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Abstract In this paper, the use of synthetic aperture
radar (SAR) for the monitoring of land consumption is
analyzed. The paper presents an automatic procedure
that integrates SAR and optical data, which can be
effectively used to generate land consumption maps or
update existingmaps. Themain input of the procedure is
a series of SAR amplitude images acquired over a given
geographical area and observation period. The main
assumption of the procedure is that land consumption
is associated with an increase of the SAR amplitude
values. Such an increase is detected in the SAR ampli-
tude time series using an automatic Bayesian algorithm.
The results based on the SAR amplitude are then filtered
using an NDVI map derived from optical imagery. The
effectiveness of the proposed procedure is illustrated
using SAR data from the Sentinel-1 and TerraSAR-X
sensors, and optical data from the Sentinel-2 sensor.

Keywords Multi-temporal series . SAR images . Step
detection . Time series . Land use/land cover

Introduction

Land consumption is a phenomenon associated with the
loss of an important environmental resource: agricultur-
al, natural, or semi-natural land. The phenomenon refers
to an increase of the artificial covering of the ground,
due to settlement dynamics. It is defined as a change
from a non-artificial covering (unconsumed land) to an
artificial covering of the soil (consumed land) (EEA
2011; ISPRA 2017). It is a process that is mostly attrib-
utable to settlements, expansion of cities, construction
of new buildings and infrastructures, densification of
urban areas, etc. (Scalenghe and AjmoneMarsan 2009).

At the European level, land consumption is a major
issue that urged the European Commission to publish
the guidelines on best practice to limit, mitigate, or
compensate soil sealing (European Commission 2012)
in order to reduce land consumption and land cover
change.

It is worth highlighting that soil sealing, soil con-
sumption, and land consumption are highly interrelated
(Huber et al. 2008).

Excessive land consumption has several conse-
quences, namely, contamination, erosion, hydrologic
cycle alteration, impact on historical, cultural and land-
scape heritage, loss of the ability to produce raw mate-
rials, scenic pollution, degradation of the landscape, etc.
(Scalenghe and Ajmone Marsan 2009; Munafò and
Riitano 2016). For this reason, it is important to monitor
the evolution of land use and cover, and in particular
land consumption, to preserve natural and non-
renewable sources.
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Land cover monitoring is useful for assessing eco-
system services and supporting decision making (Maes
et al. 2012).

The monitoring of impervious surfaces using remote
sensing can be reliable and affordable (Fan, Wen, and
Wang Fan et al. 2007; Brook and Davila Brook and D
ávila 2000). The characteristics of remote sensing data
such as the reference system, classification system, and
legend are fundamental for monitoring land consump-
tion (CRCS 2012).

Different are the conventional methods for land con-
sumption monitoring. Some of the existing methods are
based on a mix of semi-automatic classification
(Estoque et al. Estoquea et al. 2015) and photointerpre-
tation of satellite and airborne optical images (Munafò
et al. 2016; Gómez et al. 2016), whereas others on
spectral indices (Sun et al. 2017; As-syakur et al. 2012).

Although optical remote sensing is a powerful input
for land consumption management tools (Congedo et al.
2017; Gómez et al. 2016), it suffers from some limita-
tions, the most relevant being that the images can only
be used under cloud-free sky conditions. An alternative
to optical remote sensing is the use of synthetic aperture
radar (SAR) imagery (Moran et al. 2002; Gomez-Chova
et al. 2006). SAR imagery can be acquired day and night
and in any weather conditions. It is particularly useful
for monitoring areas of the globe where cloud cover is
almost permanent and optical images are unusable
(Campbell and Wynne 2011; Zhu Z. et al. Zhu et al.
2012).

SAR sensors can obtain information about the
ground on a frequent basis. This permits the monitoring
of rapid land use changes and urban development, pro-
viding useful information for land use planning. For
example, JERS-1 SAR series images were used to ana-
lyze land use changes (Angelis et al. 2002), and
COSMO-Skymed data were used for land cover classi-
fication (Satalino et al. 2011). Other works include an
unsupervised change detection (Yousif and Ban 2015), a
soil moisture retrieval (Zhang et al. 2018), or the anal-
ysis of natural hazards (Poursanidis et al. Poursanidis
and Chrysoulakis 2017).

To date, land consumption mapping is mostly done
through the assistance of an operator capable of recog-
nizing the transformations that have taken place (Lam
2008; Congedo et al. 2017). This requires a time-
consuming and expensive procedure. For this reason,
it is important to implement automatic methods to ex-
pedite land consumption mapping and reduce costs.

In this work, we propose an automated procedure
based on the use of multi-temporal SAR data. The
developed algorithm relies on the principle that artificial
structures reflect more than natural soil or vegetation;
therefore, when they are built, they cause abrupt chang-
es in the SAR amplitude. The procedure makes use of an
automatic step detection algorithm, which is based on a
Bayesian approach, and which is run on SAR amplitude
image time series.

Two types of SAR data were used in this study:
Sentinel-1 images covering two test areas (Barcelona
and Rome) and TerraSAR-X images covering the area
of Barcelona. The use of Sentinel-1 imagery is preferred
for its continuous and systematic mapping over wide
areas, and for the fact that Sentinel-1 images are free of
charge: this is an important advantage for the implemen-
tation of the procedure.

Proposed procedure

The proposed method requires a time series of SAR
images, i.e., a temporal series of SAR images relative
to the same area. The higher the resolution of these
images, the better the obtained results will be. Let us
consider N co-registered SAR amplitude images. The
goal of the procedure is to identify abrupt changes in the
amplitude values (amplitude steps), which can be due to
anthropogenic activity. Among the various existing al-
gorithms that may be used to derive the presence of
steps within time series, in this work, we have chosen
a step detection algorithm based on a Bayesian approach
(O’Ruanaidh and Fitzgerald 1996).

Step detector algorithm

The algorithm assumes that there is at most one single
step in a given time series. The step can be modeled as
follows (O’Ruanaidh and Fitzgerald 1996):

di ¼ d1 ¼ μ1 þ n1 ið Þ if i≤m
d2 ¼ μ2 þ n2 ið Þ if mþ 1≤ i≤N

�
ð1Þ

where di represents the amplitude value under analysis,
μ1 and μ2 are two constant amplitudes, n1(i) and n2(i)
are the additive white Gaussian noise, N is the length of
the time series, and m is the position of the step in the
time series.
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The likelihood function is given by the probability:

p djθ; Ið Þ ¼ ∏
m

i¼1
p d1 ið Þð Þ∙ ∏

N

i¼mþ1
p d2 ið Þð Þ ð2Þ

Where θ is a set of values assumed by the signal param-
eters {μ1, μ2, σ1, σ2,m}, σ1 and σ2 are the standard
deviations of noise samples, and I denotes the set of a
priori information available or the assumptions that have
led to model the signal in this way.

According to Bayes’ Theorem:

p θjd; Ið Þ ¼ p θjIð Þ∙p djθ; Ið Þ
p djIð Þ ð3Þ

The probability of the model θ given the data
(e.g., the posterior distribution) equals the prior
distribution of the model, multiplied by the prob-
ability of the data given the model (e.g., the like-
lihood which refers to past events that provided
known results and is the direct problem), divided
by the prior distribution of the data.

O’Ruanaidh and Fitzgerald (1996) demonstrate that
the probability density (p(θ| d, I)) can be expressed as
follows:

p θjd; Ið Þ∝ 1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
m∙ N−mð Þp ∙ ∑

m

i¼1
d2i −

1

m
∑
m

i¼1
di

� �2
" #−m−2

2

∙

∑
N

k¼mþ1
d2k−

1

N−m
∑
N

k¼mþ1
dk

� �2
" #−N−m−2

2

ð4Þ

The (p(θ| d, I)) is computed for eachm = 2,…, N − 1.
The position of the step is found in correspondence to
the maximum of the (p(θ| d, I)) function.

Identification of land consumption

The above-described step detector is used in this
work to detect changes related to land consump-
tion. After identifying a step with the above ap-
proach, in order to decide whether or not the
given jump is significant; we apply the following
empirical three-step procedure.

First of all, we only consider the maximum probabil-
ities that are above a given threshold, which is obtained
experimentally:

PmMAX > X ð5Þ

where P indicates the step probability value from

(4), mMAX is the corresponding image index and
X is the given probability threshold. If the proba-
bility is below the threshold, the candidate step is
discarded. In addition, we require the probability
function (p(θ| d, I)) to have a peak shape around
the position mMAX. This is expressed by the
following inequality:

PmMAX

PmMAXþ1 þ PmMAX−1ð Þ=2 > Y ð6Þ

where mMAX + 1 and mMAX − 1 indicate the in-
dices of the images preceding and following the
maximum location mMAX, and Y is a given em-
pirical threshold. If Eq. 6 is not satisfied, the
candidate step is discarded. Finally, after selecting
those pixels that comply with the previous two
conditions, we force the amplitude value to in-
crease after the jump, i.e.,

medafter mMAX−medbefore mMAX > Z ð7Þ

where medafter _ mMAX indicates the median of the
amplitude values after the candidate step, medbefore
_ mMAX indicates the median of the amplitude
values preceding the step, and Z is a given empir-
ically derived threshold. If the three above condi-
tions are fulfilled, we consider that the candidate
step corresponds to a potential instance of land
consumption. The procedure is run for all the
pixels of the study area. This is followed by data
geocoding and the integration with optical data.
The final step is the validation of the automatically
derived results by photointerpretation.

Output of the method

The automatic detection procedure described above
generates a three-class map:

& Class = 0: There is no detected change;
& Class = 1: A transformation occurred, but it cannot

be attributed to land use consumption;
& Class = 2: A change occurred, which can be attrib-

uted to land consumption.
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Figure 1 shows an example of class 0. From the
amplitude time series, it is evident that there is no
change. The probability function shows a low
probability maximum (0.10). An example of class
1 is shown in Fig. 2. In this case, there is a clear

amplitude jump, but it cannot be attributed to land
consumption because it corresponds to a decrease
of the amplitude values. It represents an opposite
phenomenon: from soil sealing to agricultural/for-
est. Another example of class 1 is shown in Fig.

Fig. 1 Example of class 0. Amplitude time series (left) and the corresponding probability function (right)

Fig. 2 Example of class 1. Amplitude time series (left) and the corresponding probability function (right)

Fig. 3 Example of class 1. Amplitude time series (left) and the corresponding probability function (right)
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3. In this case, the candidate step seems to be due
to two anomalous amplitude values, and not to
land consumption. Finally, Fig. 4 shows an exam-
ple of class 2, where there is a clear jump, asso-
ciated with an increase of the amplitude values.

To illustrate the proposed algorithm, Fig. 5 shows the
proposed classification method through an algorithm
flowchart.

Integration with optical data

The three-class land consumption map derived using SAR
data is filtered using the information coming from optical
data. These data are used to derive theNDVImap1 relative
to the period after the potential change. The basic idea is
that land consumption can only occur where there is no
vegetation in the above NDVI. In this way, we filter out
several false land consumption cases. For this purpose,
we use the following simple filter: we consider that there
is correct land consumption detection if the SAR-
derived class is 2 and, at the same time, the NDVI, after
the potential change, is below a given threshold.

Case studies

In this section, we examine three case studies in which
the above procedure was applied.

The study areas were chosen considering image avail-
ability in the two research centers involved in this work.

Barcelona case study using Sentinel-1 data

The test area covers approximately 800 km2 (see Fig. 6).
The study was based on a stack of 25 co-registered SAR
amplitude images from the Sentinel 1-A satellite that
cover a period of 11 months, from March 6, 2015 to
February 5, 2016 (see Fig. 7). These images are

Fig. 4 Example of class 2. Amplitude time series (left) and the corresponding probability function (right)

Fig. 5 Schematic algorithm flowchart

1 The number of images to create an accurate NDVI map depends
mainly on the season (vegetation phenology) and on the cloud cover.
Theoretically, even one image could be enough if acquired in the
season of maximum vegetation growth and with no cloud cover.
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medium-resolution SAR images, with a ground pixel
footprint of approximately 14 (range) by 5 (azimuth) m.
The procedure was run setting the following empirically
chosen thresholds (Eqs. 5, 6, and 7): X = 0.75, Y = 30, and
Z = 60. The results of the classification were geocoded
and compared with optical images from Google Earth.

In the entire area, 12 potential land consumption
cases were detected. We briefly describe some of them.
Figures 8 and 9 show some changes that occurred in the

port of Barcelona. The detected changes are represented
by the red pixels in the change detection maps. These
changes, which cause a clear increase of the SAR am-
plitude, are due to the displacement of containers: this is
clearly visible in the two optical images. These changes
represent an example of temporary changes occurring
on already-consumed land. Figures 10, 11, 12, and 13
show examples of detected land consumption. In all
cases, there is a clear increase of the SAR amplitude.

Fig. 7 Sentinel-1 images of the Barcelona case study

Fig. 8 Change detection map (a); amplitude time series (b); Google Earth image, March 28, 2015 (c); Google Earth image, November 5,
2015 (d)

Fig. 6 Optical image of
Barcelona test area, indicated by
the red polygon
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Fig. 10 Change detection map (a); amplitude time series (b); Google Earth image, March 28, 2015 (c); Google Earth image, November 05,
2015 (d)

Fig. 11 Change detection map (a); amplitude time series (b); Google Earth image, March 28, 2015 (c); Google Earth image, November 05,
2015 (d)

Fig. 12 Change detection map (a); amplitude time series (b); Google Earth image, March 28, 2015 (c); Google Earth image, November 05,
2015 (d)

Fig. 9 Change detection map (a); amplitude time series (b); Google Earth image, March 28, 2015 (c); Google Earth image, April 07, 2016
(d)
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Fig. 14 TerraSAR-X images of the Barcelona case study

Fig. 15 Change detectionmap (a); amplitude time series (b); Google Earth image,December 31, 2008 (c); Google Earth image,April 14, 2009 (d)

Fig. 16 Change detection map (a); amplitude time series (b); Google Earth image, September 11, 2007 (c); Google Earth image, December
31, 2008 (d)

Fig. 13 Change detection map (a); amplitude time series (b); Google Earth image, March 28, 2015 (c); Google Earth image, November 05,
2015 (d)

_####_ Page 8 of 15 Environ Monit Assess _#####################_



Fig. 18 Change detection map (a); amplitude time series (b); Google Earth image, November 15, 2007 (c); Google Earth image, April 14,
2009 (d)

Fig. 19 Change detection map (a); amplitude time series (b); Google Earth image, December 31, 2008 (c); Google Earth image, February
07, 2009 (d)

Fig. 20 Sentinel-1 images of the Rome case study

Fig. 17 Change detection map (a); amplitude time series (b); Google Earth image, November 15, 2007 (c); Google Earth image, February
07, 2008 (d)
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The different types of land consumption can be
highlighted from the optical images.

Barcelona case study using TerraSAR-X data

The second case study was based on 29 co-registered
SAR amplitude images from the TerraSAR-X satellite
that cover the period from December 30, 2007 to No-
vember 22, 2009 (see Fig. 14). Unfortunately, it was not
possible to consider the same period of the first case study
due to the unavailability of the images. Therefore, a direct
comparison of the results of the two case studies was not
possible. The images used are very high resolution, with a
pixel footprint of 3 × 3 m and with less noisy amplitude
time series. The covered area is 400 km2. We run the
same procedure used for the first case study, using the
same thresholds: X = 0.75, Y = 30, and Z = 60. The results
of the classification were geocoded and compared with
optical images from Google Earth.

Examples of correct detection of land consumption
cases are shown in Figs. 15, 16, 17, and 18. As men-
tioned above, the amplitude time series are less noisy
than those of Sentinel-1 data. Figure 19 shows an ex-
ample of change on soil already consumed (displace-
ment of containers) or on bare soil.

Rome case study using Sentinel-1 data and Google
Earth Engine

The third case study was based on 30 co-registered SAR
amplitude images from the Sentinel-1 satellite that cover
the period from July 28, 2015 to August 27, 2016 (see Fig.
20.). The covered area is approximately 250 km2. In this
case, the processingwas done using Google Earth Engine2

(GEE). This platformwas used in different types of remote
sensing studies (Patel et al. 2015; Gorelick et al. 2017).

The satellite SAR amplitude data were directly
accessed using GEE. This represents a considerable
advantage with respect to the traditional approach,
which requires downloading the data into a local ma-
chine. The procedure was implemented in a Python
programming language script. We run the same proce-
dure used for the first two case studies, using the same
thresholds: X = 0.75, Y = 30, and Z = 60.

Figures 21 and 22 show some of the obtained results.
Figure 21 shows a broad change that takes place in the
21st image (April 17, 2016) in the area of Colle Salario
(Rome). Figure 22 shows another change occurring in
the area of Castel Giubileo (Rome).

In the Rome case study, the NDVI was calculated
using all the Sentinel-2 images available in the temporal
range March 29, 2016 to November 24, 2016 (see Fig.
23). The maximum value of the NDVI series was derived
in order to exclude those pixels covered by vegetation in
at least one image, enabling the masking of non-built-up
pixels. The NDVI was used to filter the results based on
SAR images. An example is described below.

Figure 24 shows the map of potential land consump-
tion changes. In this map, the code 0 indicates areas
where there were no land consumption changes in the
studied period, whereas code 2 indicates areas where
changes have potentially occurred. The map presents
many isolated pixels and pixels whose position is due
to temporary changes. In particular, the main red cluster
is due to the presence of trucks at a warehouse. There-
fore, in this case, the potential change is not related to
land consumption.

The NDVI is used to filter such false land consump-
tion detection (see Fig. 25).

The NDVI refers to the last months of the observed
period. In this map, code 1 indicates areas where the
value of NDVI is under a certain value (0.4 was selected

2 The Google Earth Engine includes historical images from 1990 to
date, continuously collects new images and, in addition to providing
APIs (application programming interfaces) in Java Script and Python,
provides useful tools for analyzing large sets of images.

Fig. 21 Change detectionmap (a); amplitude time series (b); Google Earth image, July 17, 2015 (c); Google Earth image, October 28, 2016 (d)
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Fig. 24 Map of potential land consumption change, Colle Prenestino–Rome

Fig. 23 Sentinel-2 images of the Rome case study

Fig. 22 Change detectionmap (a); amplitude time series (b); Google Earth image, July 17, 2015 (c); Google Earth image, October 28, 2016 (d)
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Fig. 25 NDVI map, Colle Prenestino–Rome. Code 1 indicates areas where the NDVI index is less than 0.4, whereas code 0 indicates areas
in which the NDVI index is more than 0.4

Fig. 26 Filtered map of land consumption change, Colle Prenestino–Rome
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for this study3), indicating areas where the vegetation is
absent and the soil may be bare or built on. By contrast,
code 0 indicates areas where the value of NDVI is above
0.4, meaning that there is a vegetation cover.

The overlap of the potential land consumption (from
SAR data) and the NDVI-based map generated a new
map, shown in Fig. 26, which represents the filtered map
of land consumption.

Discussion and conclusions

This paper proposes an innovative method for monitor-
ing land consumption through an automatic procedure
that integrates SAR and optical data, and can be effec-
tively used to generate land consumption maps or up-
date existing ones. The main input of the procedure is a
series of SAR amplitude images acquired over a given
geographical area and observation period. The SAR data
offer the advantage of all-weather, day and night image
acquisition: they are suited to the analysis of areas
frequently covered by clouds. The procedure makes
use of a step detector based on a Bayesian approach.
This approach is simple, unsupervised, and automatic,
feasible for users who are not experts in the field. The
optical data are used to derive an NDVI map, which is
used to filter the SAR-based results. The proposed pro-
cedure detects the changes that have occurred as well as
the time when they happened. In particular, it enables us
to assess the evolution of artificial land cover over time
and pinpoint the location of transformation of agricul-
tural and natural areas into artificial areas (land
consumption).

It is worth highlighting that this procedure assumes
that a change causes an increase of the amplitude values
(see Eq. 7). Consequently, changes are not detected
whenever the new objects are characterized by low am-
plitude, such as a street, a square, or a set of solar panels.

This aspect could be improved in further research
activities. Further research activity should also be de-
voted to a complete validation of the proposed proce-
dure results.

The proposed method, based on the Bayesian ap-
proach for change detection, could be improved by

implementing a more accurate and precise algorithm,
e.g., a two-dimensional neural network (Lindblad and
Kinser 2005). This algorithm should be able to recognize
changes associated with low-amplitude values, which are
currently not highlighted, and reduce false changes.

The implementation of the complete algorithm in the
Google Earth Engine could represent an important fur-
ther development. The Google Earth Engine archive
includes historical images from 1990 to date, collects
new images continuously, and provides many other
useful tools for analyzing large sets of images. This
platform could be particularly useful in the analysis of
historical series of images or in the integration of optical
data and radar, having such a vast catalog of data at hand
(Landsat, Sentinel-1, MODIS, etc.).

Assessing the pace of growth of land consumption is
important in light of the European objectives for 2020
(European Commission 2011) and the Roadmap to a
Resource Efficient Europe (European Commission
2011b). Despite these important policy documents that
aim to achieve zero net soil sealing by 2050, the delivery
of guidelines of good practices to mitigate soil sealing
(European Commission 2012) and the delivery of the
United Nations agenda for sustainable development goals
(goal 11: Make cities and human settlements inclusive,
safe, resilient and sustainable, and goal 15: Sustainably
manage forests, combat desertification, halt and reverse
land degradation, halt biodiversity loss) (United Nations
2015), there are currently no signs of change in historical
trends: land consumption continues to increase annually
at the European and global levels (United Nations 2014;
European Commission 2012). For instance, the increase
of artificial cover areas was an ongoing process across the
EU at the rate of 930 km2/year in 2000–2006 and
845 km2/year in 2006–2012. This represents a substantial
amount of land often being taken from agriculture
(European Commission 2012). At the local level, it is
fundamental to monitor changes because of the environ-
mental effects as well as economic and social externalities
(Irwin and Bockstael 2004) caused by land consumption;
and it is important to foster the development of effective
policies for sustainability and adaptation to environmen-
tal change (Cardona et al. 2012).

Through the proposed procedure, it is possible to
create a useful alerts system for public administra-
tions to monitor the territory and associated exter-
nalities, and for the correct implementation of ur-
ban planning and track phenomena such as abusive
building activity.

3 This value was chosen considering the resolution of Sentinel-2.
Lower values would have been too restrictive in identifying areas
where the pixel is mixed (for example, building site areas with little
grass).
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This method could provide a new service, that does
not exist today, to supply a timely alert to the public
administration about changes in land use and land cover,
which represent a worrisome threat for soil conservation
and related services provided as support for human well-
being. Thanks to the frequent revisiting of ESA Sentinel
data, we will be able to monitor soil consumption in a
new, innovative, and rapid way (e.g., even on a monthly
basis, depending on the phenomena in action), thus of-
fering an effective support for future sustainable land use
management at multiple scales (from municipal, to pro-
vincial, regional, and national levels). Customers could
be public administrations, mainly at the local level, as
they are in charge of operational tasks to favor soil
protection, among them municipalities, regions, park au-
thorities, protected areas agencies, and basin authorities.

In the Italian context, the Italian Parliament is cur-
rently debating a law to limit land consumption, consid-
ering the main objective of no net land take by 2050
(European Commission 2011b). To meet the objective,
the Italian National Institute for Environmental Protec-
tion and Research (ISPRA) recently published the Na-
tional Report on Land Consumption based on the map-
ping of land consumption through photointerpretation
and semi-automatic classification of optical images
(ISPRA 2017). It is often difficult to update land con-
sumption maps using only optical images. For this rea-
son, in addition to the above proposed applications, the
method developed in this paper could be applied in
order to improve the mapping of land consumption by
ISPRA using SAR images, overcoming the issue of
cloud cover, time spent using photointerpretation
methods, and increasing the frequency of map updates.
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