable 
approach is that ground surveys based on the adoption 
of a spectroradiometer are required to generate the 
reference dataset. Even though this was achievable 
(albeit expensive) for ongoing acquisitions, it would 
not be longer practicable for the past ones. The alter-
native is to refer to the theoretical uncertainty that 
could affect the final (“indirect”) measure (VI) taking 
care of the contribution of those “direct” measures 
(SR) that participate to the model. With special con-
cerns about VI, their theoretical uncertainty can be 
estimated if the one affecting the involved bands is 
somehow known. The reference statistical tool suitable 
for this task is the variance propagation law (VPL – 
Equation 1). VPL permits to estimate the theoretical 
variance of the dependent variable y, from one of the 
independent ones (xi) that participate to its 
computation. 

σ2
y ¼

@y
@x1

� �2

� σ2
x1
þ

@y
@x2

� �2

� σ2
x2
þ . . .þ

@y
@xn

� �2

� σ2
xn

(1) 

where y = f (x1, x2, . . . , xn) is the dependent variable, xi 
the independent ones and σ2

xi 
their variance (supposed 

known). While applying VPL to VIs, the local value 
(pixel by pixel) of the partial derivatives of VI with 
respect to the involved bands (independent variables) 
has to be computed.

To properly use VPL, one must first precisely spe-
cify the model formula to which it must be applied. In 
this work, three common adopted VIs, namely, NDVI, 
NBR and NDRE were used, and their formulas are 
reported in Equations 2-4.

Table 3. Copernicus Global Land Service Land Cover Map.
CGLC Class code in GEE Merged classes

Forest 111-112-113-114-115-116- 
121-122-123-124-125-126

Vegetated areas

Shrubs 20–30
Croplands 40
Herbaceous wetland 90
Bare/sparse vegetation 60
Lichen/moss 100 Other areas
Snow/ice 70
Built-up 50
Permanent water 80–200

Figure 3. Workflow adopted in this work. A model to estimate VI uncertainty was proposed based on the variance propagation law 
(VPL) and implemented in GEE involving S2 images. Sensitivity analysis was also performed in R environment to assess how 
different bands combination can affect the uncertainty. Then, temporal patterns of VI uncertainty for selected indices were 
explored over both whole EU and FAs. Finally, to highlight operative implications of proposed approach, two NDVI images were 
compared by difference and using VPL a detection of significant differences was performed.
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NDVI ¼
ρNIR x; yð Þ � ρRED x; yð Þ

ρNIR x; yð Þ þ ρRED x; yð Þ
(2) 

NBR ¼
ρNIR x; yð Þ � ρMIR2 x; yð Þ

ρNIR x; yð Þ þ ρMIR2 x; yð Þ
(3) 

NDRE ¼
ρNIR x; yð Þ � ρRE1 x; yð Þ

ρNIR x; yð Þ þ ρRE1 x; yð Þ
(4) 

where ρi x; yð Þ is the SR value of i-th spectral band at 
a generic position (x,y).

Successively, SR uncertainty has to be propagated 
along index calculation. Finally, VI uncertainty at 
a given position, σVIðx; y), can be estimated applying 
Equation 1 to Equations 2–4 (Equations 5–7): 

where ρi x; yð Þ is the BOA reflectance map of i-th 
spectral band; σVI x; yð Þ is the uncertainty map of spe-
cific VI; σρλ 

is the SR uncertainty at λ-th wavelength. It 
is worth to notice that the latter values are specific for 
the adopted multispectral sensor and depend also on 
AC and RTMs adopted. In this work, S2 σρλ 

were the 
ones reported in Figure 2.

What is interesting in Equations 2–7 is that all 
computations are dependent from local values. 
Therefore, to give evidence of VI uncertainty sensitiv-
ity from the involved band values, some simulations 
were performed through a self-developed routine 
developed in R vs. 4.1. by progressively varying band 
values within their existence range (0.00–1.00, with 

a 0.01 step). This sensitivity analysis was performed 
in order to explore how the combination of different 
reflectance values affect VI uncertainty. In particular, 
NDVI, NBR and NDRE simulations were run assum-
ing as reflectance uncertainty values the ones reported 
in Figure 2. These scenarios allow to explore the the-
oretical behaviour of VPL application to VIs, looking 
for all possible SR value combinations.

Despite theoretical analysis, in this work, practical 
implication of uncertainty was also explored. In fact, it 
is worth to remind that, while facing a change detec-
tion or time series-based problem where two VI maps 
of different dates are compared by difference 
(Equation 8), VPL has to be further applied to the 
difference itself to locally get an estimate of its theore-

tical uncertainty, σΔVI x; yð Þ. 

ΔVI x; yð Þ ¼ VItþΔt x; yð Þ � VIt x; yð Þ (8) 

where VIt is the VI value at the date t (ante), and 
VItþΔt is the VI value at a later date (post).

To make evident operational consequences of this 
approach, change detection comparing VI maps at 
different times was considered. VPL was therefore 
applied to the VI difference (ΔVI), and the correspon-
dent formula obtained (Equation 9). 

σΔVI x; yð Þ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

σVI t þ Δt; x; yð Þ½ �
2
þ σVI t; x; yð Þ½ �

2
q

(9) 

σNDRE x; yð Þ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

2 � ρRE1 x; yð Þ

ρRE1 x; yð Þ þ ρNIR x; yð Þ
� �2

 !2

� σρNIR
2 x; yð Þ þ �

2 � ρNIR x; yð Þ

ρNIR x; yð Þ þ ρRE1 x; yð Þ
� �2

 !2

� σρRE1
2 x; yð Þ

v
u
u
t (7) 

σNDVI x; yð Þ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

2 � ρRED x; yð Þ

ρRED x; yð Þ þ ρNIR x; yð Þ
� �2

 !2

� σρNIR
2 x; yð Þ þ �

2 � ρNIR x; yð Þ

ρNIR x; yð Þ þ ρRED x; yð Þ
� �2

 !2

� σρRED
2 x; yð Þ

v
u
u
t

(5) 

σNBR x; yð Þ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

2 � ρMIR2 x; yð Þ

ρMIR2 x; yð Þ þ ρNIR x; yð Þ
� �2

 !2

� σρNIR
2 x; yð Þ þ �

2 � ρNIR x; yð Þ
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(6) 
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where σVI t; x; yð Þ and σVI t þ Δt; x; yð Þ are the pre-
viously mapped VI uncertainty at the date t (ante) 
and t þ Δt (post), respectively. It is clear that 
σΔVI x; yð Þ depends on uncertainties of the two com-
pared VI maps. From a practical point of view, it is 
possible to define which index differences can be con-
sidered meaningful and which are not within change 
detection or time series analysis. To detect significant 
changes (differences), SD x; yð Þ; condition 
jΔVIðx; yÞj > σΔVIðx; yÞ can be locally tested. In order 
to stress the practical implications of the proposed 
approach, we, finally, used the previously generated 
information to map significant and non-significant VI 
changes. In this framework, σΔVI x; yð Þ represents the 
sensibility for appreciating local index changes. Index 
differences lower than σΔVI x; yð Þ can be labelled as not 
significant, stating that, at that position, nothing really 
changed.

Mapping VI and its uncertainty in Europe through 
GEE
NDVI, NBR and NDRE maps from S2-L2A images 
were computed over Europe within GEE. During 
computation, three masking steps were achieved: (i) 
one aimed at masking out unreliable pixels as mapped 
in the SCL layer (i.e. clouds, cloud shadows, cirrus and 
snow cover); (ii) one aimed at masking out pixels 
belonging to non-vegetated classes (as mapped in 
CGLC); (iii) one aimed at masking out pixels having 
an NDVI value <0.3 (Burgan, 1993; Gao, 1996; 
Ormsby et al., 1987; Zhang et al., 2003). This condition 
was tested separately for all processed dates, thus per-
mitting to selectively consider, or not consider, the 
pixel depending on its vegetative state along the year. 
The basic idea is to exclude a vegetated pixel when it 
doesn’t show an active phenological state (i.e. during 
its leaf-off period). Focusing on remaining pixels, VPL 
was locally applied for all VI maps according to 
Equations 5–7, thus permitting to map VI uncertainty 
(σVI) over Europe at the different dates. To synthesize 
results, both VI and σVI image time series were 
monthly averaged and mosaicked. This composite 
strategy was applied in order to guarantee that the 
whole Europe have at least one image within the 
same month. At the end, a total of 12 VI and σVI 
maps were generated and stacked for the 3 considered 
VIs.

In order to make evident the effectiveness of map-
ping σΔVI by VPL, the corresponding maps were gen-
erated with reference to the monthly averaged VI 
images. All possible combinations among months 
were considered to explore σΔVI dependence from 
compared dates. Europe averaged values were com-
puted to synthesize this type of information and 
tabled. This analysis can be used to find the change 
detection combination along the year able to minimize 

σΔVI , and, consequently, to maximize reliability of 
detected changes.

To exemplify the process, with reference to two 
monthly averaged NDVI images (namely, June 2020 
and September 2020), the correspondent 
ΔNDVI x; yð Þ, σΔNDVI x; yð Þ and SD x; yð Þ maps were 
generated. Some statistics concerning the number of 
significantly and non-significantly changed vegetated 
pixels were computed for the whole Europe.

Exploring temporal pattern of VI uncertainty in 
Europe
With reference to the above-mentioned σVI and VI 
image time series (monthly averaged), the correspond-
ing global (for the entire Europe) mean and standard 
deviation values were computed for all months and 
graphed to show their temporal trends.

To partially investigate if the average values were 
representative of the whole Europe, solely considering 
NDVI, in spite of any local peculiarity, the global 
mean and standard deviation values were compared 
with the ones coming from FAs.

Results

Modelling the theoretical uncertainty of VIs and its 
effects in change detection

According to the general formulation of VPL 
(Equation 1) and with reference to the selected VIs 
(NDVI, NBR, NDRE), the correspondent formulas 
were computed and applied at pixel level to map VI 
uncertainty, σVI x; yð Þ. To properly show the effects of 
the above-mentioned relationships relating BOA 
reflectances to VI uncertainty, some simulations 
were run. Reflectance values of involved bands were 
progressively changed from 0.01 to 1 with a step of 
0.01, and the correspondent VI value and VI uncer-
tainty values were computed. During simulations, 
uncertainty of involved bands (σρλ) was assumed 
equal to the one proposed by ACIX (see Figure 2). 
Specifically, the following values were adopted: σρRED  

= 0.012, σρNIR = 0.014, σρMIR2 = 0.014, σρRE1 = 0.018. 
Simulations showed that σVI tends to decrease when 
the reflectance of involved bands increases (Figure 4). 
This suggests that VI appears to be more accurate for 
highly reflecting surfaces. Moreover, it can be noted 
that the same VI value can correspond to different 
reflectance values of the involved bands. 
Consequently, one can obtain different uncertainty 
values for the same VI value. Specifically, according 
to Figure 4a, it can be highlighted that a σNDVI value of 
0.03 can be obtained in different ways: i) by very high 
reflectance values in the σRED (e.g. equal to 0.9) and 
very low in the σNIR (e.g. between 0 and 0.1); ii) by very 
low reflectance values in the RED band (0<σRED <0.1) 
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and very high in the NIR (σNIR greater than 0.7); iii) by 
average reflectance values of NIR and RED (both 
reflectance values around 0.3). Similar behaviour can 
also be observed in Figure 3(b),(c)corresponding to 
σNBR and σNDRE, respectively.

This makes evident that the main driver of VI 
accuracy is not the VI itself but the reflectance values 
of the participating bands. Operationally speaking, 
when mapping VI uncertainty, it will be necessary to 
go back to the reflectance values of involved bands, 
that, consequently, have to be obtained together with 
the VI. This have to be carefully considered when 
programming services for providing ready-to-use pro-
ducts (e.g. NDVI maps).

Mapping VI and its uncertainty in Europe by GEE

To give a practical example, aimed at proposing an 
operational scenario, the above-mentioned concerns 
were applied over Europe for the year 2020 using GEE 
and developing an appropriate routine. This operates 
different tasks. The first one is aimed at masking out 
unreliable and not vegetated pixels. This was obtained 

intersecting information from CGLC and SLC coupled 
with a thresholding step based on the instantaneous 
NDVI value (0.3). The latter allows to not consider 
areas temporarily not covered by vegetation trying to 
mitigate effect of not vegetated pixels (bare soils). It is 
worth to stress that these masking steps are strongly 
dependent on the accuracy of adopted layers. 
However, masks do not directly affect VI uncertainty 
since they are not involved in its computation, but 
they may only affect summary statistics at the conti-
nental level.

A second task concerns the computation, at pixel 
level, of the monthly mean value of NDVI, NBR and 
NDRE. A third task concerns the computation of the 
associated theoretical uncertainty. An example, 
showing VI and VI uncertainty maps for a winter 
and summer situations, is presented in Figure 5. 
According to expectations and literature (Potter & 
Brooks, 1998), NDVI values appear to be lower in 
winter than in summer (Figure 5a,b). Conversely, 
uncertainty of NDVI (Figure 5c,d) appears to be 
lower in summer and higher in winter. Similar results 
can be observed for NBR and NDRE, as well. VI 

Figure 4. Graphs relating theoretical σVIs with reflectance of the bands used for VI computation. (a) σNDVI; (b) σNBR; (c) σNDRE .
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values, in fact, result to be higher in July (Figure 5f–l) 
and lower in January (Figure 5e–5i); uncertainty was 
found to be higher in the winter period (Figure 5g– 
m) and lower in the summer period (Figure 5h–n).

As far as effects of VI uncertainty can generate 
in change detection applications, one has to con-
sider that both VI uncertainty of the two compared 

dates, σVI t; x; yð Þ and σVI t þ Δt; x; yð Þ, play to deter-
mine the final uncertainty of VI difference, 
σΔVI x; yð Þ, according to VPL (Equations 3–5). It is 
worth to remind that σΔVI x; yð Þ locally varies 
depending on local VI uncertainty and, therefore, 
on reflectance values of the bands defining the 
index.

Figure 5. Winter VI mosaic over EU (a, e, i) and relate uncertainty (c, g, m). Summer VI mosaic over EU (b, f, l) and relate uncertainty 
(d, h, n). All images were computed directly on GEE.

Figure 6. European average values of σΔVI computed for all possible month combinations. a) σΔNDVI; (b) σΔNBR; (c) σΔNDRE:
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A result able to give a general overview of this 
phenomenon is difficult to be given. The authors 
tried to synthesize potentialities of σΔVI x; yð Þ, refer-
ring to the European average values of σΔVI x; yð Þ

computed for all possible differences between 
monthly averaged values of VIs for the year 2020. 
The results are reported in Figure 6. It can be noted 
that, if winter acquisitions participate to the differ-
ence, higher σΔVI values can be found. It is authors’ 
opinion that tables of Figure 6 could be eventually 
used as a rough tool able to preliminarily give an 
estimate of the average expected σΔVI value in 
Europe, depending on the compared months. It is 
worth to stress that the values reported in Figure 6 
are averaged over the entire Europe; consequently, 
local σΔVI values could be surprisingly different from 
the estimated average ones.

To make explicit the operational added value of 
this approach, two monthly averaged NDVI maps 
over Europe (namely, June 2020 and 
September 2020) were compared by differencing 
and the correspondent σΔNDVI mapped. This was 
used to separate significant from non-significant 
differences. Figure 7a shows the NDVI difference, 
ΔNDVI x; yð Þ ¼ NDVIJun x; yð Þ � NDVISep x; yð Þ; 
Figure 7b shows the uncertainty of difference, i.e. 

σΔNDVI x; yð Þ. It can be noted that Northern Europe 
suffers from a higher uncertainty that could be 
probably caused by a general lower NDVI signal 
in September associated with the local boreal vege-
tation (J. M. Chen, 1996).

While testing significance of changes, the two gen-
erated maps, i.e. ΔNDVI x; yð Þ and σΔNDVI x; yð Þ, were 
locally compared testing the condition ΔNDVI x; yð Þ> 
σΔNDVI x; yð Þ. Only pixels satisfying this condition 
SD x; yð Þ can be retained that significantly changed in 
the reference period. According to the above- 
mentioned example, the authors found that for vege-
tated pixels (about 60% of the whole image), only 
35.7% showed significant changes.

Exploring temporal pattern of VI uncertainty in 
Europe

Concerning temporal pattern of VI uncertainty, its 
European average and standard deviation (in the 
space domain) temporal trends were computed for 
all considered spectral indices (Figure 8). The results 
confirm that VI uncertainty is higher in winter and 
lower in summer for all VIs. Spatial variability (i.e. 
standard deviation value at European level) of VI 
uncertainty appears to be higher in winter (greater 

Figure 7. (a) ΔNDVI x; yð Þ involving 2020 September and July difference; (b) σΔNDVI x; yð Þ derived by applying Equation 3 to 
ΔNDVI x; yð Þ.

Figure 8. Temporal variability of σVIs and the spatial standard deviation over EU. (a) σNDVI; (b) σNBR; (c) σNDRE .
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spatial heterogeneity) than in summer (higher homo-
geneity). This phenomenon could be related to the 
vegetative behaviour of vegetation in different areas 
of Europe. In fact, during winter, local climatic condi-
tions enhance differences that in summer, conversely, 
appear to be more homogeneous since vegetation 
reaches its maximum phenological development 
everywhere (Chmielewski & Rötzer, 2000; Sarvia 
et al., 2021a). Concerning Figure 8c, it can be high-
lighted that NDRE uncertainty shows the highest 
variability; differently, NBR uncertainty shows the 
lowest one (Figure 8b).

Since at European level averaged values of both VI 
and σVI could not be representative of all European 
local conditions, with reference to FAs, authors com-
puted the correspondent trends and compared them 
with the European average one (Figure 9).

In particular in Figure 9a, it can be noted that the 
Europe average NDVI profile well fits the one of 
Czech Republic, Lithuania and Finland. Conversely, 
it appears to be not compliant with the one from 
Greece that shows a slightly stable NDVI profile oscil-
lating around 0.6. This could be probably related to the 
Mediterranean scrubland vegetation type that charac-
terizes Greece (Rodwell et al., 2002; Zinke, 1973). 
Other minor differences can additionally be observed: 
(i) Finland NDVI profile suggests a shorter growing 
season length mainly due to the start of season delay 
respect to EU one. In fact, the growing season seems to 
start around May–June while EU on April–May; (ii) 
Czech Republic NDVI profile suggests a longer grow-
ing season length probably due to earlier start of 
season and delay of the end of season if compared to 
EU NDVI profile; (iii) Lithuania’s NDVI profile 
appears very similar to the European one. These find-
ings are consistent with existing literature. In fact, 
climate and latitude are known to significantly affect 
vegetation phenology (Didan & Huete, 2004; Wu et al.,  
2015; Yu et al., 2003). As highlighted in Figure 9b, 
NDVI uncertainty appears to be higher during the 
winter period (σNDVI ≈0.10) while decrease in summer 
(σNDVI ≈0.06) confirming once again the phenom-
enon reported in Figures 5 and 6. Moreover, it can 

be noted that NDVI uncertainty at European level is 
similar to other FAs in most cases, although Finland’s 
uncertainty appears to be higher. This result suggests 
that the computed EU average σNDVI is representative 
of FA and poorly affected by latitudinal gradient. It is 
worth to stress that NDVI profiles were not used to 
compare phenology of different countries. In fact, it is 
well known that latitude strongly influences climate 
and therefore vegetation characteristics (as proved in 
Figure 9a). Surprisingly, no significant differences 
were found in the σNDVI profiles. Finally, our results 
show that latitudinal gradient affects NDVI profile but 
not significantly its uncertainty profile.

In this work, different vegetation types (herbac-
eous/crops/forests) were merged to better explore VI 
uncertainty spatiotemporal variability. In fact, mer-
ging all vegetated classes allows to mitigate vegetation 
type-related effects and highlight a general trend over 
vegetated areas. Nevertheless, further developments 
will be expected to test the dependence of VI uncer-
tainty to vegetation types.

Conclusions

In this work, the theoretical uncertainty of most com-
mon used VIs was explored by some simulation 
adopting VPL. In particular, NDVI, NBR and NDRE 
were chosen as the representative of a wider group of 
S2-derived indices for change detection and phenol-
ogy monitoring purposes over vegetation (including 
forests and crops). Subsequently, the VI uncertainty 
was mapped and assessed pixel-by-pixels using GEE 
over the EU. The uncertainty variability along time 
was then assessed, with special concern on the entire 
2020. Results proved that a latitudinal gradient was 
not so evident over FA, suggesting that the estimated 
EU average uncertainties well represent a general con-
tinental behaviour. To give a practical application of 
derived deductions, VPL was adopt in a change detec-
tion framework involving S2-derived VIs. In the latter, 
one can wonder about the sensibility to appreciate 
significant difference when comparing two acquisi-
tions. An example was given considering two NDVI 

Figure 9. (a) Average NDVI temporal profile in FAs; (b) average σNDVI temporal profile over FAs.
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maps (June 2020–September 2020). The σNDVI for 
each acquisition was further propagated along differ-
ence computation providing a map of final ΔNDVI 
uncertainty. The results proved that considering only 
the SD, about 64% of ΔNDVI vegetated pixels were 
masked out. This approach is expected to alert the 
final user about the reliability of the deductions 
while working with VI differences in change detection 
context.
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