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Abstract—We present a case study on the migration to a cloud computing environment of the advanced differential synthetic aperture
radar interferometry (DINSAR) technique, referred to as Small BAseline Subset (SBAS), which is widely used for the investigation of
Earth surface deformation phenomena. In particular, we focus on the SBAS parallel algorithmic solution, namely P-SBAS, that allows the
production of mean deformation velocity maps and the corresponding displacement time-series from a temporal sequence of radar
images by exploiting distributed computing architectures. The Cloud migration is carried out by encapsulating the overall P-SBAS
application in virtual machines running on the cloud; moreover, the cloud resources provisioning and configuration phases are
implemented in an automatic way. Such an approach allows us to preserve the P-SBAS parallelization strategy and to straightforwardly
evaluate its performance within a cloud environment by comparing it with those achieved on a HPC in-house cluster. The results we
present were achieved by using the Amazon Elastic Compute Cloud (EC2) of the Amazon Web Services (AWS) to process SAR datasets
collected by the ENVISAT satellite and show that, thanks to the cloud resources availability and flexibility, large DINSAR data volumes
can be processed through the P-SBAS algorithm in short time frames and at reduced costs. As a case study, the mean deformation
velocity map of the southern California area has been generated by processing 172 ENVISAT images. By exploiting 32 EC2 instances
this processing took less than 17 hours to complete, with a cost of USD 850. Considering the available PB-scale archives of SAR data and
the upcoming huge SAR data flow relevant to the recently launched (April 2014) Sentinel-1A and the forthcoming Sentinel-1B satellites,
the exploitation of cloud computing solutions is particularly relevant because of the possibility to provide cloud-based multi-user services
allowing worldwide scientists to quickly process SAR data and to manage and access the achieved DInSAR results.

Index Terms—Cloud Computing, DInSAR, P-SBAS, Earth surface deformation, big data

1 INTRODUCTION

HE investigation of Earth’s surface deformation phe-

nomena provides critical insights into several processes
of great interest for science and society, especially from the
perspective of further understanding the Earth System and
the impact of the human activities. Indeed, deformation phe-
nomena can be helpful for the comprehension of the geo-
physical dynamics dominating natural hazards such as
earthquakes, volcanoes and landslide, and therefore they
strongly support all those activities related to risk mitigation
and prevention [1], [2], [3], [4], [5]. Furthermore, such infor-
mation can be very useful also to detect, monitor and limit
the effects of anthropogenic actions, such as ground-water
exploitation [6], oil and gas extraction [7], gas capture and
storage [8], [9], mining activities [10], tunnelling, building
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and management of dams and flood defences, and transpor-
tation [11], [12].

Earth observation techniques are very powerful for
ground deformation estimation due to their characteristics of
large spatial coverage and cost effectiveness. In this scenario,
differential synthetic aperture radar interferometry (DInSAR)
is regarded as one of the key methods for its ability to investi-
gate surface deformation affecting large areas of the Earth
with centimeter- to millimeter-level accuracy [13], [14], [15].

Among several DInSAR algorithms, a well-known
approach is the technique referred to as Small BAseline Sub-
set (SBAS) [16] that allows the computation of mean defor-
mation velocity maps and the corresponding displacement
time-series in different scenarios (volcanoes, tectonics,
landslides, anthropogenic induced land motions) from a
sequence of SAR acquisitions. An advanced parallel algo-
rithmic solution for the SBAS approach, referred to as
P-SBAS, which implements the complete DInSAR process-
ing chain and is able to exploit distributed computing archi-
tectures, has been developed recently [17].

The P-SBAS capability of running on distributed sys-
tems, which encompass large, scalable computing resour-
ces, is particularly timely considering the current SAR
remote sensing scenario that is characterized by the avail-
ability of massive amounts of data. Indeed, huge archives
of SAR acquisitions that have been collected during the
past 20 years are disposable. They comprise the long-term
C-band ESA archives (e.g. ERS-1/2 and ENVISAT, a total of
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approximately 60 TBytes on-line available through the Vir-
tual Archive 4 at the time of writing [18]), as well as those
provided by the X-band new generation SAR sensors, such
as COSMO-SkyMed (CSK) that acquires about 600 GBytes
of data every day [19], and TerraSAR-X (TSX) (about 90
GBytes of data per day [20]). Moreover, on April 2014, the
SENTINEL-1A [21] SAR satellite operating within the
framework of the COPERNICUS (formerly GMES) pro-
gram of the European Union [22] has been launched and
is expected to provide about 1.5 TBytes of raw data per
day [23]. This sensor will be paired during 2016 with the
SENTINEL-1B twin system that will cut in half the satel-
lites revisit time from 12 to 6 days. Accordingly, a mas-
sive and ever increasing data flow that is acquired by a
SAR mode that is specifically devoted to DInSAR applica-
tions [24] will be available soon and it will be released fol-
lowing a total free and open access policy.

These SAR data archives and the incoming data flow pro-
vided by the SENTINEL-1 constellation present a bottleneck
problem for typical, limited ‘in- house’ or grid resources. In
this scenario, a key role can be played by the Cloud Com-
puting technologies that harness large collections of resour-
ces, both software and hardware, thus representing a
promising solution to easily and rapidly manage and pro-
cess large amounts of data, with important implications for
scientific applications [25].

However, the deployment of scientific high performance
computing (HPC) applications on cloud platforms is a chal-
lenging problem, which has been particularly highlighted
recently. Indeed, the performance evaluation of scientific
applications within cloud environments is currently an
open issue and it is still under investigation to determine if,
when and, most of all, how it is convenient to use the Cloud
for HPC [26], [27], [28], [29]. This is a particularly actual
issue when dealing with DINSAR data processing since sev-
eral aspects have to be carefully taken into account to
migrate to the Cloud. First of all, such scientific applications
generally present very complex and multi-step workflows
[16], [30], [31]. Depending on the specific algorithm, these
workflows can have sequential or parallel implementations
[17], [32]. This implies the adoption of diverse parallel
programming techniques depending on the employed proc-
essing infrastructure. Therefore, the Cloud deployment
requires a thorough analysis aimed at properly designing
the computing architecture and the jobs scheduling among
different Cloud machines. Moreover, typically, DInSAR
algorithms are characterized by workflows presenting non-
eliminable data dependencies between different steps [16],
[30], [31]. Consequently, it is not possible to decompose the
whole problem into totally independent tasks which can be
initially parallel distributed and finally merged together.
Accordingly, the adoption of a typical cloud dedicated
paradigm, like the MapReduce framework, is not straight-
forward and not necessarily effective [33], [34], [35].
Finally, due to both the size of involved data, which can
range from hundreds of GBytes up to tens of TBytes for
the processing of a single interferometric dataset, des-
tined to enlarge to PB-scale with Sentinel-1, and the
nature of the operations which are performed on them,
the majority of SAR algorithms are characterized by
highly demanding requirements in terms of computing

resources and hardware. Hence, the achievement of high
computing performances on the Cloud for SAR applica-
tions is not a trivial problem [36].

In this work we present a case study based on the migra-
tion to the Amazon Web Services (AWS) public cloud envi-
ronment of the P-SBAS DInSAR processing chain. The
motivation to accomplish such a task is to specifically inves-
tigate the suitability of cloud computing technologies to
effectively process large amounts (up to PBytes) of space-
borne SAR data on short timescales and at limited costs
through the P-SBAS algorithm and, more generally, to pro-
vide a contribution to the cloud computing exploitation
within the earth observation (EO) framework. Indeed, such
an issue is currently at an early stage although some works
have already been presented [37], [38].

To deploy the P-SBAS algorithm on the Cloud we
adopted an approach that allowed us to preserve the intrin-
sic P-SBAS parallelization strategy and, therefore, to
straightforwardly evaluate the Cloud exploitation benefits,
in terms of achieved performances and steady costs, with a
minimum migration effort. Indeed, both a processing time
and a cost performance analysis have been carried out
through a dedicated experimental study that has been con-
ducted by exploiting an ENVISAT dataset of 64 SAR images
acquired on the Napoli Bay area. In particular, we have first
investigated the P-SBAS processing performances achieved
by using different Cloud resource configurations within the
AWS environment, when the number of exploited EC2
instances increases. Second, an estimation of the costs rele-
vant to the experimental tests performed on the AWS cloud
is carried out in order to evaluate the trade-off between
processing times and costs of an interferometric computa-
tion depending on the employed resources.

Finally, the proposed P-SBAS cloud implementation has
been tested by processing a large interferometric data stack
composed of 172 SAR ENVISAT scenes in southern
California. The considered dataset covers the Los Angeles
metropolitan area, which includes a large variety of defor-
mation phenomena, such as active seismic faults, aquifer
seasonal exploitation and recharge, oil extraction and agri-
cultural fields. In this case the input data size was about 80
GBytes while the overall data involved in the P-SBAS proc-
essing (input, intermediate and final products) were
approximately 2 TBytes. The goal of such an experiment is
to give insights on the increasingly relevant question of
whether Cloud environments are suitable to massively pro-
cess the existing and incoming large amount of SAR data in
order to compute interferometric products within short
time frames and at reduced costs.

2 P-SBAS PROCESSING CHAIN DESCRIPTION

We provide in this section a concise description of the P-
SBAS processing chain aimed at presenting its principal
steps. In particular, each step is briefly described in terms of
main tasks, implemented procedures and computational
issues relevant to CPU usage, RAM capacity and I/0O trans-
fer requirements.

The P-SBAS solution has been designed by carefully tak-
ing into account several aspects, such as data dependencies,
task partitioning, inherent granularity, scheduling policy,
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load balancing and I/O. It is worth emphasizing that, due to
the heterogeneous nature of the algorithms comprised
within the SBAS processing chain, appropriate paralleliza-
tion strategies have been adopted depending on the algo-
rithmic structure of the particular processing step under
evaluation [17], [38].

In order to take advantage of both multi-node and multi-
core architectures, two-parallelization levels have been con-
sidered, i.e., at the process and the thread level. The former
considers a coarse/medium granularity-based approach
(mainly applied to the whole processing chain) while the
latter relies on a fine-grained parallelization that has been
implemented for the most computing-intensive processing
operations [17].

The block diagram of the P-SBAS processing chain is
shown in Fig. 1; note that in this scheme the steps depicted
by red blocks represent the jobs that are parallel executed
by simultaneously running on different computing units.
Moreover, dashed line blocks depict the steps that exploit
multi-core parallelism making use of multithreading pro-
gramming techniques. Finally, the black blocks represent
steps that are intrinsically sequential as they merge together
information and data coming out from the previous steps’
executions. To give a quantitative idea of the main computa-
tional characteristics of each step of the block diagram in
Fig. 1 in terms of CPU and RAM usage, as well as I/O oper-
ations, we summarize in Table 1 the respective P-SBAS
requirements relevant to a SAR dataset constituted by 64
ENVISAT images. This can be considered as a ‘standard’
dataset for the ENVISAT archives for what concerns its size,
and therefore it has been used as a benchmark also in the
course of the experimental analysis (see Section 4.1). It is
worth noting that the P-SBAS steps’ computational charac-
teristics that are provided in Table 1 may significantly
change when considering datasets acquired by different
sensors, with a drastic increase in the size of data in the case
of COSMO-SkyMed or SENTINEL-1 satellites.

Let us start our discussion by considering the SAR data
focusing operation implemented by step A that consists of
transforming the radar raw data into microwave images,
often referred to as single look complex (SLC) images [15].
This step has a high computational burden because it
mostly performs two-dimensional FFTs of complex data
matrices on the order of GBytes [15]; moreover, it also has a
remarkably significant data flow as it involves frequent I/O
operations (see Table 1).

Step B performs the digital elevation model (DEM) con-
version into SAR coordinates [39]. In this step data matrices
typically on the order of tens of GBytes are processed, thus
requiring an adequate amount of memory.

Within step C, the SAR image coregistration operation is
carried out to reference all data to a unique radar geometry
via an interpolation of all the focused images with respect to a
reference one, referred to as the “master” image [40]. Also for
this step the main limitation is the files size; indeed it requires
intensive (hundreds of GBytes) I/O workload and significant
(nearly tens of GBytes) RAM memory (see Table 1).

Step D performs the identification of the interferometric
data pairs required for the subsequent co-registration
refinement step E, in which possible residual sub-pixel
shifts of the images are first evaluated and, afterwards,

used to resample the images. This step is particularly I/O
demanding (hundreds of GBytes to read/write) because it
deals with full resolution SAR images.

Before moving to the interferogram generation, the eval-
uation of some parameters useful for the subsequent steps
is carried out (block F of Fig. 1). Having both the co-regis-
tered images (steps C and E) and the DEM (as output of
step B) referenced to a common radar geometry, the differ-
ential interferograms are generated through step G. These
operations require a high memory RAM usage (tens of
Gbytes) as well as intensive 1/O workload (hundreds of
GBytes) as they are carried out at the SAR images’ full spa-
tial resolution and in the complex domain. However, the
final results are stored in low resolution mode following a
complex spatial average (multi-look) operation [15]; this
procedure mitigates the noise (decorrelation) affecting the
DInSAR interferograms and drastically reduces the sizes of
the final outputs, but not those of the intermediate products.

The modulo-2x restricted phase of each multi-look inter-
ferogram needs to be “unwrapped” to retrieve the original
phase [15]. This procedure is carried out in step H and I by
applying the extended minimum cost flow (EMCF) phase
unwrapping (PhU) algorithm [41].

The phase unwrapping steps are the most demanding
in terms of memory (tens of GBytes of RAM required)
and CPU usage (it exploits multithreading programming)
(see Table 1). Indeed, they deal with wrapped and
unwrapped interferogram stacks represented by three-
dimensional (3-D) matrices.

A pixel-based inversion of the unwrapped phases of the
interferogram stack is, afterwards, carried out (step J) to
retrieve the deformation time-series. Moreover, in step K,
the estimation of possible residual phase artifacts affecting
the interferograms, often referred to as “orbital phase
patterns”, is undertaken. Such phase ramps that are due to
possible orbital inaccuracy, are subsequently removed from
the wrapped interferograms and a final PhU step has to be
performed on the “orbital error free” interferograms (second
run of step H, I, and J of Fig. 1). Block L provides the final
deformation time-series after executing the temporal coher-
ence estimation [41], which provides information about the
quality of the retrieved displacement measurements.

In the rest of this section we summarize the most critical
issues concerning the porting of the parallel SBAS algorithm
within distributed computing environments.

First of all, the P-SBAS approach requires the execution
of different steps to be performed in a specific and fixed
order. For instance, SAR image registration can occur only
after the raw data focusing operation has been accom-
plished, or the unwrapping step can be executed only after
the generation of the differential interferograms sequence.
This rationale shows that the successively generated data
and products of the SBAS processing chain are strongly
interconnected. Moreover, in some steps the joint process-
ing of the outputs generated by previous blocks need to be
performed. Hence, a strategy that ensures the sharing of the
middle chain products among the different steps is needed.

Second, many steps of the processing chain, such as the
DEM conversion (step B), the interferogram generation
(step G) and the phase unwrapping steps (H and I), are
characterized by large RAM usage, as detailed in Table 1.
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This issue places specific requirements on the computing
instances that have to be provisioned to execute these steps.

Finally, very large amounts of data are involved in the
SBAS processing - hundreds of GBytes for the considered
standard dataset which can become TBytes if COSMO-
SkyMed or SENTINEL-1 datasets are concerned - and,

therefore, data transfer and I/O issues are two critical
aspects to be carefully taken into account. Hence, dedicated
storage capability and network facility need to be exploited.

The P-SBAS processing chain has been, until now, only
extensively tested on a dedicated cluster that is located at
the CNR-IREA premises where it has originally been



ZINNO ET AL.: CLOUD COMPUTING FOR EARTH SURFACE DEFORMATION ANALYSIS VIA SPACEBORNE RADAR IMAGING: A CASE... 5

TABLE 1
P-SBAS Workflow Requirements for a Standard SAR Data Set Relevant to the Napoli Bay Area (64 ENVISAT Images)

Step CPU usage Maximum Resident Set I/0 Workload

Size (MB) (MB)
Raw Data Focusing 53% 3,700 928,000
DEM Conversion 37,5% 9,400 83,000
SAR Image registration 14% 7,800 592,000
Interferometric Pair selection 12,5% 280 2,100
Image coregistration refining 22,5% 5,600 226,000
Interferometric parameters evaluation 34% 6,000 2,500
Interferograms generation 25% 13,000 686,000
Temporal phase unwrapping 72,5% 9,000 53,000
Spatial phase unwrapping 72,5% 22,000 80,000
Deformation and residual topography 12,5% 5,800 2,160
estimation
Orbital error estimation and removal 19% 7,200 6,430
Displacement time series 15% 6,000 12,600

These values refer to a standard data set (64 ENVISAT images, see Section 4.1). The CPU usage percentage values refer to the percentage of CPU
that each step got on average per single node. Note that the represented values have been normalized with respect to the maximum achievable CPU
usage, which in our case is given by the full exploitation of eight cores per node. The I/O workload is calculated as the total of data read and written

per step and is given in MegaBytes.

developed. The P-SBAS technique has already been
broadly used to process the ENVISAT SAR data archives'
but its rationale is also well suited to process the upcom-
ing SENTINEL-1 data stream.

3 CLOUD SOLUTION

3.1 Cloud Migration

As known in the literature, there are different possibilities
for migrating an existing application in a cloud comput-
ing environment, that comprise either adaptation or re-
design of the application components. More specifically,
according to [44], the following four major approaches
can be identified:

i Replace components with Cloud offerings;

ii  Partially migrate some of the application functional-

ity to the Cloud;

iii ~Migrate the whole software stack of the application

to the Cloud;

iv  Cloudify the application.

Obviously, each of the above mentioned solutions pro-
vides advantages and dis-advantages and the choice is
driven by the evaluation of the tradeoff among different
aspects, including the migration effort, the infrastructure
costs, and the overall performance (not only the total com-
putation time).

In our case the goal was to evaluate the performances tha
tare achieved within a Cloud environment, by directly com-
paring them to those obtained on a HPC cluster. Moreover,
we aimed at investigating the costs associated with the
Cloud exploitation for the P-SBAS processing in order to
evaluate its convenience. Therefore, at this early stage, we
opted for a migration approach that allows us to straight
forwardly attain such aims by minimizing the deployment
effort at the same time.

Before managing the actual migration of the P-SBAS
application to cloud, a deep analysis of the workflow that

1. The SBAS capability to process ERS data sequences has also been
extensively assessed [42], [43].

takes into account both software and hardware require-
ments was carried out.

The P-SBAS algorithm has a complex workflow that is
composed of several steps both sequential and parallel (see
Fig. 1). The majority of the P-SBAS chain algorithms are devel-
oped in the Exelis Interactive Data Language (IDL) [45]: a sci-
entific programming language that combines numerical and
graphical abilities and is widely used by engineers and scien-
tists developing algorithms for SAR and DInSAR data proc-
essing. IDL is a commercial software and therefore each
machine running the application requires a licence.

As extensively described in Section 2, the P-SBAS ratio-
nale provides that in many steps of the chain the joint proc-
essing of the outputs generated by previous steps needs to
be performed; hence, a common storage and an efficient
management of data sharing between the processing nodes
are required. For this purpose, Network File System (NFS)
was adopted, which is a distributed file system protocol
that allows exploiting a network to access to a remote stor-
age for saving and updating files, as though they were on
the local storage [46].

According to the specific P-SBAS requirements, we lim-
ited the possible migration choices to the last two
approaches (iii and iv) and evaluated their respective bene-
fits and drawbacks.

The iii) approach is the most common example of migra-
tion to the Cloud, where the application is easily encapsu-
lated in virtual machines (VMs) that run on the Cloud. Such
an approach implies the minimum migration effort and
allows us to easily evaluate the benefits, in terms of process-
ing times and costs, to exploit the Cloud for scientific appli-
cations. Indeed, the Cloud adoption could be a valid
alternative with respect to the need to update/buy new
clusters, which are very expensive, require maintainance
and rather quickly become obsolete.

Furthermore, thanks to the use of VM, several benefits
are gained, which are in order:

1)  Security and Isolation: it runs services in cloud envi-
ronment totally independent from each other;
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2) Ease of administration and management: due
to the common virtualization layer and the
adoption of snapshots for both installation and
configuration;

3) Disaster recovery: VM can be launched in a few
minutes and furthermore, can be cloned and
migrated to different locations;

4)  High reliability and load balancing optimization.

The iv) approach could be interesting as, in addition to
the previous ones, some benefits would be expected from
the exploitation of software using specific cloud features (as
for example Hadoop or Cloud orchestration software).
However, although the adoption of the MapReduce-based
framework seems to be promising in managing large clus-
ters of data, results from the literature [33], [34] show that
this is particularly true when it is possible to pre-process
data to optimize both the mapping and reducing phases.
Indeed, the mapping phase may require a number of steps
that could be automatized through a workflow of jobs (e.g
Hadoop workflow) but the data constraints and the sched-
uling policies should be properly tuned. In particular, con-
cerning the interferometric processing, the data mapping
phase is easy because of two main constraints. First of all it
is not always possible to split the input data of the P-SBAS
processing steps in smaller portions to be distributed to all
available nodes because of the spatial dependancies.
Second, as already mentioned, some intermediate steps of
the chain require access to all data products produced by
the previous steps.

Based on the above considerations, we estimated that the
cloudification effort should require a separate analysis to
better gain benefit from the cloud and this will be addresse-
din future work.

For all these reasons, the approach of migrating the whole
P-SBAS software stack to the Cloud was adopted to port the
P-SBAS processing chain to the Cloud environment.

3.2 Cloud Deployment

As a cloud computing infrastracture for the P-SBAS algo-
rithm deployment we chose AWS Elastic Compute Cloud
(EC2) because it is currently a feature-rich, stable and com-
mercial public cloud [47]. AWS is a web service that allows
users to easily configure and instantiate VM images. More-
over, AWS EC2 is based on the XEN para-virtualization
technology [48], which also provides the capability of sizing
instances based on the EC2 Compute Unit (ECU).

We implemented an Amazon virtual private cloud (VPC)
that is a logically isolated section of the AWS in which
resources can be launched in a completely defined virtual
network. The easy customization of the network configura-
tion allows the users to fully control the virtual networking
environment through IP address range selection, subnet cre-
ation, route tables configuration, network gateways and
multiple layers of security (security groups and network
access control lists). Indeed, thanks to this customization,
server linking and SAR data uploading have been config-
ured with predefined rules to ensure a secure connection
between end points and to allow only authorized users to
share data.

Moreover, we configured a customized Amazon Machine
Image (AMI) containing the operating system (Ubuntu

distribution), the packages enabling an easy integration with
AWS services (i.e., Amazon EC2 API and AMI tools), and
the software needed for the P-SBAS processing, such as IDL.
Note that this software can run with a license that is avail-
able on a local server (IDL licenses server) and we need that
all AMIs in the Cloud securely communicate with this server
to gather the proper license.

In order to automate as much as possible the provision-
ing and configuration of cloud resources, (e.g. automatically
handle EC2 instances, network and storage facilities), we
developed Linux Bash scripts implementing the AWS Com-
mand Line Interface (CLI) which is a unified tool provided
by AWS to manage multiple services [47]. The goal of these
scripts is twofold; on the one hand, we need to set up the
configuration to run the P-SBAS algorithm, on the other
hand, we want to connect, start and stop additional comput-
ing nodes (workers) in order to perform the parallel tasks of
the algorithm on different dedicated machines.

More specifically, through the aforementioned Linux
Bash scripts, one of the instances is configured as the master
node and performs multiple tasks. In particular it handles
the whole P-SBAS workflow by managing the scheduling of
parallel jobs that will be executed by the worker nodes, it per-
forms computation, and it acts as an NFS server (see Fig. 2).
The implemented scripts, also allow the selection of the num-
ber and type of EC2 instances to provision. A dynamical use
of the employed EC2 instances is accomplished by allowing
to start/stop them according to the parallel/sequential parts
of the algorithm and to terminate all the instances at the end
of the processing. This solution allows us to optimize the
EC2 instances exploitation, and therefore the associated
costs, because they are maintained active only when opera-
tive, thus avoiding that they remain idling while other nodes
are working. Also, the worker nodes configuration is auto-
matically performed by connecting each of them, as soon as
the instance is started, both to the master node through an
NFS client as well as to the IDL licence server.

Moreover, the implemented Bash script automatically
performs the creation of the selected storage volume. Such
an external disk is specifically configured to support the
P-SBAS I/0O workload and it is mounted to the master node.

4 EXPERIMENTAL ANALYSIS

In this section we present an experimental analysis aimed at
investigating the P-SBAS processing performances that are
achieved by using two different cloud resources configura-
tions within the AWS environment (in terms of instance
type and storage) when the number of exploited instances
increases. The goal of our study is twofold; on the one hand,
we evaluated the cloud processing elapsed times by also
comparing them with the corresponding processing times
obtained on a HPC cluster. On the other hand, we carried
out an estimation of the costs relevant to the experimental
tests that have been performed on the AWS cloud in order
to evaluate the trade-off between elapsed times and costs of
an interferometric SAR data processing, depending on the
exploited resources. Such an analysis could be very useful
to select the best configuration in terms of typology and
amount of cloud resources to use according to the specific
time/cost requirements.
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Fig. 2. Public cloud platform for DINSAR analysis; it consists of one master and N worker nodes as well as a common storage volume that contains

the input data. All the components are located in the Amazon cloud.

4.1 Dataset and P-SBAS Results

The experimental analysis has been carried out by exploit-
ing an interferometric SAR data stack acquired over the
Napoli bay area, a densely urbanized zone located in
Southern Italy and including the active caldera of Campi
Flegrei, the Vesuvius volcano, and the city of Napoli. In par-
ticular, 64 ENVISAT SAR data acquired from ascending
orbits, spanning the 2002-2010 time interval and approxi-
mately covering an area of 100x100 km? (corresponding to
an ENVISAT frame), have been considered. The overall
input data, comprising the SAR raw data sequence,
the DEM files and the orbital information come to
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Fig. 3. (a) Mean deformation velocity map of the Napoli Bay area, in line
of sight (LOS), which has been generated via the P-SBAS processing
on Amazon Cloud. (b) Plot of the retrieved displacement time series rele-
vant to a pixel located in the area of maximum deformation of the Campi
Flegrei Caldera.

approximately 20 GBytes. In Fig. 3 we show the mean defor-
mation velocity map in the radar line of sight (LOS), which
is one of the DINSAR results generated through the P-SBAS
processing. It is represented in the radar slant-range coordi-
nates and afterwards superimposed on a SAR amplitude
image of the investigated area. The estimated mean deforma-
tion velocity has been only computed in the areas in which
the measurement accuracy is not affected by decorrelation
noise (coherent pixels). In particular, it is worth noting that in
Fig. 3a a significant deformation pattern corresponding to the
area of the Campi Flegrei caldera is clearly shown. Moreover,
the computation of the temporal evolution of the detected
deformation has also been carried out for each coherent pixel
of the scene. For instance, the chronological sequence of the
computed displacement of a specific pixel (located in the
maximum deforming area of the Campi Flegrei caldera) is
plotted in Fig. 3b. These results are in accordance with
ground truth measurements [42], [43]. The maximum storage
capacity required by this dataset processing is of about 450
GBytes.

4.2 P-SBAS Performance Analysis within
AWS Cloud

The Napoli Bay area dataset has been chosen because it
was already used as a benchmark for the evaluation of the
P-SBAS parallel performances on a HPC cluster [17]. Here-
after, we recall the major results that were obtained in order
to introduce the analysis presented in this paper, which has
been carried out on the AWS cloud. In [17] we thoroughly
studied the scalable performances of the overall P-SBAS
algorithm by evaluating its speedup with respect to the
number of computing elements. As a computational plat-
form, the HPC cluster that is located at the CNR-IREA
premises was used. From this analysis it turned out that the
major source of inefficiency for the P-SBAS parallel per-
formances was ascribable to the presence of a non-negligible
intrinsic processing sequential fraction, which, even if it
is liable to a further reduction, remains essentially non-
eliminable because of the complex nature of the P-SBAS
algorithm. Apart from that factor which was quantitatively
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TABLE 2
CNR-IREA Cluster Nodes and Amazon Instance Type Characteristics

CNR-IREA cluster nodes m2.4.xlarge c3.8.xlarge
Processor Intel Xeon E5—2670 Intel Xeon X5550 Intel Xeon E5—2680
cores 8 (used)” 8 8 (used)*
RAM 384 GB 68 GB 60 GB
Network Infiniband (56 Gb/s) 1Gb/s 10Gb/s
NFS storage bandwidth 300 MB/s 128 MB/s 256 MB/s

* Note that although the cluster nodes are equipped with 16 cores and the c3.8xlarge instances with 32 cores, only eight have been used for
the experimental tests to achieve a proper comparison between the different platforms.

TABLE 3
P-SBAS Processing Times on the Private CNR Cluster and on the AWS Cloud
(for Two Different Resources Configurations) Relevant to the Napoli Bay Area Dataset

Nodes Number CNR Cluster processing m?2.4xlarge processing c3.8xlarge processing
time (hours) time (hours) time (hours)

1 41 54 40.5

2 23 31 22

4 14 18.5 13.5

8 9 12.5 8.5

16 7 - 6.5

taken into account by computing the relevant P-SBAS
Amdahl’s law [49], [50], the speedups that were achieved,
by exploiting from 1 up to 16 computing nodes, showed to
be definitely satisfactory (with a maximum deviation from
the Amdahl’s law of about 18 percent in correspondence
with 16 nodes).

The CNR-IREA cluster used for the scalability analysis
consists of 16 nodes, each equipped with 2 CPUs (eight-core
2.6 GHz Intel Xeon E5-2670) and 384 GBytes of RAM (see
Table 2). The cluster has a storage shared among different
nodes that is implemented through NFS and employs a
56 Gbit/s InfiniBand interconnection. In particular, each
processing node is equipped with a direct attached storage
(DAS) system in a RAID 5 configuration that ensures a disk
access bandwidth of approximately 300 MBytes/s.

The aim of this experimental section is to investigate the
P-SBAS performances, in terms of processing times, when
the number of computing nodes increases, within the AWS
cloud by using different resource configurations and com-
paring them to the corresponding performances achieved
on the CNR-IREA cluster. We carried out such an evalua-
tion by exploiting, among the available EC2 instances, those
which have similar characteristics to the used cluster nodes
and which satisfy the P-SBAS computing requirements to
process the selected data-set. Note that, from here on, we
refer to an EC2 instance as to a single computing node. In
accordance with our objective, we took both the m2.4.
xlarge” and c3.8.xlarge instances into consideration because
they have both processors that are comparable to the cluster
nodes ones, as well as enough RAM to run P-SBAS without
incurring page-faulting; they are, however, characterized by
different network bandwidths (see Table 2). Actually, the
network performance is a key factor to guarantee a good
scalability; indeed, one of the major critical issues of the P-
SBAS algorithm is the very large amount of data (in terms of

2. Note that the m2 instances family at the time of writing has been
replaced by the 13 instances family.

inputs, intermediate products and final results) that are
read/written during the overall processing into the common
NFS storage. This implies that, when the number of
exploited instances increases, the number of concurrent pro-
cesses, which simultaneously read or write on the common
storage volume, increases as well, thus remarkably raising
the I/O workload. In this case, the network bandwidth can
become a bottleneck. Furthermore, for the same reason, we
carefully evaluated the Amazon elastic block store (EBS) vol-
ume type to be used as a common NFS storage.

More specifically, as a first test bed we exploited the
m2.4xlarge instances for both master and worker nodes and
we used, as a storage disk, one “provisioned IOPS” (S5D)
EBS volume which guarantees 4,000 IOPS (I/O operation
per second), i.e., a disk access bandwidth of about 128
MBytes/s (see Table 2).

In Table 3 the elapsed times relevant to the P-SBAS
processing carried out by exploiting from 1 up to 8 nodes
with this configuration are presented, together with the
corresponding times related to the P-SBAS runs which have
been performed on the CNR-IREA cluster. The experimen-
tal results achieved on the cloud with the m2.4xlarge instan-
ces showed computing performances worse than those
obtained on the cluster. This is ascribable, in a small part, to
the m2.4xlarge processor that is slightly worse than the clus-
ter nodes one, but even more so it is ascribable to the bottle-
neck due to the network/disk bandwidth which already
begins saturating at four nodes in correspondence to the P-
SBAS steps that are heavier in terms of I/O workload and
becomes fully saturated at eight nodes. Hence, it does not
make sense to carry out the test with 16 nodes by exploiting
this configuration.

In order to overcome the above mentioned limitation, as
a second test bed we used the c3.8xlarge instances which
have a 10 Gbit/s network bandwidth and, as a storage, two
“provisioned IOPS” (SSD) EBS volumes in a RAID 0 config-
uration which allows achieving a total throughput of 8,000
IOPS (I/O operation per second) that translates in a disk
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Fig. 4. P-SBAS steps processing times relevant to the CNR-IREA cluster
run (red bars), the AWS-m2.4xlarge run (green bars) and the AWS-
c3.8xlarge run (blue bars) by exploiting eight nodes/instances. Note that
the H, | and J steps are performed twice as explained in Section 2.

access bandwidth of about 256 MBytes/s [47] (see Table 2).
The fourth column of Table 3 represents the elapsed times
relevant to the P-SBAS processing carried out by exploiting
from 1 up to 16 nodes with the c3.8xlarge configuration. It is
evident that in this case the performances that are achieved
on cloud are definitely comparable to those obtained on the
CNR-IREA cluster. Hence, we can conclude that by exploit-
ing the proposed configuration, the cloud environment
does not introduce further overhead to the P-SBAS parallel
implementation, thus allowing us to take full advantage of
P-SBAS scalable performances.

The histograms in Figs. 4 and 5 show in detail the com-
puting times for each step of the P-SBAS processing chain
relevant to the runs with 8 and 16 nodes respectively. In
particular, in Fig. 4 the performances achieved by exploiting
the cluster, the m2.4xlarge and the c3.8xlarge configurations
are compared, while in Fig. 5 those relevant to the cluster
and the c3.8xlarge are juxtaposed. It is evident from Fig. 4
that the m2.4xlarge configuration always presents the worst
performances, but it is worth noting that the largest elapsed
times are found in correspondence with the most 1/O
demanding P-SBAS processing steps, i.e., A, C and G steps.
Actually, these are also the only steps in which the CNR-
IREA cluster performances are better than the c3.8xlarge
configuration ones, due to the cluster’s larger network/disk
bandwidth. This behavior is accentuated for the 16 nodes
run depicted in Fig. 5 where the I/O workload is doubled,
with respect to the eight nodes run, in correspondence with
the P-SBAS parallel steps. In this case, at the A, C, and G
steps of the P-SBAS processing chain, the disk access band-
width of the RAID storage volume becomes saturated.

The obtained results suggest that, concerning P-SBAS elab-
orations of data-sets similar to the one that we are consider-
ing, exploiting a greater number of nodes would not be of use;
while, in the perspective of processing larger datasets which
require parallelization on more nodes, a storage volume with
a higher I/0O throughput can be used by a RAID configuration
with more than two EBS volumes (up to now, it is possible to
implement a RAID 0 configuration with up to eight volumes).

On the contrary, concerning the most CPU demanding
steps of P-SBAS, i.e., I and H, Fig. 5 clearly shows that the
times elapsed by exploiting the CNR-IREA cluster are greater
than those obtained with the ¢3.8xlarge configuration. This is

Cluster VS Cloud comparison (16 nodes/instances)
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Fig. 5. P-SBAS steps processing times relevant to CNR-IREA cluster run
(blue bars) and the AWS-c3.8xlarge run (red bars) by exploiting 16
nodes/instances. Note that the H, |, and J steps are performed twice as
explained in Section 2.

due to the slightly better processor of c3.8xlarge instances
with respect to the one with the cluster nodes (see Table 2).

4.3 Cost Analysis

As a counterpart to the time performances analysis, we
hereafter present the study of the costs relevant to the P-
SBAS runs which have been carried out on the AWS cloud
by exploiting the two different resources configurations dis-
cussed in the previous paragraph. Such an analysis is very
useful to evaluate the trade-off between times and costs of
an interferometric SAR data processing depending on the
exploited AWS computing resources and would allow a sci-
entific user to select the best configuration according to its
specific time/ cost requirements.

The overall cost of a P-SBAS run is given by the sum of
the processing cost, i.e., the cost of the exploited EC2 instan-
ces, and the storage cost.

The AWS on-demand EC2 instances are charged for
hourly use, therefore the price depends on the hourly cost of
the selected instance and on the time of use. Note that the EC2
instances hourly cost can change depending on the region
from which instances are rented. In our case the presented
costs are relevant to the EU Ireland instances. The provisioned
IOPS EBS volumes, instead, are charged by both the provi-
sioned amount of GBytes per month, which is invariant for
the same processing, as well as the provisioned IOPS multi-
plied by the percentage of days you provision for the month.’

Table 4 shows the costs relevant to the test that have been
carried out and presented in the previous paragraph. In par-
ticular the m2.4xlarge hourly cost is 0.980 USD, while the
c3.8xlarge cost is 1.680 USD. Moreover, the storage volume
is charged by 0.138 USD per GBytes-month of provisioned
storage and 0.072 USD per provisioned IOPS-month.

The costs presented in Table 4 have been extracted from
the monthly AWS invoice (VAT excluded). However, they
can be easily estimated by exploiting the following formula:

CTUT - CInstancrz * [T}’Ot’hours + (N - 1)*Tpgr

GB I0PS .
+ CStumge + CStumge’

‘huum} (1)

3. Note that the EBS volumes pricing changes for different volumes
type; for example, standard EBS volumes are only charged by monthly
GBytes of provisioned storage.
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TABLE 4
AWS Instances and Storage Costs Relevant to the P-SBAS Runs which are Shown in Table 3

Nodes m2.4xlarge Single EBS provisioned m2.4xlarge overall c3.8xlarge = RAID configuration c3.8xlarge overall
cost (USD) IOPS cost (USD) cost (USD) cost (USD) cost (USD) cost (USD)

1 53 34,8 87,8 69 44,4 1134
2 60 25,2 85,2 72,4 25,2 97,6
4 72 15,6 87,6 89 25,2 114,2
8 95 15,6 110,6 109 25,2 134,2
16 - - - 163 25,2 188,2

where: section we opted for the eight nodes run with the c3.8xlarge

0B instances and the RAID configured storage.

Cstorage = Cmonthly 6B * G Bprovisioned, @) It is worth noting that we do not include in this analysis

T the cost relevant to both the initial phase of cloud resources

IOPS tot | days configuration and deployment, that is, essentially, the storage

Cstorage = Cmontnty 65 % 10PSyrovisionea * 30 ) Creat;gol;, and data u;ﬁoa};l as well as the final P—}SIBAS outpit

In the above formulas the symbol C indicates costs, T}
and 7, stand for the P-SBAS overall and parallel execution
times, respectively, N represents the number of exploited
nodes and the notations (.)[,,0r(.)|4,, indicate times,
which have to be rounded up to hours or days.

In Fig. 6 we show the graphs representing the times/costs
trade-off of the experimental tests, which have been carried
out on AWS cloud and presented in the previous paragraph.
In particular, the P-SBAS performances, depending on the
number of exploited EC2 instances, are represented in the
time-cost plane for the m2.4xlarge configuration (red) and
for the c3.8xlarge configuration (blue). The graphs of Fig. 6
allow an understanding of the best AWS resources configu-
ration and the best number of nodes to exploit in order to
process an ENVISAT standard dataset according to the
specific time/cost requirements.

In our case, since processing time reduction is a priority
to provide results as soon as possible, the choice has been
focused on the eight nodes exploitation with either the
m2.4xlarge or the c3.8xlarge configuration. The latter
configuration presents a 21 percent costs increment and a
33 percent times decrease with respect to the m2.4xlarge
one, therefore for the case study discussed in the following

Time/Cost Tradeoff on AWS Cloud

16 Nodes

8 Nodes

4 Nodes 1 Node

8 Nodes 2 Nodes

Costs (USD)

.2 ™ 1 Node

o0 10 20 30 40 50 &0
Processing Elapsed Times (hours)

—#—c3.8xlarge configuration —B-m2.4xlarge configuration

Fig. 6. Trade-off between the elapsed times (horizontal axis) and the
overall costs (vertical axis) relevant to the P-SBAS processing of the
Napoli Bay area dataset, changing the number of exploited EC2 instan-
ces. The red line refers to the configuration with the m2.4xlarge instan-
ces and a single EBS volume storage; the blue line refers to the
configuration with the c3.8xlarge instances and RAID configured storage
with 2 EBS volumes.

download, since they are not really significant amounting to
5 percent of the overall cost. However, for the sake of com-
pleteness, in Table 5 the times and costs of all the steps
required by the initial deployment phase and data transfer
are listed. Moreover, we do not take into account the costs of
IDL licenses that are provided by the CNR-IREA institution.

5 LARGE AREA ANALYSIS: THE SOUTHERN
CALIFORNIA EXPERIMENT

In this section we present the processing of a large inter-
ferometric data stack relevant to a portion of southern
California that also includes the Los Angeles metropolitan
area, in which a large variety of phenomena that induce
ground displacements occur, such as active seismic faults,
aquifer seasonal extraction and recharge, oil extraction,
and agricultural fields. In particular, 172 ENVISAT SAR
data acquired from ascending orbits, spanning the 2004-
2010 time interval and covering an area of approximately
200x200 km? (corresponding to four slightly overlapped
ENVISAT frames), have been considered. In this case the
overall input data come to approximately 80 GBytes.

The goal of such an experiment is to exploit the results
that have been achieved in the previous section to process
the aforementioned SAR dataset by properly adjusting cloud
computing resources according to the P-SBAS requirements,
thus proving that cloud environments allow dealing with
large SAR data interferometric processing within short time
scales and at limited costs. In particular, we simultaneously
processed four ENVISAT frames through the deployment of
four identical independent pools of resources interconnected
by different subnets. The test bed encompasses the whole 32
instances, eight for the processing of each ENVISAT frame,
in the same configuration employed for the first set of experi-
ments (one master node acting both as worker node and NFS
server and seven worker nodes) and four storage volumes in
a RAID 0 configuration, each one of 500 GBytes.

In Table 6, times and costs related to each dataset proc-
essing are represented. Note that the elapsed times are dif-
ferent because they essentially depend on both the number
of SAR dataset images and, above all, on the scene’s electro-
magnetic characteristics that have a great impact on the
number of the coherent pixels. In this case the overall data
processing took less than 17 hours, with a total cost of $821
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TABLE 5
Additional Costs Relevant to the P-SBAS Initial Cloud Deployment Phase and
Data Transfer Relevant to the Napoli Bay Area Dataset

Task Time Cost (USD)
Create the Amazon EBS volumes for your array 30 seconds -
Attach the Amazon EBS volumes to the instance that you 10 seconds -
want to host the array

EBS volumes pre-warmin 2 hours 7.4
Initialize the logical RAID device from the newly attached 10 seconds -
Amazon EBS volumes

Create a file system on your RAID device 10 seconds -
Create a mount point for your RAID array 5 seconds -
Upload the data .5 hours 1.85
Download final output 10 seconds -

USD. The costs that are shown in Table 6 include processing
cost, storage cost, and additional deployment and data
transfer cost.

In Fig. 7 the retrieved LOS mean deformation velocity
map of the overall area covered by the ENVISAT frames is
showed. This image has been realized by first geocoding the
four deformation velocity maps relevant to each frame.
They have been afterwards properly combined and super-
imposed on Google Earth. Such a simple post-processing
phase has been carried out a posteriori.

It is worth noting the various deformation patterns that
are clearly shown in Fig. 7. For some of these the temporal
evolution of the measured displacements is represented
through the time series plot included in Fig. 7. In particular,
Fig. 7b is relevant to the maximum deformation zone of the
Santa Ana basin while Fig. 7c is relevant to the injection of
fluids in the Downey area. Fig. 7d is relevant to the defor-
mation surrounding the Pomona fault while Fig. 7e repre-
sents the land subsidence movement in the Lancaster zone
that is very likely caused by water withdrawal.

6 CONCLUSIONS

In this paper, a case study concerning the migration to the
AWS cloud computing environment of the advanced DIn-
SAR algorithm referred to as P-SBAS, which generates inter-
ferometric products useful for the investigation of Earth
surface deformation phenomena, was presented and dis-
cussed. The cloud deployment was carried out by encapsu-
lating the overall P-SBAS application in virtual machines
running on the cloud; moreover, the cloud resources provi-
sioning and configuration phases were implemented in an
automatic way. Such an approach allowed us to preserve the
intrinsic P-SBAS parallelization strategy and, therefore, to

straightforwardly evaluate its performances within a cloud
environment by comparing them with those achieved on an
HPC in-house cluster.

An experimental framework including two case studies
was presented to envisage an effective roadmap for DInSAR
processing of large data volumes in cloud computing
environments.

The first case study concerned the processing of the com-
plete sequence of 64 SAR images of an ENVISAT frame
(about 100x100 km?) acquired on the Naples Bay area
(southern Italy), which has already been used as a bench-
mark for interferometric analysis. The experimental results
showed that, within the AWS cloud, the P-SBAS process-
ing presents very good performance in terms of process-
ing elapsed times when the number of exploited nodes
increases. Moreover, a thorough analysis of the P-SBAS
processing costs when the type and the number of the
exploited AWS cloud resources change was accomplished.
Such a study allows the evaluation of the more suitable
configuration in accordance to the specific time/cost
requirements which, for the considered experiment,
proved to be the one set up by the c3.8xlarge instances
and the storage in a RAID configuration.

By exploiting the experimental results obtained in the
first case study, we carried out the second experimental
analysis of processing of a large interferometric dataset con-
sisting of four ENVISAT frames, for a total of 172 images
covering an area located in southern California of about
200%200 km?, including the entire Los Angeles metropoli-
tan zone. More specifically, this analysis was performed by
employing 32 EC2 c3.8xlarge instances; the overall P-SBAS
processing took less than 17 hours with a cost of about USD
850. The goal of such an experiment was to show that
cloud computing environments are suitable for rapid

TABLE 6
P-SBAS Processing Times and Costs within the AWS Cloud Relevant to the
Large Dataset of the Southern California Area

Frame numbers Data set (#images) c3.8xlarge instances Elapsed time(hours) Cost™ (USD)
1 47 8 16.7 242
2 44 8 15.5 227
3 43 8 11 192
4 38 8 10.5 192
Overall 172 32 16.7 853

“Note that the represented costs include both the instances and storage prices.
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Fig. 7. Mean line of sight (LOS) deformation velocity map on the investigated region of southern California. The plots of the retrieved deformation time
series are reported in (b)-(c)-(d)-(e) for four selected zones identified in (a) as B-C-D-E, respectively. Note also that in the inset of (a) it is shown the
location and the extension of the four ENVISAT frames exploited for this analysis (see Table 6).

interferometric processing of large data volumes at limited
costs. This implies that surface deformation analyses at a
country and even continental scale are feasable with a
potential great impact on the ongoing development of initia-
tives such as the case of the european plate observing sys-
tem (EPOS) [51].

Although the presented analysis is fully focused on the
Amazon cloud exploitation, the proposed solution is also
suitable to be deployed on other cloud environments. This
is, for instance, the case of the Helix Nebula-the Science
Cloud initiative for the provisioning of a sustainable scien-
tific cloud [52] which is currently under development.

We can conclude that this study supports the possibil-
ity to provide, in the future, the P-SBAS processing as a
multi-user service through the use of cloud computing
platforms. The development of such a type of service can

be of great benefit to provide a response to the current
SAR remote sensing scenario that is characterized by the
huge and ever increasing availability of data and by a
large number of potential P-SBAS users represented by
research institutions, governmental bodies, and compa-
nies. Moreover, the cloud environments extensive avail-
ability of computing resources perfectly matches with the
perspective of processing, also on a continuous basis, the
huge SAR data flow which is going to be provided by the
recently launched SENTINEL-1A satellite that is charac-
terized by a very large spatial coverage (250x250 km?)
and a very high revisit time (12 days). In this case, the
joint exploitation of the P-SBAS processing and of cloud
platforms could allow us to investigate Earth’s surface
deformation at nearly global scale, with continuously up-
to-date results within reduced time frames.
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