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Parallel GLRT-Based SAR Tomographic Processing
on Distributed Multi-GPU Platforms

Pasquale Imperatore

Abstract—This article addresses the development of a multilevel
parallel algorithm for detecting single scatterers in SAR tomogra-
phy, targeted at multinode multi-GPU distributed computational
architectures. Taking into account the computational structure of
the canonical processing scheme based on the generalized likeli-
hood ratio test considered in this article, an appropriate problem
decomposition is adopted to devise and formulate an efficient
parallel algorithm tailored for heterogeneous high-performance
computing platforms, thereby enabling a hierarchical exploitation
of different levels of parallelism, including both distributed and
shared memory models. Experimental evaluations conducted on
a multinode, GPU-enabled HPC cluster, using a high-resolution
SAR dataset, exhibit substantial acceleration and scalability. These
results quantitatively confirm the effectiveness of the proposed mul-
tilevel parallel framework and position the developed prototype as a
promising, scalable solution for large-scale SAR tomographic pro-
cessing applications. This is particularly relevant in light of upcom-
ing SAR missions, which are expected to generate unprecedented
volumes of data, thus demanding scalable and high-performance
processing solutions.

Index Terms—Electromagnetic scattering, graphical processing
unit (GPU), high performance computing (HPC), parallel
algorithms, synthetic aperture radar (SAR), tomography.

I. INTRODUCTION

PACEBORNE synthetic aperture radar (SAR) interferome-
S try and tomography are critical technologies for advancing
our understanding of Earth’s surface dynamics, impacting the
environment and building infrastructure. These techniques lever-
age radar signals from satellites to capture highly detailed 3-D
information and subtle changes over large areas, making them
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essential for a wide range of scientific, environmental, and engi-
neering applications. More specifically, repeat-pass differential
SAR Interferometry (DInSAR) and its evolution into persistent
scatterers interferometry (PSI), which allows the accurate local-
ization of ground targets and the monitoring of possible ground
displacements at the millimetric-per-year scale, has represented
a breakthrough in the application of SAR to risk monitoring.
Multipass and multiview SAR data are available today for most
of the Earth’s surface, thanks to repeated acquisitions by existing
sensors along consistent orbital tracks. This wealth of data has
driven the development of advanced techniques that, similarly
to multipass DInSAR [1] and PSI [2], jointly and coherently
process the available information to produce accurate physical
measurements. Among them, SAR tomography—also known as
3-D SAR imaging—is based on the principle that acquisitions
from different passes can be assimilated to signals received
by elements of an antenna array aligned along the cross-radial
(elevation) direction. Hence, as in the classic azimuth antenna
synthesis process, a synthetic aperture can be generated to profile
the scattering distribution also along the elevation direction as
well, thereby enabling full 3-D imaging of the scene [3], [4].
Moreover, DInSAR and SAR tomography have been fused in
differential SAR tomography processing, also known as 4-D
SAR imaging (space-velocity) [5], [6], which overcomes the
spatial resolution limits of classic PSI, allowing the separation
of multiple interfering scatterers within the same pixel [6].

However, analysis of long-term multiview and multitemporal
data requires the separation of useful signals from noise and
clutter to identify, locate, and monitor the largest possible num-
ber of ground structures. At the same time, it is also necessary
to minimize the risk of signal misinterpretation, even under
relatively low signal-to-noise ratio (SNR) conditions. Standard
PSI techniques detect single scatterers by comparing a deci-
sion variable—derived from matching observed phase values
to a multibaseline/multitemporal model—against a predefined
threshold. In contrast, 3-D/4-D tomography-based analysis de-
tects single targets by assessing the similarity between the
focused scattering distribution—along the elevation and
elevation-velocity directions—and the ideal response of a point
scatterer located at the specific position within the corresponding
domain.

In [7], according to the tomographic approach, the problem
was for the first time reformulated in the context of detection
theory, by deriving a detection scheme based on the generalized
likelihood ratio test (GLRT) for the identification of single
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and stationary scatterers in multidimensional SAR imaging.
GLRT-based detection has subsequently been extended to handle
multiple scatterers. In [8], a sequential two-stage scheme has
been proposed for the identification of double scatterers. In [9],
a different scheme is proposed for the detection of a number of
scatterers—even more than two—and with differences in ele-
vation and velocity below the classical Rayleigh resolution [6].
While the GLRT approach provides a powerful methodology for
analyzing SAR data, its practical realization becomes extremely
computationally demanding when applied to large multidimen-
sional SAR data, making the analysis infeasible in a reasonable
time-frame, particularly in high-resolution configurations. The
challenge is further exacerbated by the growing volume and
diversity of SAR data acquired by current and forthcoming
satellite missions, operating across multiple frequency bands,
polarimetric configurations, and acquisition modes [10].

The computational complexity inherent in SAR Tomography
(TomoSAR) necessitates the development of highly parallel
algorithms capable of efficiently handling large-scale, multi-
baseline datasets. This complexity is further amplified in large-
scale Earth observation applications, where hundreds of acqui-
sitions over wide geographic areas must be jointly processed for
3-D/4-D SAR imaging reconstructions. TomoSAR processing
pipelines involve several intensive stages and the solution of
large-scale inverse problems.

Leveraging modern heterogeneous high-performance com-
puting (HPC) platforms—such as those listed in the TOP500
ranking [11]—offers a viable path to address these compu-
tational demands. These platforms integrate multicore CPUs,
high-throughput GPUs, and domain-specific accelerators, en-
abling the deployment of hybrid parallel paradigms (e.g., using
MPI + OpenMP/CUDA) that exploit both inter- and intranode
parallelism [10], [12], [13], [14], [15], [16], [17]. To address
these challenges, it is often necessary to develop dedicated par-
allel algorithms and implement advanced computing method-
ologies [10], [18], [19], [20], [21]. Specifically, efficient and
high performance implementation methodologically requires
careful parallel reformulation of inherent processing schemes,
taking into account—for example, data locality, optimization of
memory hierarchy, minimizing data transfers between host and
device memory in GPU-accelerated kernels, optimizing problem
decomposition strategies to reduce internode communication
overhead in distributed systems and load unbalancing across
heterogeneous resources. Moreover, algorithm scalability and
performance portability are critical to ensure sustained through-
put and processing efficiency as system size and data volumes
scale.

In this article, we specifically refer to the processing scheme
introduced in [7], which is considered a reference canonical
problem for our investigation. To tackle the considered canon-
ical problem, a dedicated multilevel parallel algorithm tailored
for current heterogeneous high-performance computing plat-
forms is developed following HPC methodologies. A specific
experimental analysis is conducted using real high-resolution
SAR data and a HPC distributed platform, to quantitatively
demonstrate the benefits of the different degrees of parallelism
incorporated into the implemented algorithm. The conducted
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Fig. 1. Acquisition geometry of a multipass SAR system enables the synthesis
of a long aperture along the elevation (s) direction.

experimental investigation aims to assess the scalable perfor-
mance of the parallel strategy as both the problem size and
computational resources increase.

In this context, scalable and high-performance TomoSAR
processing solutions optimized for heterogeneous HPC architec-
tures are key enablers for near-real-time 3-D/4-D SAR imaging
of the Earth’s surface, with impactful applications at continental
or global scale ranging from urban infrastructure monitoring to
environmental changes modeling and detection.

This article is organized as follows. The theoretical back-
ground of the considered canonical problem is presented in
Section II. The multilevel parallel algorithm developed for the
problem at hand is described in Section III. In Section IV, the
experimental validation of the parallel prototype is discussed,
with emphasis on the inherent performance analysis. Finally,
Section V concludes the article.

II. PROBLEM FORMULATION AND DETECTOR DESIGN

Let us consider N SAR images acquired by a monostatic
multipass system operating at wavelength A and range distance
r, as schematized in Fig. 1. We consider the problem of de-
tecting the presence of a (single) target within each imaged
azimuth-range pixel and estimating its geophysical parameters.
The latter are usually given by the elevation (cross-radial) po-
sition s and the mean deformation velocity v, associated with
possible movements of the ground. More specifically, we are
interested in the detection of the so-called persistent scatterers
(PSs), characterized by a very stable electromagnetic response
between different SAR acquisitions [2].

PSI techniques address this problem by modeling the phase
; of the signal backscattered by a PS in a generic image pixel,
received at the ith antenna and properly phase calibrated [1], [2],
as

i = 21&s0 + 2rqug 1=0,...,N—1 (1)

where sg and vy are respectively the target elevation and mean
velocity deformation, §; = 2b;/Ar and ¢; = 2t;/A are the ele-
vation and velocity frequency, corresponding to the orthogonal
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baseline b; and the temporal baseline ¢; of the ith acquisition
with respect to a reference master image. In this context, a
target is identified as PS if the mismatch (i.e., the residual
phase) between the model (1) and the observed phase in the
complex data domain is above a suitable threshold, usually set
by experimental evidence.

Unlike PSI, SAR tomography techniques, also known as
multidimensional SAR imaging [5], [6], exploit both the ampli-
tude and phase information of the received signal. This enables
the reconstruction, for each azimuth-range image pixel, of the
backscattering distribution in the elevation-velocity domain, i.e.,
the reflectivity profile -y of the pixel over the (s, v) domain. Fig. 1
shows the basic concept of 3-D SAR imaging, which synthesizes
a long antenna in the cross range (elevation) direction.

Following the basis of the SAR tomography approach, a test
for the detection of single PSs has been proposed in [ 7]. Here, the
complex phase calibrated signal x; acquired at the :th antenna
and backsacttered, in a given pixel, by a PS located at point (s, v)
of the 2-D elevation-velocity domain is modeled as

T; =y a;(s,v) + w; (2)
where
a;(s,v) = exp(j27&;s + j2mg;v) (3)

is the complex phase term depending on the system and scatterer
parameters; y is the target complex reflectivity; w; is the additive
disturbance contribution affecting the received signal; finally,
j = +v/—1. The model in (2) can be written in vector form as

x =~va(s,v) +w “)

where the N-length vectors  and w collect images and noise
components, respectively; a(s,v) is the steering vector, which
identifies the target direction in the complex N-dimensional
vector space.

The problem of detecting the presence of a target with un-
known backscattering coefficient v and elevation-velocity pa-
rameters, i.e., unknown position (s, v) in the elevation-velocity
plane, is cast in [7] in terms of the following binary hypotheses
test:

Ho:x=w
Hi:x=va(s,v) +w. (%)

According to the Neyman—Pearson criterion, the optimum
solution to the hypotheses testing problem (5) is the likelihood
ratio test (LRT) [22], i.e.,

w;s’v’ b) 277-[ H
pl@isv .o, H) % ©)
p(x;0%,Ho)

L(x) =

where p(x; s, v, 7, 0%, H1) and p(x; 02, Ho) are the probability
density functions (pdf’s) of & under hypotheses 71 and H,
respectively, T is the detection threshold, set according to the
desired value of the false alarm probability P;,. The latter is
defined as the probability that the test decides for the presence
of a target when it is actually absent (i.e., decides for 7{; under

Ho).
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Further developments require specifying the pdf’s of  under
Hi and Ho. Assuming, as usual, that the noise vector w is
distributed as a complex circular Gaussian random vector with
zero mean and covariance matrix E[ww!!] = 021y, E[-] being
the statistical expectation, I v the (N x N) identity matrix, and
o? > 0, the two pdf’s of & are given by

1 T —ya(s,v 2
p($;871}77702a%1) - (ﬁUQ)NeXp <||0_2()|>

)

and

1 2
p(m50% Ho) = (WJQ)Nexp <_||a:|| ) (8)

which, substituted in (6), leads to the following expression for
the LRT:

Ho
Re {W*GH(s,v)m}E Ts ©)
1
where Re{-} denotes the real part of the argument, (-)* is
the conjugate operator, the superscript H denotes the Hermi-
tian (conjugate transpose) operator, || - || denotes the Euclidean
norm, and the same symbol Ty has been used to indicate the
modified threshold. The above expression highlights that, for
the case at hand, the optimum test cannot be implemented, since
it requires the knowledge of the parameters s, v, and -y that, in
practical situations, are unknown. A possible way to circumvent
this drawback is to exploit suboptimum detection procedures
such as the GLRT test [22].
The GLRT replaces the unknown parameters with their max-
imum likelihood (ML) estimates in the LRT (6). Specifically, it
implements the following decision rule:

. 2
rnapr (ZI?, $0,79,0 aHl)

S) b 9 Hl
Sl - > T,. (10)
max p (ac;a ,Ho) Ho
[eg

Performing under each hypothesis the maximization over the
respective unknown parameters, (10) can be recast as
" (s, v)z|

b St e B
2 Ls
v la(s, o)zl 4

(11)

where the optimization is carried out over the (s, v)-domain, ¢
explicitly denotes the test statistic, and Ts denotes the modified
detection threshold. According to (11), the problem is formu-
lated as a binary hypothesis test aimed at discriminating, on a
pixel-by-pixel basis, between the presence (hypothesis ;) and
the absence (hypothesis Hg) of a target. The right-hand side of
the test in (11), namely ¢ € [0, 1], represents a measure of the
match between the data and the assumed model—i.e., between
the SAR multiacquisition and the steering vector associated with
a specific point in the (s, v) domain.

Accordingly, whenever the presence of a target is declared,
the ML estimators of residual elevation s and the mean velocity
v of the target are obtained as

H
PP a x
(5,7) = arg max la”(s, v)a|

5,0 ||a(S,U)|| H:I)H (2
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In practice, optimizating in (11) is usually performed over a
finite, uniformly spaced bidimensional grid in the (s, v)-plane,
thus its discretized version becomes

~ la (sn,v0)z|

¢ = max 2 Ts (13)
snvn |@(sn, va) | 1] 4,

where (s,,, vy, ) is the nth point of the bidimensional discretized
search grid G in the (s, v) domain, withn =0, ..., M M, — 1.
We highlight that in brute-force nonlinear optimization over 2-
D domains, grid-based search involves a fundamental tradeoff
between accuracy and computational cost. Thus, finer grids yield
asymptotically consistent estimates of the nonlinear optimum
but at quadratic computational expense, whereas coarser grids
preserve tractability at the price of systematic discretization bias
that distorts the location of the optimal solution relative to the
continuous problem.

The values of the test statistic ¢, along with the estimated pa-
rameters S, and v at each image pixel constitute the three output
maps of the algorithm. Evaluating these maps is computationally
demanding. Consequently, as the number of acquisitions and
image pixels to be processed increases, the overall computa-
tional burden may become prohibitive without the adoption of
optimized, parallel processing strategies.

Although it is evident that the computation in (11)—(12),
which can be carried out on a pixel basis, is amenable to
parallelization, translating this natural potential into an efficient
multilevel parallel algorithm—capable of fully exploiting the
different levels of parallelism offered by current heterogeneous
computing platforms—requires dedicated investigation, as dis-
cussed in the subsequent section.

III. PARALLEL FORMULATION OF THE PROBLEM

This section is devoted to the parallel reformulation of the
canonical processing scheme introduced in the previous section.
The hierarchical multilevel parallelism pattern adopted in this
article is derived from a suitable decomposition of the compu-
tational model, as discussed herein.

A. Target Heterogeneous Computing Architectures

In a typical heterogeneous multicore and multi-GPU node, the
host features multiple identical cores and hierarchical memory,
and it is connected to heterogeneous GPUs. The host and the
devices have disjoint memory spaces, and explicit memory
transfers are required for communication between them. Such
distributed architectures are increasingly prevalent in the current
HPC landscape and represent the primary target for the parallel
solution we aim to develop [11].

Fig. 2 shows a representative scheme of a distributed het-
erogeneous multinode platform, where each node is composed
of multiple CPUs and GPU devices, interconnected via a high-
speed network.

B. Computational Cost

Preliminary, we concerns with the number of operations
required by the problem considered. The computational costs
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Fig.2. Scheme of a distributed heterogeneous computing architecture.

can be evaluated in terms of the number of floating point op-
erations needed to solve the considered canonical problem. It
basically scales as follows:

C=NxXxMxNypgx Ng, (14)

where
1) M = MM, is the total number of prescribed discrete
locations of a meshgrid in the search space (s, v);

2) N is the number of SAR images;

3) N,q4and N, represent the SAR image size along the range

and azimuth directions, respectively.

It should be noted that M is usually much larger than IV, with
M typically on the order of thousands (reaching up to 10 000 or
more points for finer elevation grids), and N typically consisting
of several tens of acquisitions (e.g., 20-200 acquisitions). On the
other hand, the total number of pixels N, x N,, might be in
the hundreds of millions.

C. Problem Decomposition

As a preliminary step, it is convenient to focus on the com-
putationally dominant task pertinent to the evaluation of the
product a! (s, v)z underlying the optimization problem in (12).
It should be noted that this term has to be evaluated over a
prescribed meshgrid in the search domain (s, v), thus motivating
the convenient introduction of a formal operator €2, to be applied
to a normalized version (z/||z||) of the data vector & € CV
describing the set of SAR acquisitions for the pixel under test.
The linear operator €2 can be represented by a complex matrix of
size M x N, whose rows are given by the vectors a'!(s,,, v,,),
with m € {1,2,..., M}. Once Q(x/||x||) has been evaluated,
the results for the considered pixel in terms of estimated mean
deformation velocity, residual topography, and coherence, can
be straightforwardly obtained, according to (12) and (13). As
will be discussed later, the computation of the steering vectors
can be parametrically performed on a per-tile basis by logically
partitioning the SAR images into @ tiles in a convenient manner.

In the context of parallel computing, the concept of homo-
morphism generally refers to structure-preserving transforma-
tions that can be used to divide a large problem into smaller
subproblems that can be solved concurrently across multiple
processing units. The decomposition strategy can then be sys-
tematically addressed using a formalism based on the concept
of homomorphism, as discussed in [17], [18]. As a result, the
computational scheme can be easily and formally structured as
a parallel algorithm.
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Fig. 3. Multilevel parallel pattern: K x P overall number of GPUs.

Consider objects of a structured type:

d=di®dy®---Ddp 5)

wheredy, ds, . .., dp, are objects of a structured type, and & is an
operation that builds them into a larger object d, of the structured
type. For the specific case considered in this article, d represents
a reshaped version of the entire 3-D data stack (see also Fig. 3),
which can be partitioned into a set of blocks, according to (15).

In its strict mathematical sense, a homomorphism is a
structure-preserving map between two algebraic structures. For-
mally, for two algebraic structures (D, @) and (F, o), a homo-
morphism 2 : D — F satisfies the following condition [17],
[18]:

Qdy & dy & -+ & dp) = Qdy) 0 Qds) - 0 Udp)

forall di,ds,...,dp € D, where o is the combine operation.

More specifically, the formalism in (16) exposes a first level of
(distributed memory) parallelism available for the computation
of Q(d)—that is, the fundamental processing operation to be
applied to the entire 3-D data stack. This computation is equiv-
alent to performing multiple independent tasks, each involving
the same operation applied to different objects or data blocks
(i.e., evaluation of Q(d,), with p € {1,2,..., P}), which can
therefore be carried out in parallel on different computational
nodes. Moreover, each object d, can be further partitioned as
follows:

(16)

dp =5p1 D Sp2 @D SpK a7

withp € 1,2,..., P. Accordingly, a second level of (intra-node)
parallelism concerns with distributing the computation €(d,,)
assigned to the node p across multiple GPUs of the same node:

Qsp,1 ® sp2®-+ @ Sp,) = Usp,1) 0 Qsp2) - 0 Qsp,k)
(18)
where K represents the number of GPUs per node.

In order to exploit the different levels of parallelism of the
current available heterogeneus computational platforms, the
considered canonical problem is broken into the processing of
small chunks (of the reshaped 3-D data stack), according to
(15) and (17) to be distributed across multiple computational
units. Furthermore, the transformations in (16) and (18), which
hierarchical decompose the original computational problem into

TABLE I
COMPUTATIONAL BREAKDOWN OF (13)

Total Cost per

Subtask . :
image pixel
Generate a(s,v) O(NM)
Compute a'l(s,v)x O(NM)
Normalization by ||z || O(N)
Max over M values O(M)

TABLE II
SOFTWARE ENVIRONMENT

Name Language Version
BLAS (FlexiBLAS) C/C++ 3.04
Lapacke C/C++ 3
GCC
Omp (OpenMP) C/C++ OpenMP
Cublas_v2 (CUDA) CUDA-C CUDA 11.0
Cuda_runtime CUDA-C CUDA 11.0
CuComplex (CUDA) CUDA-C CUDA 11.0
Mpi (OpenMPI) C/C++ 4.12

smaller parts for parallel execution across two distinct levels of
parallelism, preserve the computational structure of the problem
while ensuring that operations on the subproblems remain con-
sistent with the structure of the original problem. The resulting
multilevel parallel pattern is depicted in Fig. 3.

Finally, we address shared-memory parallelism at the thread
level to take advantage of multicore CPUs [14]. It is important
to note that steering vectors a(s,,v.,), which in principle
should be computed on a per-pixel basis, can be approximated
with reasonable accuracy on a per-tile basis, with the tile size
appropriately chosen. This implies a reduction of the inher-
ent computational cost from O(NMN,¢N,.) to O(NMQ),
where ) denotes the number of image tiles (see also Table I).
Hence, the computation of the vectors a(s.,, vy, ), with m €
{1,2,..., M}, can be distributed across different CPU cores
(multithreading). Subsequently, once the operator §2 has been
computed on a per-tile basis efficiently using multicore CPUs, it
can be applied to the data (so obtaining (/||| )) on a per-pixel
basis using GPU architecture.

Within this framework, the problem is systematically decom-
posed into independent subproblems, achieving a suitable level
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Algorithm 1: Distributed Multi-GPU GLRT-Based TomoSAR Processing (High-Level Workflow).

Require: SLC stack (or data cube), grid G, tile partition into () independent blocks, Ty is the detection threshold
Ensure: Detection map and estimated parameter(s) per pixel (e.g., peak index and GLRT value)

: Data decomposition: assign a set of tiles Q,. to rank r

: for each tile ¢ € Q,- do
Load tile data into host pinned buffer

Nl

: Initialization: MPI_Init(); determine rank r and number of ranks p
: Resource mapping: bind each rank to one GPU device; create CUDA streams and GPU libraries handles
: Memory setup: allocate device buffers and pinned host buffers (enabling asynchronous transfers)

: > Each node uses all its GPUSs; tiles are independent during the main compute phase

Prepare auxiliary data on host (e.g., baselines/time vectors; operator/steering components for G)
Offload to GPU(s) using asynchronous transfers (Host — Device)

10: Evaluate GLRT statistic on GPU(s) over G (dominant compute phase)
11: Reduce and decide (compute ¢, apply detection threshold Ty)
12:  Retrieve outputs using asynchronous transfers (Device — Host)

13:  Store results for tile ¢
14: end for

15: Final aggregation: collect results across ranks (parallel I/O)

16: Finalize: release resources; MPI_Finalize()

of computational granularity and making the overall solution
highly scalable. The adopted decomposition enables the expres-
sion of parallelism at multiple levels of the parallel execution
pattern, including both (multinode) distributed memory and
(intranode) shared memory parallelism, the latter encompassing
both multicore and many-core architectures.

The goal of this parallel reformulation is to achieve an effi-
cient execution by minimizing both load imbalance and parallel
overhead—two critical factors that strongly impact performance
in high-performance computing environments. It should be
noted according to the adopted pattern, the parallel algorithm
does not require communication between processes during exe-
cution in a distributed memory environment.

D. Parallel Implementation

The fundamental implementation mechanisms required for
the realization of parallelism on heterogeneous architectures are
briefly discussed here.

The proposed solution exploits both distributed-memory
(multinode) and shared-memory (on-node) parallelism. Accord-
ing to Section III-C, the input SAR image stack is initially
segmented into () tiles, each representing a contiguous rect-
angular region in the range-azimuth domain. This tiling strategy
enables efficient data partitioning and storage across hard drives.
The data volume portion corresponding to each tile can be
conveniently regarded as composed of P blocks, where P is
the number of available computing nodes. At the top level,
the generic object d,, is then constructed by collecting one
block for each of the @ tiles, exploiting data access continuity
and ensuring balanced workload distribution across nodes (load
balancing). To ensure flexibility, the implemented data distribu-
tion scheme also accommodates any remaining blocks resulting
from a nonexact division by P. Finally, the object d,, is further
decomposed to ensure that the workload is evenly distributed
across the GPUs of node p, according to (17).

TABLE III
LIBRARY MODULES USED FOR OUR PROTOTYPE

Blas Cublas CUDA Runtime
cblas_dcopy | cublasCreate cudaMallocHost
cblas_scopy | cublasSetStream | cudaMalloc
cblas_dscal cublasZgemm cudaMemcpy
cublasDestroy cudaMemcpyAsync
cudaGetDeviceCount
cudaSetDevice
cudaGetLastError

cudaStreamCreateWithFlags
cudaStreamSynchronize
cudaStreamDestroy
cudaFreeHost

cudaFree

Some considerations regarding the practical implementation
of the adopted strategy are now in order. In the realm of
high-performance computing, the development of libraries for
parallel and distributed computing has predominantly focused
on a subset of compiled languages, including Fortran, C, and
C++. In contrast, interpreted languages (e.g., Python, IDL) tend
to offer suboptimal performance [10], [15].

Specifically, for the prototype implementation, we use C
and Cuda-C programming languages [23], as well as various
libraries for solving numerical problems and implementing par-
allel patterns. For the implementation of parallelism with dis-
tributed memory, we use OpenMPI [24], while we use OpenMP
for the (shared memory) implementation with multithreading
parallelism [14], [25]. Moreover, the used libraries include
OpenBLAS, CuBLAS, CUDA Runtime [26] (see Table II and
Table III).

Considering the above-described implementation decompo-
sition, each MPI process is tied to a single GPU device, forming
a multinode, multi-GPU execution in which all GPUs work con-
currently on different data blocks. Within each GPU, we exploit
CUDA streams and device concurrency to maximize throughput.
In particular, each GPU utilizes multiple CUDA streams (two
in our prototype) to overlap data transfers between the host
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Fig. 4.  Spatial-baseline/temporal-baseline distribution.
TABLE IV direction and 40 km in the range direction, including a portion
SAR CSK DATASET of the sea and harbor areas. The main characteristic parameters
Parameter Value of the SAR data stack are summarized in Table IV.

— - The spatial and temporal baseline distribution is shown in
8{)1:gr\]?;trizitlg?remon Rigﬁfﬁgﬂﬁ;ﬂg Fig. 4: the total spatial baseline span is approximately 2654 m,
Polarization HH while the temporal baseline span is 9.6 years.

Number of images 148 Test areas such as the selected one are particularly suitable
gﬁﬁifr];;;zq\sf;;y(ggg 132'22 for assessing the robustness of the detector against false alarms,
Sampling Frequency (MHz) 161.25 as they may include nonstationary noise contributions from sea
Azimuth Bandwidht (kHz) 2.63 backscattering and impulsive noise generated by ships, which
gaRrF O(ff}i‘) dir Angle (degree) 3'5122 act as time-varying strong reflectors in certain acquisitions.

Near Off-nadir Angle (degree) 22.60 Preliminarily, the SAR dataset has been properly prepro-
Range Sample Spacing (m) 0.93 cessed, including geometric image coregistration and phase cali-
gz;rg:til:nizglgilzeSpaCIHg (m) 19263 bration to compensate for atmospheric disturbances. Moreover,
Azimuth image size 19487 a compensation of the phase terms related to the large-scale

and device with kernel executions. Algorithm 1 summarizes the
overall workflow. Further implementative details are discussed
in [27].

IV. EXPERIMENTAL RESULTS

In this section, we first introduce a representative case study,
including a description of the input dataset, the algorithm param-
eters used, and the resulting numerical outcomes (see Section
IV-A). We then outline the computational environment (see Sec-
tion IV-B) and describe the adopted parallel performance metrics
(see Section IV-C). Finally, parallel performance analysis is
addressed (see Section IV-D).

A. Case Study

For our experimental analysis, we employ a high-resolution
X-band SAR image dataset composed of 148 SLC images
acquired in Stripmap mode by the COSMO-SkyMed (CSK)
constellation over the city of Salerno, Southern Italy, and its
surrounding areas. The images were acquired during ascending
passes of the satellites between October 2012 and May 2022,
with a look angle ranging from 22.60° to 25.66°.

Each SAR image consists of approximately 383 megapixels
(MP). The selected area covers about 45 km in the azimuth

topography and the deformation contributions has been carried
out according to the small-baseline subset approach operating at
lower spatial resolution, see [28]. Different implementations of
preprocessing operations are possible, and a detailed discussion
on parallel solutions and parallel performance can be found
in [10].

The GLRT-based parallel processing scheme considered in
this article has been applied using the above-mentioned SAR
data stack to retrieve the residual topography and deformation
components of the detected PSs [7]. According to the selected
baseline distribution, the resulting (theoretical) elevation and
velocity resolutions are about 4.13 m (1.9 m in height) and
0.16 cm/year.

To facilitate the practical solution of the optimization problem
presented in (12), the search domain was constrained by impos-
ing bounds on the decision variables: the residual elevation span
h was limited to the interval [—as, as], with a; = 50m (i.e., a
total range of 100 m), and the residual velocity was restricted to
the interval [—a,, a,], with a,, = 2.0 cm/year (i.e., a total range
of 4 cm/year). We highlight that the selected elevation span h
is lower than the unambiguous interval [29], which is evaluated
roughly as 600 m in the considered case.

Moreover, the residual elevation and velocity bin sizes were
set to 1.00 m (corresponding to a vertical binsize of 0.47 m) and
0.10 cm/year, respectively. Consequently, the number of discrete
values considered is M, = 101 for elevation and M, = 41 for
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Results obtained for the whole area of the considered test case. The range direction is from left to right; the azimuth direction is from bottom to top.

(a) Multilooked SAR image intensity. (b) Residual topography s (in meters) of the detected targets. (c) Residual deformation velocity v (cm/year) of the detected

targets. (d) Test statistic e

velocity. It is worth noting that, according to the linear model
introduced in Section II, the estimated residual velocity indeed
represents a temporal mean value [28].

In Fig. 5, the range direction is from left to right; the azimuth
direction is from bottom to top. In particular, the temporal
multilook SAR intensity image of the whole area under investi-
gation is shown in Fig. 5(a). This test site includes mountain and
submontane reliefs, as well as urban and vegetated areas. From
visual inspection, strong local radiometric distortions induced
by reliefs can be recognized [30]. Black tiles are also noticeable
at the bottom of the image, covering sea regions that have been
equalized for further testing. It should be noted that urban areas
and infrastructures typically provide higher coherence and are

compatible with the PS model, whereas vegetated areas are more
affected by temporal decorrelation. To demonstrate the practical
effectiveness of the adopted canonical GLRT processing scheme
in identifying PS, the resulting residual topography and residual
deformation velocity of the detected targets are shown in
Fig. 5(b) and (c), respectively. Finally, the test statistic ¢, which
quantifies the degree of agreement between the adopted model
and the processed data, is reported in Fig. 5(d). It should be clear
that the pixels in the color-coded representation of Fig. 5(b) and
(c) correspond exclusively to stable scatterers, i.e., those for
which the test statistic ¢ exceeds the detection threshold T.
The detection threshold T was set according to the desired
probability of false alarm Pp,. The latter has been evaluated
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Zoomed-in view of an area extracted from Fig. 5 (see the red box overlaid in Fig. 5(a)). (a) Multilooked SAR image intensity. (b) Residual topography s

(in meters) of the detected targets. (c) Residual deformation velocity v (cm/year) of the detected targets. (d) Test statistic c.

resorting to a Monte Carlo approach, exploiting simulated data
in the absence of PSs [7]. In particular, we set Pr, = 107
corresponding to T = 0.36.

To better analyze the dynamic of the measured processes
and highlight the performance of the detection method, Fig. 6
provides a zoomed-in view of a small urbanized area, extracted
from Fig. 5 and corresponding to the red box overlaid in Fig. 5(a).
By visual inspection of Fig. 6, the correspondence between
man-made structures (acting as PSs) and detected targets is
also evident, confirming the high level of accuracy achieved
by the GLRT method in the localization of single scatterers. In
Fig. 6(c), localized areas subject to deformation can be clearly
recognized, while the majority of pixels exhibit a zero resid-
ual deformation velocity (in green), as indicated by the color
coding.

B. Computational Platform and Operating System

The experiments were carried out using a multinode hetero-
geneous HPC platform consisting of 23 nodes in an IBM cluster.
Each node is equipped with a Power 9 processor that has 32 cores
operating at 2.7 GHz (3.3 GHz in turbo mode) and supports four
threads per core. Each node is also provisioned with 1024 GB of
RAM, and 4 Nvidia V100 GPUs, each with 32 GB of memory
(see Table V).

Nodes are connected via a high-speed Infiniband network,
providing data transfer rates of up to 100 Gb/s. The scheme of the
platform is pictorially depicted in Fig. 2. The cluster’s software
component is built on the Red Hat Enterprise Linux version 8.4
operating system, with workload management handled by IBM
Spectrum LSF suite.
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TABLE V
SPECIFICATION OF A NODE OF THE HETEROGENEUS COMPUTATIONAL
PLATFORM
BEN Platform Node CPUs GPUs
Architecture 2 x IBM POWER9™ 4 x Nvidia V100
Core Clock 2.7 GHz 1530 MHz
Number of Cores 2 x 16 5120 CUDA
Memory size 1024 GB 32 GB
Memory Bandwidth 108 GB/s 897 GB/s
Interconnection Mellanox connectx-5 PClIe 3.0 x16

C. Performance Metrics

In order to rigorously quantify the performance characteristics
of the parallel implementation under investigation, it is necessary
to introduce appropriate performance metrics grounded in paral-
lel computing theory [15], [16], [31]. Two canonical paradigms
for such analysis are embodied in the notions of strong scaling
and weak scaling, which constitute fundamental frameworks for
the empirical and theoretical evaluation of parallel algorithms
and architectures.

Strong scaling pertains to the scenario in which the total
problem size W remains invariant, while the number of process-
ing units p is increased. This effectively quantifies the ability
of a parallel system to reduce the execution time of a fixed
computational workload as parallel resources are augmented.
The associated metric is the strong scaling speedup, denoted by
Sp, and is formally defined as

_T(W,1)

P = T(Wp) (19

where T'(W, p) represents the time required to solve a problem
of size W using p parallel processing elements (PE). The numer-
ator, T'(W, 1), corresponds to the sequential execution time on
a single processing unit, thus serving as the baseline reference.

Conversely, weak scaling investigates the system’s capability
to maintain constant execution time as both the problem size and
the number of processors are increased proportionally, thereby
preserving a fixed workload per processing unit. This perfor-
mance indicator is particularly relevant for problems exhibit-
ing extensive scalability or data parallelism. The weak scaling
speedup 5’1, is mathematically expressed as

& — PT(W 1)

7 20
P = T W.p) 20

where T'(pW, p) represents the execution time for a problem
of size pW on p processing units, and pT (W, 1) represents the
ideal scaled execution time assuming perfect linear scaling. In
the ideal case of weak scaling, S’p would also be equal to p, which
means perfect scaling where the execution time remains constant
as the problem size and the number of processing units scale
together. Deviations from the ideal scaled speedup (5’1, <p)
typically arise from the parallel overheads, which can become
more significant even when the workload per processing unit
is kept constant as the scale increases. While the workload per
processor remains constant, the total communication volume
and the complexity of interprocessor dependencies can increase,
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leading to a decrease in efficiency at larger scales. Memory
bandwidth limitations can also become a bottleneck in weak
scaling scenarios.

It should be noted that the concept of weak scaling is closely
related to Gustafson’s Law (GL), which suggests that as the
number of processing units increases, the problem size can
also be increased to maintain a constant execution time or
even achieve a scaled speedup that grows linearly with the
number of processing units, especially if the parallel portions
of the workload scale effectively with the increased resources.
GL emphasizes that the limitations imposed by the sequential
fraction of the computation can be less restrictive if the problem
size is allowed to grow with the available parallel resources [32],
[33], [34].

In both scaling regimes, a further metric is provided by the
concept of parallel efficiency, which measures the degree of
resource utilization relative to the ideal linear scaling. For strong
and weak scaling, the respective efficiencies €, and &, are
defined as

s, . 5,

p p

21

where ¢,, quantifies the actual speedup achieved per processing
unit in strong scaling, and €, captures the same for weak scaling
conditions. High values of efficiency (approaching 1) indicate
minimal overhead and optimal scalability, whereas significant
deviations reflect factors such as communication costs, synchro-
nization overhead, and load imbalance.

This dual-scaling analysis provides a robust and compre-
hensive framework for evaluating the scalability and practical
viability of parallel algorithms across a broad spectrum of com-
putational architectures.

D. Scalable Performance Analysis

In this section, to assess the performance of the developed
parallel algorithm, we present a thorough experimental analysis
conducted on the heterogeneous computational platform intro-
duced in Section I'V-B.

We processed the entire SAR dataset described in Sec-
tion IV-A, with a total memory usage of 371 gigabytes. The
sequential processing time of the entire dataset requires ap-
proximately 33h (N,.y X N, = 383,153,394, N = 148, M =
4141, Q = 22). As a preliminary step, we validate the imple-
mented parallel prototype by comparing its numerical results
with those produced by the sequential version of the algorithm,
thereby verifying both functional correctness and numerical
accuracy of the developed prototype.

A quantitative assessment of the acceleration and scalability
performance of the implemented protopype is now presented. To
highlight the speedup achievable by exploiting the various levels
of parallelism available in the shared-memory architectures
(intranode parallelism), for a prescribed chunk of the workload
(33.3 h /22 = 5443.6 s) assigned to a single computing node,
we compare the corresponding execution times obtained using
different incremental versions of the developed algorithm, as
follows.
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TABLE VI
COMPARISON OF DIFFERENT SHARED MEMORY (INTRANODE)
IMPLEMENTATIONS
Implementation Execution Time (sec)
Sequential (OpenBlas) 5443.6
Parallel Shared Memory (OpenMP, OpenBlas) 294.8
Single GPU (Cuda) with stream 30.4
4 GPUs (Cuda) with stream 7.3

First, we consider the scenario where only CPU-based par-
allelism is exploited across multicore processors, resulting in
an execution time of 294.8 s. Next, we augment the degree of
parallelism by leveraging one available GPU in addition to the
multicore CPUs, which reduces the execution time to 30.4 s.
Subsequently, by utilizing the full parallel capabilities of the
node—including all four GPUs—the execution time further
decreases to 7.3 s. For reference, the execution time of the
sequential version of the algorithm is estimated at 5443.6 s.

The results are summarized in Table VI, showing the exe-
cution times for processing a prescribed workload assigned to
a single computing node, for the different incremental imple-
mentations, thereby emphasizing the associated performance
improvements. Overall, the full exploitation of intranode paral-
lelism yields a speedup of approximately 743 x, demonstrating
the effectiveness of the proposed parallelization strategy.

This performance-oriented investigation also reflects the orig-
inal and incremental methodology followed in the development
of the parallel application, where each implementation increases
the level of parallelism relative to its predecessor.

Table VII reports a stage-level timing breakdown for the
single-GPU (1 stream) and multi-GPU (4 GPUs, streams) con-
figurations. Specifically, we separate: i) host-side data prepara-
tion (baseline/time vector setup and host allocations), ii) Host
— Device memory copy (input transfers), iii) device compute
(cuBLAS routines and custom CUDA kernels), iv) device re-
duction and decision (reduction/selection of the GLRT statistic
and final decision), and v) Device — Host memory copy (output
transfers).

The results show that execution is strongly compute-
dominated. In the single-GPU case, the mean total runtime
is 30.4357 s, with device compute accounting for 29.3177 s
(96.33%), while all noncompute stages contribute only 3.67%
overall. In the multi-GPU case, the mean total runtime is
7.3263 s, with device compute representing 99.43% of the
total time. Here, device compute is reported as the critical-path
time, i.e., the maximum compute time across the 4 GPUs, as it
determines the elapsed time of the multi-GPU execution.

To explicitly quantify load balancing across GPUs, we intro-
duce the intranode imbalance index

tmean

T — tmax - (22)

tmean

where a5 and tyeqn are, respectively, the maximum and mean
per-GPU compute times within a run. Across ten multi-GPU
runs, we measured Z,y, = 3.51% and Zpax = 8.85%, confirm-
ing that the adopted decomposition yields a well-balanced work-
load distribution across the four devices.
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Subsequently, we analyze the scalable performance achieved
using the multinode architecture. To quantitatively demonstrate
the benefits of the implemented distributed parallelism, the
metrics introduced in Section IV-C are employed. Performance
evaluation was conducted over ten independent runs, with the
average execution time used to evaluate representative metrics.

Specifically, the speedup obtained using the aforementioned
heterogeneous HPC platform is evaluated under both strong and
weak scaling scenarios (see Section IV-C), see Fig. 7. In all
distributed experiments, each computing node is equipped with
four GPUs (see Table V), and our implementation uses all 4
GPUs available per node. Therefore, if p denotes the number
of computing nodes, the total number of GPUs used is 4p. The
scaling results reported in Fig. 7 are presented as a function of
p (computing nodes), with a fixed baseline of four GPUs per
node. It is worth noting that internode communication is limited
to the initial distribution of independent data blocks and the
final collection of results; the dominant compute phase executes
without internode exchanges. We instrumented all MPI calls and
observed that the aggregate MPI time remains negligible com-
pared to the device-compute time, hence it does not materially
affect the observed scaling behavior in Fig. 7.

Fig. 7(a) illustrates the experimentally measured speed-up
Sp in a strong scaling scenario, where the entire data stack is
processed while varying the number of engaged computational
nodes. The ideal (linear) speedup, which represents a theoretical
upper bound for paralell performance, is also shown (dashed
line) as a reference. Similarly, the associated efficiency, ¢, is
depicted in Fig. 7(c).

We can observe substantial speed-up using the proposed im-
plementation, with the experimental behavior being very close
to the ideal one. The inherent discrepancy can be ascribed to
communication overhead, load imbalance among computational
nodes, and synchronization costs, which are typical sources of
inefficiency in distributed parallelism.

In the weak scaling scenario, the obtained speedup Sp and the
corresponding efficiency &, are presented in Fig. 7(b) and (d),
respectively. As a result, the evaluated metrics exhibit an almost
linear progression as the number of nodes increases, indicating
that as both the problem size and computational resources in-
crease, the parallel approach showed excellent overall speedup
and scalability.

Therefore, a speedup of approximately 16x was achieved by
exploiting the distributed (multinode) architecture, consisting of
23 nodes (92 GPUs), see Fig. 7(a). In conclusion, by combining
the speedups from intranode and multinode parallelism, a total
speedup of 743 x 16 = 11 888 is achieved by fully exploting
all the different levels of parallelism offered by the used hetero-
geneous computational platform, resulting in a reduction of the
total execution time for processing the entire SAR dataset from
33.3 h to approximately 10 s.

E. Final Remarks

We presented the design, implementation, and scalable per-
formance evaluation of a novel parallel GLRT-based tomo-
graphic processing scheme targeted to run on large distributed
multinode, CPU-GPU heterogeneous architectures.
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TABLE VII
STAGE-LEVEL TIMING BREAKDOWN FOR THE SINGLE-GPU AND MULTI-GPU CONFIGURATIONS
Stage Single GPU [s] Single GPU [%] Multi GPU [s] Multi GPU [%]
Host-side data preparation 0.2850 0.94 0.0000 0.00
Host—Device memory copy 0.0293 0.10 0.0280 0.38
Device reduction and decision 0.8006 2.63 0.0103 0.14
Device—Host memory copy 0.0031 0.01 0.0034 0.05
Device compute (cuBLAS + custom kernels) 29.3177 96.33 7.2846 99.43
Total 30.4357 100.00 7.3263 100.00
Percentages are relative to the corresponding total runtime.
—— Actual ,// —— Actual ,,"/
20 ——- |deal e B deal -
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Fig. 7.  Parallel performance results: (a) (Strong scaling) speedup, Sy, (b) (Weak scaling) speedup, S'p, (c) (Strong scaling) efficiency, €, (d) (Weak scaling)

efficiency, €;, as a function of the number of the engaged computing nodes p. Reference ideal speedup and ideal efficiency are also depicted (dashed lines). Each
node is equipped with 4x V100 (Table V); p denotes number of nodes; each data point uses 4p GPUs. The reference configuration p = 1 corresponds to 1 node
= 4 GPUs. (a) Strong scaling—Speedup. (b) Weak scaling—speedup. (c) Strong scaling—Efficiency. (d) Weak scaling—Efficiency.

One of the key inherent challenges in designing a parallel
scheme for the problem at hand on distributed platforms is the
potential load imbalance among PEs, which can significantly
degrade parallel efficiency. In multi-GPU environments, an
additional challenge arises from the communication overhead
between GPUs. The proposed multilevel algorithm addresses
both issues by employing an effective data-parallel strategy that
effectively distributes the workload, thereby achieving balanced
load distribution across the available PEs.

Quantitative results from the experiments demonstrate that
the proposed multilevel parallel scheme achieves excellent scal-
ability and consistently high parallel efficiency across hetero-
geneous and distributed computing architectures. To the best
of our knowledge, this represents the first demonstration of
applying massively parallel computing to large-scale SAR to-
mographic processing on GPU-based distributed architectures.
The proposed multilevel parallel framework fully exploits the
available computational parallelism and thus offers a scalable
and efficient solution for leveraging advanced heterogeneous
surpercomputing platforms.

V. CONCLUSION AND FUTURE DEVELOPMENTS

This article presents a parallel computing strategy for accel-
erating the detection of single scatterers in SAR tomography,

specifically designed for multinode, multi-GPU distributed com-
putational systems. The proposed multilevel parallel algorithm,
which implements a canonical GLRT technique, is developed
following HPC methodologies, thereby enabling hierarchical
exploitation of the different levels of available parallelism.
Special emphasis is placed on the methodological development
involved in the parallel reformulation of the problem, including
formal problem decomposition, expression of parallelism across
multiple levels of the execution pattern, and the corresponding
parallel implementation. Experiments were conducted using a
large high-resolution SAR dataset and a powerful HPC platform
hosted by CNR at Naples, Italy. The parallel performance anal-
ysis quantitatively confirmed the effectiveness of the proposed
solution, demonstrating excellent speedup and scalability.

The developed parallel prototype thus represents a valuable
tool for leveraging heterogeneous high-performance computing
systems, enabling large-scale tomographic SAR analysis.

Future work will be focused on large-scale applications of
the parallel prototype using large volumes of data from current
and upcoming SAR missions, such as those from the NISAR
platform [35]. Another promising direction consists in extending
the proposed framework to support advanced GLRT formu-
lations, thereby enhancing its applicability to more complex
detection scenarios [8], [9]. Specifically, future research will
investigate how the proposed parallel strategy can be extended
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to cases involving double or multiple scatters detection. Finally,
the exploitation of the scalable performance of the developed
prototype by using advanced computational platforms—such as
the Leonardo pre-exascale supercomputer Leonardo hosted by
CINECA at the Bologna Technopole (Italy) that ranks ninth in
the TOP500 global list [11]—represents an additional opportu-
nity for future investigation.
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