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Review

Physics-Aware Deep Learning for SAR and InSAR Remote
Sensing: Models, Methods, and Open Challenges
Giorgio Taricco

Department of Electronics and Telecommunications, Politecnico di Torino (DET), Corso Duca degli Abruzzi 24,
10129 Turin, Italy; giorgio.taricco@polito.it

Highlights

What are the main findings?

• This review provides a systematic integration and extension of existing physical con-
straint dimensions for Synthetic Aperture Radar (SAR) and Interferometric Synthetic
Aperture Radar (InSAR) learning, organized according to radar-specific constraints
and algorithmic integration modes.

• The review shows that embedding radar physics improves interpretability, robustness,
and consistency with sensing geometry, and two illustrative case studies—one for sparse
SAR imaging and one for InSAR phase estimation—show how physics-aware designs
compare with both black-box learning and classical structure-preserving baselines.

What are the implications of the main findings?

• Future learning methods for SAR and InSAR remote sensing should incorporate
sensing physics, coherent scattering structure, and acquisition geometry rather than
treating radar data as generic images.

• The paper provides a structured remote sensing perspective for developing more
reliable, physically interpretable, and data-efficient learning methods for radar
Earth observation.

Abstract

SAR and InSAR are fundamental sensing modalities for all-weather, day-and-night Earth
observation because they operate independently of solar illumination and retain sensi-
tivity to scene structure under conditions that often limit optical imaging. Recent Deep
Learning (DL) methods have improved SAR image interpretation, inverse imaging, tar-
get recognition, and InSAR-based deformation analysis, but many purely data-driven
pipelines still neglect the forward sensing model, coherent scattering physics, speckle statis-
tics, phase structure, and acquisition geometry that shape radar observations. This paper
develops a physics-aware perspective on learning for SAR and InSAR. The literature is
organized along two complementary axes: the physical constraint dimensions that govern
radar measurements, namely polarization, scattering, signal-domain structure, resolution,
and interferometric phase/coherence, and the integration modes through which such
structure enters modern learning systems, including representation design, model-guided
architectures, and learning-assisted inverse problems. We further discuss representative
applications, dataset and evaluation issues, domain-shift challenges, and trustworthy de-
ployment. Finally, two constructive illustrative case studies are included: one on sparse SAR
imaging with an explicit SAR sensing matrix, and one on InSAR phase-domain estimation
under wrapped phase, coherence variation, and physics-aware regularization. Together,
they illustrate how physics-aware learning compares with classical structure-preserving
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baselines and unconstrained black-box learning in representative amplitude-driven and
phase-driven inverse settings.

Keywords: synthetic aperture radar; interferometric synthetic aperture radar; physics-
aware learning; model-based deep learning; inverse problems; speckle; phase unwrapping;
uncertainty quantification; multimodal fusion; Earth observation

1. Introduction
Synthetic Aperture Radar (SAR) has become a foundational remote sensing technology

because it operates independently of solar illumination and is far less sensitive to cloud
cover than optical sensors, while retaining sensitivity to scene structure, roughness, and di-
electric properties through coherent electromagnetic backscattering [1–3]. Interferometric
Synthetic Aperture Radar (InSAR) extends this capability by exploiting phase differences
across repeated acquisitions to retrieve topography and surface deformation [2–5]. This
has enabled a broad class of geophysical applications, including volcano and earthquake
deformation monitoring [6–9]. It is also relevant to environmental and infrastructure-
oriented mapping and monitoring problems, including surface-displacement analysis and
building-scale monitoring [10–13]. Related developments in differential SAR tomography
further extend this framework to more complex motion-retrieval settings [14].

At the same time, SAR and InSAR data are fundamentally different from ordinary
optical images. They are produced by a coherent sensing process shaped by waveform
design, acquisition geometry, polarization, phase history, resolution limits, and scattering
physics. As a result, downstream inference is influenced not only by semantic scene content,
but also by multiplicative speckle, geometric distortions, phase wrapping, decorrelation,
and system-specific forward models [1,3,15,16]. These characteristics make radar remote
sensing a particularly important testbed for learning methods that explicitly account for
the sensing process rather than treating the data as generic images.

Recent years have witnessed a rapid expansion of DL across SAR and InSAR applica-
tions. Broad surveys now cover SAR target recognition, scene understanding, despeckling,
super-resolution, sparse imaging, multimodal fusion, and radar-specific representation
learning [15,17–19]. Related reviews focus more specifically on infrastructure monitoring
with InSAR, automatic deformation detection, and physics-driven SAR target detection,
further indicating that the literature is now large enough to warrant a more structured syn-
thesis [16,20–22]. Recent InSAR-specific learning work has expanded rapidly across phase
filtering and coherence estimation [23–31], phase unwrapping [32–42], and large-scale
deformation or damage monitoring [43–45].

A first major line of work concerns SAR target recognition and classification. Early
deep learning approaches adapted optical-style convolutional models to radar imagery
and demonstrated competitive performance on benchmark datasets [46–49]. Related
benchmark-oriented studies further explored target-recognition architectures, feature learn-
ing, and training protocols under controlled SAR recognition settings [50–53]. Subsequent
work increasingly emphasized radar-specific information, including complex-valued pro-
cessing, attributed scattering centers, electromagnetic feature transfer, manifold-aware
representations, and physics-guided architectures [54–57]. Related developments also
include physics-inspired attention and scattering-aware recognition strategies [58–60]. Ad-
ditional recognition studies further examined architectural refinements and feature-learning
variants in benchmark SAR target classification settings [61–63]. In the polarimetric SAR
setting, physically informed and complex-valued networks have likewise been developed
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for classification and segmentation [64–67]. Related Polarimetric Synthetic Aperture Radar
(PolSAR)-oriented studies further explored deep feature learning, autoencoder-style repre-
sentations, and segmentation/classification strategies tailored to polarimetric data [68–71].
Additional developments addressed more recent polarimetric classification and segmenta-
tion architectures [72–74].

A second major line of work concerns detection, especially ship and object detection
in complex clutter. Here the literature likewise evolved from early convolutional ship- and
object-detection pipelines toward more radar-specific detector designs [75–78]. Subsequent
studies extended this line to sea–land segmentation, improved region-based detectors,
and multiscale or multiscene detection settings [79–82]. Related detection work also ex-
plored additional detector variants and SAR-adapted localization strategies under complex
clutter conditions [83,84]. More recent work also addresses cross-resolution adaptation
and physically structured detection models [16,85–87]. One important lesson from this
literature is that detection performance depends strongly on the interaction between target
morphology and sensing conditions, so that physically meaningful constraints related to
polarization, scattering structure, signal-domain behavior, and system resolution often
matter as much as architectural scale alone [16]. Dataset construction has therefore become
part of the methodological discussion as well. Widely used ship-detection resources include
OpenSARShip and related Sentinel-1 or Gaofen-3 datasets, together with more complex-
background benchmarks [88–90]. Additional datasets such as Air-SARShip further broaden
evaluation conditions [91].

A third active area is image restoration and inverse imaging. Because classical SAR
processing is already deeply rooted in forward modeling and regularized inversion, this
area provides a particularly natural bridge between radar signal processing and modern
hybrid learning. Classical despeckling work spans local statistics filters, wavelet-domain ap-
proaches, nonlocal methods, and patch-based probabilistic formulations [92–95]. Later de-
velopments extended this foundation through additional wavelet, nonlocal, and resolution-
preserving formulations [96–99]. Closely related work also examined further nonlocal and
restoration-oriented despeckling formulations [100–103]. Learning-based restoration then
introduced deep denoisers, dilated residual networks, logarithmic-product models, multi-
objective despeckling, and self-supervised or noisy reference formulations [104–107]. Re-
lated work further explored radar-specific neural despeckling and self-supervised restora-
tion strategies [108–112]. The central issue nevertheless remains the same: how to suppress
speckle without destroying scattering structure or phase-relevant information. For super-
resolution and sparse imaging, recent work combines classical inverse formulations with
trainable components, including complex-valued and unfolded architectures, thereby mak-
ing the forward operator part of the learned reconstruction pipeline rather than merely
a preprocessing step [113–117]. More broadly, plug-and-play priors, learned denoisers,
and equilibrium-style implicit models illustrate how the interface between optimization
and learning can be exploited in radar inverse problems while still preserving a transparent
link to data consistency and prior structure [118–120].

A fourth important theme is that many useful radar learning problems are not purely
single-modality problems. A substantial literature now addresses SAR–optical registra-
tion and matching, including geolocalization, feature descriptors, mutual-information
alignment, and learned cross-modal descriptors [121–124]. Related studies also inves-
tigated additional matching and registration strategies for heterogeneous optical–SAR
data [125,126]. Related work also explores optical–SAR matching, conditional adver-
sarial models, and semi-supervised cross-modal alignment [127–134]. Complementary
studies address semantic fusion and multimodal deep networks for paired radar-optical
data [135–137]. Benchmark and dataset design has played an equally important role in this
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area, with representative resources including Open-SARUrban, So2Sat LCZ42, SEN12MS-
style data products, and SpaceNet 6 [138–142]. What makes this literature especially
relevant here is that it exposes representation mismatch directly: a model must deal not
only with semantic correspondence, but also with fundamentally different sensing ge-
ometries and image-formation mechanisms. This reinforces the broader argument of
the present paper that learning performance depends strongly on whether the model re-
spects radar-specific geometry and sensing structure rather than assuming interchangeable
image modalities.

The same trend toward more radar-aware learning is now evident in InSAR. Deep
models have been explored for phase restoration and singularity recovery in interfero-
metric settings [143–145]. Related work also addresses volcano monitoring, synthetic
deformation detection, deformation time-series interpretation, and neural treatment of
seismic or geophysical interferometric observables [146–149]. Further studies consider
synthetic-dataset-based volcano deformation detection, sustained deformation in InSAR
time series, and neural processing for seismic source analysis [150–154]. More recent
work has moved from generic restoration toward explicitly InSAR-oriented learning ob-
jectives, including joint phase/coherence estimation, nonlocal or sparse model-driven
phase filtering, coherence-guided unwrapping, and large-scale phase-unwrapping frame-
works [23,26,27,30,32,39,42]. Generative modeling of interferograms and recent review
articles further highlight both the promise and the limitations of data-driven methods
in phase-domain applications [20–22,24,155]. In InSAR, the most relevant information is
often carried not by image texture but by wrapped phase, coherence, temporal geometry,
and physically constrained deformation signatures. This makes naive transfer of conven-
tional image architectures particularly problematic and motivates learning strategies that
explicitly preserve interferometric structure.

These developments point to a broader methodological shift. The central issue is no
longer simply whether DL can be applied to SAR or InSAR, but how physical structure
should enter the learning system. A useful organizing principle is therefore to distin-
guish between the physical constraint dimensions that govern radar observations and the
integration modes through which those constraints are embedded into modern learning
pipelines. The physical dimensions include polarization, scattering, signal-domain struc-
ture, resolution, and interferometric phase/coherence, while the main integration modes
include representation design, model-guided architectures, and learning-assisted inverse
problems [16,57,58,115].

From this perspective, we adopt a focused definition of Physics-Aware Learning
(PAL). In this paper, PAL refers to learning strategies that incorporate radar-specific sens-
ing structure in a substantive way, such as coherent scattering behavior, electromagnetic
priors, signal formation constraints, explicit forward models, interferometric geometry,
phase topology, or coherence-aware objectives. Under this definition, generic transfer
learning, data augmentation, or feature adaptation is not automatically physics-aware
unless the adaptation itself preserves or enforces radar-specific physical structure. This
distinction is important because a substantial part of the recent literature lies precisely at
the boundary between convenient empirical adaptation and genuinely physics-informed
modeling [15–17,19].
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For operational clarity, we distinguish three levels of PAL. Weak PAL uses radar-specific
representations or preprocessing, such as complex-valued channels, polarimetric features,
coherence maps, or phase-derived inputs, but the learning rule itself remains largely generic.
Moderate PAL injects physical structure into the model or objective, for example through
scattering-aware branches, complex domain layers, coherence-weighted losses, equivariant
or anisotropic operators, or phase-consistent penalties. Strong PAL keeps an explicit sensing,
propagation, or interferometric forward model inside the inference loop, as in learned
unrolling, differentiable simulators, plug-and-play inverse solvers, or uncertainty-aware
formulations tied to the measurement likelihood. This weak/moderate/strong distinction
is used only as an operational guide: a method is considered more strongly physics-aware
when its predictions are constrained by radar measurement physics rather than merely
trained on radar data.

Another recurring challenge is generalization under distribution shift. Differences in
carrier frequency, incidence angle, polarization mode, bandwidth, resolution, orbit geome-
try, land cover composition, preprocessing chain, and temporal decorrelation can all alter
the mapping from measurements to labels or reconstructions. As a result, strong perfor-
mance on narrow benchmarks does not necessarily imply operational robustness. This is
one reason why physically meaningful inductive bias is attractive not only for interpretabil-
ity, but also for sample efficiency, regularization, and cross-sensor transfer [15,16,20].

This paper is therefore conceived as a review and perspective article on PAL for SAR
and InSAR remote sensing. Its main contribution is not a single new architecture, but a
systematic integration and extension of existing physical constraint perspectives that con-
nects two viewpoints often treated separately: the physical constraint dimensions that
define what information matters in radar observations, and the integration modes that
determine how that structure enters modern learning systems. Within this framework,
we review representative developments across target recognition, detection, restoration,
sparse imaging, multimodal fusion, and interferometric analysis, and we also include
two constructive illustrative case studies: one on sparse SAR imaging with an explicit sens-
ing matrix and one on InSAR phase-domain estimation under wrapped phase, coherence
variation, and physics-aware regularization. The aim is to provide a more structured and
practically useful account of a literature that is currently broad, rapidly growing, and still
methodologically fragmented.

Figure 1 summarizes the organization of the paper and the two complementary
viewpoints used throughout: the physical dimensions of radar structure and the main
integration modes through which that structure enters modern learning systems.

Figure 2 provides a schematic view of the sensing geometry that underlies many of
the issues discussed in this paper. The two platform positions, denoted SAR1 and SAR2,
represent repeated side-looking radar acquisitions separated by a baseline B. The line-of-
sight paths emphasize that the measurements are geometry dependent, while the incidence
angles θ1 and θ2 indicate the viewing geometry associated with the two acquisitions. In an
interferometric setting, the quantity ∆ϕ denotes the phase difference between the complex
returns acquired at the two positions, which is the key observable for height and line-
of-sight deformation retrieval. The scene labels further highlight that radar observations
combine contributions from man-made targets, distributed clutter, vegetation, and deform-
ing surfaces, each of which may require different forms of physics-aware modeling.

For engineering context, Table 1 reports a representative sensing configuration associ-
ated with the schematic geometry of Figure 2.
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Conceptual perspective adopted in the paper

Physical constraint dimensions Integration modes Representative application areas

Polarization

Scattering

Signal domain

Resolution/scale

Phase/coherence/
time

Physics-aware
representations

Model-guided
architectures

Learning-assisted
inverse problems

Cross-cutting issues:
evaluation,
robustness,

and deployment

Recognition
and detection

Infrastructure
and deformation

monitoring

Restoration, imaging,
and reconstruction

Figure 1. Conceptual framework used to organize the discussion in this paper. The figure highlights
the main physical constraint dimensions emphasized in the review, the principal integration modes
through which physical structure enters learning systems, and the representative application areas
used to illustrate these ideas. It is intended as a guiding perspective rather than as an exhaustive
taxonomy of all SAR/InSAR learning problems.

SAR1

SAR2

Platform motion

B

LO
S

Interferometric
phase difference ∆ϕ

θ1
θ2

Man-made target

Distributed clutter Vegetation
Surface deformationGround range

Figure 2. Illustrative SAR/InSAR sensing scenario. Two radar acquisitions with baseline B observe a
scene containing a man-made target (stylized house in a dotted box), distributed clutter, vegetation,
and a deforming surface patch. The geometry highlights the line of sight, the incidence angles θ1 and
θ2, and the interferometric phase difference ∆ϕ. The presence of sunlight recalls that, unlike optical
sensing, radar acquisition is independent of solar illumination.

Table 1. Representative SAR/InSAR sensing configuration associated with the scenario of Figure 2.

Parameter Value

Carrier frequency 9.65 GHz (X-band)
Wavelength 3.11 cm
Signal bandwidth 300 MHz
Waveform modulation Linear FM chirp
Pulse duration 20 µs
Pulse repetition frequency 2 kHz
Transmit polarization HH
Receive polarization HH
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Table 1. Cont.

Parameter Value

Platform altitude 6 km
Platform velocity 120 m/s
Slant range to scene center 10 km
Nominal incidence angle from vertical 53.1◦

Interferometric baseline 20 m
Antenna length (azimuth) 1.5 m
Antenna width (range) 0.3 m
Antenna gain 30 dBi
Nominal range resolution 0.5 m
Nominal azimuth resolution 0.5 m

2. Physical Constraint Dimensions in SAR and InSAR Learning
A useful expansion of the physics-aware viewpoint is to identify the main types of

physical structure that radar learning systems must preserve or exploit. Recent work on
physics-driven SAR target detection organizes the problem around four physical constraint
families: polarization characteristics, scattering mechanisms, signal-domain properties,
and system resolution [16]. That taxonomy is helpful beyond detection because it highlights
the fact that different radar tasks are limited by different types of information loss. Clas-
sification and detection may depend strongly on polarimetric and scattering descriptors,
inverse problems often depend on signal-domain and resolution structure, and InSAR adds
a further layer involving wrapped phase, coherence, and temporal geometry.

2.1. Polarization and Scattering Structure

Polarization is one of the most direct ways in which radar sensing differs from ordinary
image acquisition. Unlike a single-channel intensity representation, polarimetric data carry
information about the vector interaction between the incident electromagnetic wave and the
target. As emphasized in recent physics-driven detection reviews, the complete scattering
matrix and the derived coherency matrix provide physically interpretable access to surface,
double-bounce, and volume scattering mechanisms, thereby improving target–background
separability in heterogeneous scenes [16]. This is especially relevant when the scene
contains a mixture of man-made structures and distributed clutter, since stable double-
bounce or specular responses can be difficult to capture with intensity-only features.

A related but distinct notion is scattering structure. Here the emphasis is not on
polarization state alone, but on the geometric and electromagnetic organization of the dom-
inant scatterers. Attribute scattering center models, multiscale scattering decompositions,
and electromagnetic feature maps translate raw radar returns into descriptors that are
much closer to the physical composition of the target [59,60,156,157]. The value of these
representations is twofold: first, they provide interpretable priors that can guide feature
extraction, and second, they offer a way to build robustness against clutter and viewpoint
variability. This is one reason why recent detection and recognition studies increasingly
combine scattering-center information with deep learned features rather than relying on
pixel amplitudes alone.

For InSAR, there is no direct analogue of full polarimetric target decomposition in
many common workflows, yet the same logic applies to phase-derived structure. Co-
herence, phase gradients, local unwrap topology, and multi-temporal consistency all
function as physically meaningful descriptors. In this framework, InSAR coherence and
phase topology can be regarded as the interferometric counterpart of scattering-aware
representation design.
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2.2. Signal-Domain and Time–Frequency Structure

A second constraint family concerns signal-domain structure. Radar images are obtained
only after a sequence of signal-processing operations, and some of the most informative
cues are more naturally expressed before or alongside the final formed image. Recent
surveys of physics-driven SAR detection stress that time–frequency representations and
Range–Doppler (RD)-domain features expose micro-motion, Doppler shifts, and non-
stationary scattering behavior that may be hidden or aliased in the image domain [16]. This
is particularly relevant for moving-target detection, maritime surveillance, and high-clutter
scenes, but the idea is broader: signal-domain features can also encode target-specific
backscattering patterns even for nominally static objects.

The Deep SAR-Net line of work is an important illustration of this point. Rather than
relying only on detected intensity images, it augments spatial features with time–frequency
descriptors extracted from complex-valued SAR data, thereby preserving signal-domain
information that is lost in amplitude-only pipelines [54,158]. This family of methods sug-
gests that learning from radar should sometimes begin from a richer signal representation,
especially when the task depends on subtle phase or frequency-domain variation. The same
principle also underlies many modern inverse methods, where learned components are
applied not only to images but also to partially processed or operator-domain quantities.

2.3. Resolution and Scale

A third constraint family is resolution. In radar, changes in bandwidth, aperture, sensor
mode, or platform geometry do not simply rescale an image in the ordinary vision sense;
they change the effective Point Spread Function (PSF), alter the visibility of scattering
centers, and modify the appearance of target structure. Recent reviews emphasize that
target representation is inherently resolution-dependent, and that many failures of cross-
platform generalization are better understood as failures to preserve physically meaningful
scale structure across acquisition regimes [16]. When the bandwidth is reduced, nearby
scatterers merge, high-frequency target geometry becomes less visible, and both recognition
and detection can deteriorate sharply.

This has direct consequences for PAL. Cross-resolution domain adaptation, structure-
aware feature alignment, and radar-specific super-resolution should not be regarded as
generic image enhancement problems. Rather, they are attempts to preserve scattering
topology under changing system resolution [85,113,114]. In a broader review, this di-
mension can provide a bridge between target detection, ship detection, super-resolution,
and sparse imaging, all of which depend on how the measurement system controls tar-
get separability.

2.4. Interferometric Phase, Coherence, and Temporal Geometry

For InSAR, the most distinctive physical constraints arise from interferometric phase
and temporal acquisition structure. The key observables are not simply image intensities
but wrapped phases, coherence estimates, baseline-dependent sensitivities, and multi-
temporal phase histories. These quantities are governed by cyclic geometry, atmospheric
contamination, temporal decorrelation, and platform revisit characteristics. As a result,
many InSAR learning problems differ fundamentally from both optical vision tasks and
single-image SAR interpretation [20–22].

This suggests that a complete physics-aware review should include a fifth dimension,
specific to InSAR: interferometric phase, coherence, and temporal geometry. In practical
terms, this includes respecting cyclic phase structure in phase filtering and unwrapping,
incorporating coherence uncertainty into downstream decision making, and preserving
deformation-related temporal signatures across stacks or time series. Even when a method
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is presented as image-based, it should still be assessed in terms of whether it retains the
relevant interferometric structure.

2.5. Coupling Between Physical Constraint Dimensions

The physical constraint dimensions introduced above are analytically useful, but they
should not be interpreted as independent axes. In practical SAR and InSAR systems,
they are strongly coupled through the sensing chain, and many recent learning methods
succeed precisely because they exploit these couplings rather than isolating a single form
of prior information.

A first important coupling is between polarization and scattering structure. Polarimet-
ric measurements do not merely add channels; they provide a richer view of the underlying
scattering mechanisms and therefore affect how surface, double-bounce, and volume re-
sponses can be separated or emphasized. Accordingly, scattering-aware learning and
polarization-aware learning are often not distinct categories in practice, but two aspects of
the same physical description of the radar return [16,57,59,60].

A second coupling links signal-domain structure and system resolution. Resolution
is determined by waveform bandwidth, aperture extent, and sampling geometry, so it is
inseparable from the signal model that generates the data. Changes in resolution therefore
do not simply alter image sharpness; they modify the visibility, separability, and stability
of scattering signatures. This is why cross-resolution adaptation, radar super-resolution,
and sparse imaging are best understood not as generic image enhancement tasks, but as
problems in preserving physically meaningful signal structure under altered measurement
conditions [85,113–115].

A third and especially important coupling arises in InSAR, where phase, coherence,
and temporal geometry are inseparable. Wrapped phase is interpreted through the acquisi-
tion geometry, coherence controls the reliability of phase observations, and multi-temporal
baselines determine sensitivity to deformation and decorrelation. As a result, interfero-
metric learning methods that treat phase, coherence, or temporal structure in isolation are
often incomplete. The relevant physical object is the coupled interferometric measurement
process itself, not any one of these quantities alone [20–22].

These couplings also appear at the architectural level. Some recent methods fuse
scattering descriptors with learned deep features, thereby combining interpretable radar
structure with data-driven representation learning [58,86,159]. Other methods combine
complex-domain processing with electromagnetic feature transfer in order to preserve
signal-domain and scattering information more explicitly [54–56]. Taken together, these
examples show that many recent architectures do not rely on a single physical prior,
but instead integrate several complementary constraints within the same learning pipeline.
For this reason, the framework proposed in this paper should not be read as a list of parallel
boxes. Rather, the physical dimensions identify the main sources of radar structure, while
their couplings explain why effective PAL methods often draw on several of them at once.

From a design perspective, this observation has a practical implication: the most useful
inductive biases are often those introduced at the interfaces between dimensions. Exam-
ples include coherence-weighted phase processing, signal-domain models that preserve
resolution-dependent scattering behavior, and feature hierarchies that connect polarimetric
observables to scattering topology. This is one reason why physics-aware learning in radar
remote sensing should be formulated as a sensing-chain problem rather than as a simple
extension of image-based deep learning.
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3. Foundations and Integration Modes for Physics-Aware
SAR/InSAR Learning

The early wave of DL in SAR was largely inspired by successes in optical computer
vision. Standard Convolutional Neural Network (CNN)s were applied to amplitude im-
agery, often after converting complex SAR data into real-valued image-like representations.
These methods achieved strong results on controlled benchmarks, particularly for Auto-
matic Target Recognition (ATR), ship detection, and scene classification. Representative
examples include complex data and feature fusion pipelines that sought to preserve more
SAR-specific information than amplitude-only baselines [54–56].

The limitations of this first wave are now well understood. Performance often drops
under sensor shift, geographic shift, incidence angle variation, reduced training labels,
or operationally realistic clutter [15,16]. Moreover, many pipelines inherit implicit as-
sumptions from optical vision that do not match coherent radar formation physics. Re-
cent surveys explicitly note that future progress requires models that better exploit the
physical characteristics of SAR data rather than treating the data as ordinary grayscale
imagery [16,18,19].

PAL can therefore be interpreted broadly. In this study, we use the term to denote any
learning strategy that incorporates one or more of the following:

(1) a physically meaningful data representation, such as complex-valued, polarimetric,
scattering-center, coherence, or phase-based inputs;

(2) architectural constraints motivated by the forward model or scattering mechanism;
(3) algorithm unrolling or learning-assisted optimization for inverse problems;
(4) loss functions or training objectives that enforce physical consistency; and
(5) uncertainty modeling tied to acquisition conditions and measurement limitations.

This taxonomy is useful because it organizes methods by where physical structure
enters the learning pipeline rather than only by application label. It also helps relate SAR
and InSAR methods that are often discussed separately even when they share the same
methodological logic. A concise way to structure the study is around three main inte-
gration modes: physics-aware representation design, model-guided architecture design,
and learning-assisted inverse problems. Although these categories are not mutually exclu-
sive, they cover a large share of the current literature and provide a clear way to organize
the main technical design choices.

3.1. Physics-Aware Inputs and Representations

A natural route toward PAL is to retain more information from the sensing pro-
cess itself. In SAR image interpretation, the choice of representation strongly influences
what the network can learn. Amplitude-only inputs discard phase and often suppress
polarization-dependent or scattering-structure information. By contrast, methods built
on complex-valued or hybrid signal–image representations attempt to preserve radar-
specific cues [54–56].

For example, Huang et al. [54] introduced a SAR-specific framework that learns
from signal-derived representations rather than only post-processed image intensity.
Liu and Lang [55] proposed multi-manifold feature fusion for complex-valued SAR target
recognition, emphasizing the geometric structure of complex data. Liu et al. [56] fur-
ther explored complex convolution and electromagnetic feature transfer learning for SAR
target recognition. Taken together, these works illustrate a broader lesson: preserving
domain-specific structure at the representation stage can improve both sample efficiency
and robustness.

A related direction is the use of interpretable physics-derived descriptors as side
information. Examples include scattering centers, polarimetric decompositions, coherence
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maps, elevation cues (height-related descriptors, such as local topography, object height,
or vertical scattering structure), or simulated electromagnetic attributes. Rather than re-
placing learned features, these variables can guide feature extraction or attention. Recent
physics-guided classification work has shown that explicit incorporation of electromagnetic
characteristics can improve explainability and performance, especially when labels are
limited [57–60]. For InSAR, the corresponding issue is even sharper because the quantities
of interest are often encoded in wrapped phase and coherence rather than directly visible
spatial textures. This suggests that representation design for interferograms, coherence
maps, stacks, and time series should be treated as a central topic rather than a preprocessing
detail. A practical rule is to favor representation-level PAL when the main risk is infor-
mation loss at the input stage: for example, when amplitude-only images discard phase,
polarimetry, coherence, or complex-valued structure that is known to be relevant to the
downstream task. For InSAR, recent phase filtering, coherence estimation, and unwrapping
networks make this point concrete by using wrapped phase, coherence, amplitude, phase
gradients, or quality maps as explicit inputs rather than treating interferograms as ordinary
real-valued images [25,33,34,36,37,40].

3.2. Model-Guided Architectures

A second family of methods embeds physical knowledge directly into the network
architecture. This can range from relatively mild design choices, such as complex-valued
convolutions, to stronger physics-guided modules that inject scattering priors into the
feature hierarchy. The main motivation is that appropriate inductive bias can reduce the
amount of data required for generalization while preserving interpretability.

Huang et al. [57] proposed a physics-guided and injected learning framework for
SAR image classification. Their approach combines explainable physics models, a physics-
guided network, and a physics-injected prediction stage to preserve electromagnetic con-
sistency in the learned representation. More recently, Huang et al. [58] introduced a
physics-inspired hybrid attention mechanism that uses high-level semantic priors derived
from physical information to reweight learned features for target recognition. The target
detection literature reports a similar shift from feature-level augmentation toward deeper
architectural integration, including local electromagnetic branches, scattering-guided fusion
blocks, and manifold-aware complex-valued backbones [86,87,159].

This design philosophy aligns with broader trends in scientific machine learning,
where inductive bias is used to narrow the hypothesis space. For SAR and InSAR, promis-
ing architectural priors include azimuth–range anisotropy, phase topology, scattering spar-
sity, multi-look statistics, and multitemporal consistency. These priors are best compared
in a task-dependent way rather than treating “physics-aware” learning as a single recipe.
Architectural PAL is most appropriate when the physical constraint is local or composi-
tional enough to be embedded as a reusable network module, such as a scattering-aware
branch, complex-valued convolution, phase-preserving block, or coherence-conditioned
attention mechanism.

3.3. Learning-Assisted Inverse Problems

Many important SAR and InSAR applications are basically inverse problems rather
than standard image-recognition tasks. Image formation, despeckling, super-resolution,
tomography, sparse reconstruction, phase estimation, coherence estimation, and phase
unwrapping are naturally placed at the interface between forward modeling and
statistical inference [1,3].

This setting is especially well suited to hybrid model–data approaches. Learned un-
rolling, plug-and-play priors, score-based priors, and neural surrogates can be used to
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accelerate or regularize iterative solvers while preserving a clear link to the underlying
physics. Recent work on deep learning-based sparse SAR imaging via unrolling is one
example of this trend [115]. In InSAR, recent overviews point to DL as a means of im-
proving phase and coherence estimation as well as phase unwrapping under strong noise
and decorrelation [22].

The conceptual advantage of this family of methods is that it avoids a false choice
between handcrafted inverse algorithms and end-to-end black-box predictors. Instead,
one starts from the forward operator or likelihood model and then learns the missing
components: a prior, a proximal step, a denoiser, or an adaptive update rule. This is
one of the clearest places where the connection between classical radar signal processing
and modern machine learning becomes analytically useful. Inverse problem PAL is most
appropriate when a credible forward operator or likelihood model is available and the
main uncertainty lies in the prior, regularizer, stopping rule, or computational budget.

For additional context, recent work has also explored complex-valued and deep-
unfolded formulations for radar imaging and 3-D reconstruction [115–117]. Related work
on restoration has examined nonlocal learning, multi-objective formulations, and self-
supervised or noisy reference strategies for SAR despeckling [105,109–111]. Noisy-reference
deep restoration methods provide a further example of how reconstruction priors can be
adapted to radar data without discarding the inverse problem viewpoint [112].

The observed sensitivity to forward-model inconsistency suggests a need for more
flexible integration modes that decouple the learned prior from the specific sensing ge-
ometry. Recent advances in PAL suggest that frameworks such as Plug-and-Play (PnP)
priors [118,119] or Deep Equilibrium (DEQ) models [120] may offer improved robust-
ness against platform instabilities and atmospheric phase errors by avoiding fixed-depth
unrolling tied to a single nominal operator.

4. Representative Applications, Datasets, and Evaluation Protocols
Among the goals of this study is showing how PAL affects performance in repre-

sentative application settings, how such performance ought to be evaluated, and which
unresolved questions are most likely to shape future progress. Three application domains
are especially informative in this respect: target recognition and detection, infrastructure
and deformation monitoring, and image restoration and reconstruction.

To improve the structural readability of the review, Table 2 summarizes representa-
tive contributions within the proposed PAL framework by mapping them to the physical
constraint emphasized, the main integration mode, the target application domain, and the
dataset or experimental setting. This synthesis is intended to complement the narrative
discussion and to make cross-paper comparisons more transparent; consequently, the fol-
lowing text emphasizes interpretation rather than repeating every entry in the table.

Table 2. Synthesis of representative literature within the proposed PAL framework.

Representative
Work

Physical Constraint
Emphasized Integration Mode Application Domain Dataset/Setting

Huang et al. [54] Signal-domain structure,
complex data

Physics-aware
representation design SAR target recognition complex-valued SAR

target data

Liu and Lang [55] Complex data
manifold structure

Physics-aware
representation design SAR target recognition controlled recognition

benchmarks

Huang et al. [57] Electromagnetic/
scattering priors

Model-guided
architecture SAR classification controlled recognition

benchmarks

Huang et al. [58] Physics-inspired
semantic priors

Model-guided
architecture SAR target recognition controlled recognition

benchmarks
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Table 2. Cont.

Representative
Work

Physical Constraint
Emphasized Integration Mode Application Domain Dataset/Setting

Ji et al. [115] Forward model,
sparse-imaging physics

Learning-assisted
inverse problem

Sparse SAR
reconstruction

Synthetic/controlled
sparse imaging

Qin et al. [85] Resolution and scale Representation
plus adaptation

Cross-resolution
SAR analysis

Cross-resolution
benchmarks

Shen et al. [113] Polarization and resolution Learning-assisted
restoration

PolSAR
super-resolution

Polarimetric
SAR imagery

Fontes et al. [20] Interferometric phase
and coherence

Survey of
integration strategies

Infrastructure
monitoring with InSAR

Multiple
InSAR studies

Anantrasirichai
et al. [21]

Interferometric phase and
temporal geometry

Review of
task pipelines

Deformation-pattern
recognition

Multiple geohazard/
InSAR studies

Sun et al. [23], Li
et al. [30]

Interferometric phase
and coherence

Joint phase/
coherence estimation

Phase filtering and
coherence estimation

Simulated and real
InSAR data

Pu et al. [26], Wang
et al. [27], Zhang
et al. [29]

Phase noise, nonlocal
structure, sparse
filtering model

Model-guided/
feature-extraction
architecture

Interferometric
phase filtering

Simulated and
Sentinel-1 InSAR data

Sica et al. [32], Mu
et al. [39]

Coherence-guided
phase topology

Coherence-
conditioned learning

InSAR phase
unwrapping

Synthetic and
real interferograms

Yang et al.
[38], Zhou and Yu
[41], He et al. [42]

Phase gradients,
discontinuities, scale

Deep/model-based
unwrapping

Complex-event
phase unwrapping

LiDAR-assisted,
synthetic, and
large-scene settings

Wang et al.
[43], Stephenson
et al. [44], Soni et al.
[45]

Temporal coherence and
deformation history

Detection-first/
sequence learning

Time-series
deformation or
damage monitoring

Large-scale
InSAR stacks

Li et al. [16] Polarization, scattering,
signal domain, resolution Cross-mode survey SAR detection

and recognition
Multiple detection
benchmarks

4.1. Target Recognition and Detection

SAR target recognition remains a major testbed because it exposes issues of limited
labels, viewpoint sensitivity, clutter, and operational robustness. The recent literature
increasingly argues that physically meaningful information—such as attributed scattering
centers, electromagnetic priors, or physically grounded attention—can improve both ro-
bustness and interpretability [16,57,58]. This makes target recognition a useful case study
for the broader claim that suitable inductive bias can matter as much as raw model capacity.

The physics-driven target detection literature also provides a useful catalog of how
different physical constraints matter in different scenarios. Polarimetric descriptors are very
valuable in maritime scenes and clutter suppression; scattering-center models help with
fine-grained recognition and target topology; signal-domain methods are especially relevant
to moving-target scenarios; and resolution-aware strategies matter in cross-platform and
multiscale detection [16]. Even though the present study has a broader scope than detection
alone, these use cases illustrate how application requirements can determine which physical
attributes should be emphasized.

4.2. Infrastructure and Deformation Monitoring

InSAR-based monitoring of built infrastructure and geophysical deformation is an-
other natural application area for DL because interpretation can be labor-intensive and
error-prone. A recent review on DL for InSAR-based infrastructure monitoring highlights
opportunities for automated interpretation but also emphasizes persistent difficulties due
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to noise, decorrelation, and false positives [20]. Similarly, recent work reviewing DL for
volcanic and earthquake deformation detection underscores the importance of architecture
design and dataset construction in InSAR workflows [21]. These applications also sharpen
the need for uncertainty awareness because operational decisions may carry substantial
practical consequences.

4.3. Image Restoration, Sparse Imaging, and Super-Resolution

Despeckling, super-resolution, and sparse imaging are attractive use cases for PAL
because their objectives can be tied directly to observation models. In these tasks, the dis-
tinction between signal processing and learning is especially thin. The most convincing
contributions in this area are likely to be those that compare learned components against
classical regularized baselines under controlled degradation, reduced sampling, or changed
sensing conditions rather than only on a single curated benchmark. Recent work on
complex-valued sparse imaging, resolution-aware adaptation, and radar-specific super-
resolution reinforces this point [85,113,115].

4.4. Datasets and Evaluation Protocols

A persistent difficulty in interpreting the recent literature is that reported gains are
often obtained under specific dataset partitions, acquisition conditions, and preprocess-
ing chains, so direct cross-paper comparison of absolute performance numbers should
be treated with caution. This point is stressed explicitly in recent physics-driven target
detection reviews, which note that variations in subsets, train/test partitions, augmentation
strategies, and computational setup can strongly affect reported performance [16]. For
detection-oriented tasks, standard benchmarks include Moving and Stationary Target Ac-
quisition and Recognition (MSTAR), SAR Ship Detection Dataset (SSDD), High-Resolution
SAR Images Dataset (HRSID), and SAR Rotated Ship Detection Dataset (SRSD); for re-
construction and imaging tasks, however, benchmark culture is much less standardized,
and for InSAR deformation tasks the diversity of scenes and label sources makes compari-
son even harder [16,20,21].

Related benchmark and dataset efforts also underline the importance of careful
empirical comparison in radar learning. For urban interpretation, land cover analysis,
and multimodal fusion, widely used resources include Open-SARUrban, So2Sat LCZ42,
and SEN12MS-style paired datasets [138–141]. For all-weather multimodal mapping,
SpaceNet 6 has become an important benchmark [142]. For target recognition, MSTAR and
its associated public evaluation protocols remain historically central reference points [160].
For ship detection, several dedicated datasets are now widely used, including OpenSAR-
Ship and related high-resolution resources [88–90]. Additional air- and land cover-oriented
datasets further broaden the empirical base for robustness studies [91,161].

Across these domains, evaluation remains a major weakness in the current litera-
ture. Existing benchmark practice often overstates progress because many datasets are
small, geographically narrow, or captured under limited acquisition diversity. Controlled
benchmark performance does not necessarily translate to operational robustness. At least
five evaluation gaps deserve explicit treatment: sensor and geometry shift, geographic and
temporal shift, label scarcity and label quality, uncertainty calibration, and reproducibil-
ity. The value of such a synthesis lies in comparing these concerns across recognition,
reconstruction, and deformation-analysis tasks rather than discussing them in isolation.
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5. Illustrative Case Studies: Physics-Aware SAR Imaging and InSAR
Phase Estimation

To make the preceding discussion concrete, this section presents two illustrative case
studies in controlled but interpretable settings: one on sparse SAR imaging under controlled
degradation, and one on InSAR phase-domain estimation with wrapped phase, coherence
variation, and physics-aware regularization. The aim is not to establish new task-specific
benchmarks, but to provide two complementary examples showing how physics-aware
structure affects reconstruction quality, robustness, and failure modes in representative
radar inverse problems. The two examples are deliberately placed on parallel footing. The
first addresses a SAR inverse imaging problem in which the sensing matrix is explicit and
reconstruction is limited by subsampling, noise, and finite reconstruction depth. The second
addresses an InSAR phase-domain estimation problem in which wrapped phase, coherence,
and unit modulus complex structure are central. Together, they illustrate how physics-
aware learning interacts with forward modeling, inverse problems, and learning-based
regularization across both amplitude-driven and phase-driven radar settings.

5.1. Common Inverse Problem Perspective

Both case studies can be understood within a common inverse problem framework.
Let x ∈ CN denote the unknown signal of interest and let y ∈ CM denote the observed
data. A simplified observation model may be written as

y = Φx + z, (1)

where Φ represents the sensing or observation operator and z models measurement noise.
When the problem is ill posed because of noise, subsampling, wrapping, or other informa-
tion loss, recovery requires additional prior structure. A standard formulation is

x̂ = arg min
x

{
∥y−Φx∥2

2 + λR(x)
}

, (2)

whereR(x) encodes prior information and λ > 0 controls the tradeoff between fidelity to
the observations and adherence to the prior [1,3].

In sparse imaging, a common choice isR(x) = ∥x∥1, which promotes reconstructions
with few dominant scatterers. More generally, one may impose sparsity after a trans-
form Ψ, so that R(x) = ∥Ψx∥1, or use spatial regularity penalties such as total variation,
R(x) = ∥∇sx∥1, where ∇s denotes the discrete spatial gradient of the signal field. In
interferometric phase estimation, the regularizer may instead encode local phase smooth-
ness, complex-domain consistency, coherence weighting, or explicit geometric structure
of the unit modulus phasor field. In both settings, the forward model specifies the physi-
cally grounded part of the problem, while the prior represents the structure that must be
supplied analytically or learned from data.

This viewpoint is useful because it separates the components of the inverse problem
that are fixed by the sensing physics from those that may be adapted. In particular,
the forward operator Φ enforces consistency with the acquisition model, while the prior
term expresses assumptions about scene or phase structure. Hybrid methods retain the
physical model while replacing part of the inference procedure with trainable components;
for example, unrolled iterative schemes preserve the structure of classical optimization
algorithms but learn step sizes, thresholds, proximal maps, or blending coefficients. From
this perspective, the key issue is not whether a method is model-based or learned, but which
parts of the inverse problem remain explicit and which are adapted from data.
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For example, a standard iterative update takes the form

x(k+1) = Sτ(k)

(
x(k) + ρ(k)ΦH

(
y−Φx(k)

))
, (3)

where ρ(k) is a step size, τ(k) is a threshold parameter, (·)H denotes the Hermitian transpose,
and Sτ is a shrinkage or correction operator. A conventional reconstruction algorithm fixes
these ingredients analytically or heuristically. A physics-aware learned variant instead
keeps the data-consistency term tied to the sensing operator while allowing some update
components to be learned. This structure narrows the hypothesis space relative to fully
black-box predictors, preserves a direct mechanism for enforcing measurement consistency,
and makes failure analysis easier because errors can be attributed separately to forward-
model mismatch, prior mismatch, and limited expressive power in the learned module.

It is important to clarify the role of Section 5 within the present paper. The sparse-
SAR equations above are not introduced as new inverse problem formulations, nor is the
goal to review deep unfolded SAR imaging as a field in itself. Rather, this case study
illustrates one specific integration mode within the broader PAL framework developed in
this review: the sensing operator remains explicit, data consistency is enforced through
the SAR forward model, and only selected update components are learned. In this sense,
the example serves as a concrete instance of model-guided reconstruction inside a wider
review that also covers recognition, detection, multimodal fusion, InSAR phase-domain
learning, and evaluation issues. This broader scope distinguishes the present paper from
more task-specific surveys, for example recent reviews focused primarily on physics-driven
SAR detection [16], because the present paper explicitly connects representation design,
model-guided architectures, inverse problems, interferometric phase-domain learning,
and evaluation issues within a common physics-aware synthesis.

5.2. Illustrative SAR Case Study: Sparse Imaging with an Explicit Sensing Matrix

We first consider a controlled sparse SAR imaging experiment in which the forward
model is an explicit SAR sensing matrix derived from a simplified monostatic aperture ge-
ometry. The goal is to identify a concrete operating regime in which a physics-aware learned
update is useful. In particular, we focus on the finite-depth setting, where reconstruction
quality must be achieved with a small number of iterations or layers.

Let ΦSAR ∈ CM×N denote the SAR sensing matrix associated with the chosen acquisi-
tion geometry, where M is the number of collected measurements and N = Nx Ny is the
number of pixels in the discretized scene. If the scene grid is {(xn, yn)}N

n=1 and the radar
platform location at measurement index m is (xa,m, ya,m, za,m), then the slant range from

the platform to the nth pixel is Rm,n =
√
(xa,m − xn)2 + (ya,m − yn)2 + z2

a,m. With carrier
frequency fc and propagation speed c, the wavenumber is k = 4π fc/c. Using a reference
range R0,m for phase centering, the unnormalized matrix entries are defined as

Φ̃SAR(m, n) =
1

max(Rγ
m,n, ε)

exp
(
−1

2

(
xn − xa,m

σb

)2
− j k(Rm,n − R0,m)

)
, (4)

where σb is the beam-spread parameter, γ is the range-decay exponent, and ε > 0 prevents
division by zero. The actual sensing matrix is obtained by row normalization (Hereafter,
X(m, :) denotes the m-th row of the matrix X):

ΦSAR(m, :) =
Φ̃SAR(m, :)
∥Φ̃SAR(m, :)∥2

, m = 1, . . . , M. (5)
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Hence, ΦSAR is not a generic random matrix, but a structured matrix determined explicitly
by the SAR geometry and propagation model. The measurements obey

y = ΦSARx + z, (6)

where x ∈ CN is the scene reflectivity vector and z is circular complex Gaussian noise.
In the present experiment the scene size is 32 × 32, so that N = 1024, while the

measurement dimension is M = 819, corresponding to a sampling ratio M/N = 0.8. The
SAR geometry is specified by dx = dy = 1 m, carrier frequency fc = 10 GHz, altitude
H = 200 m, platform speed v = 100 m/s, scene center (xc, yc) = (0, 1000) m, pulse
repetition interval τPRI = 0.02 s, beam-width parameter σb = 80, and unit range exponent.
The scene contains 20 active complex scatterers, the input Signal-to-Noise Ratio (SNR)
is 20 dB, and no reconstruction operator mismatch is applied in the main example. All
reported results use the same simulation seed, so that the displayed scene is fixed across
reconstructions and robustness sweeps.

Before turning to reconstruction, it is useful to examine the singular-value distribu-
tion of the explicit SAR sensing matrix. Figure 3 compares it with that of a Gaussian
random matrix of the same size, included as a standard idealized compressed-sensing
reference [162,163]. The matrix ΦSAR is instead constructed directly from the SAR acqui-
sition geometry and propagation model, in line with physically grounded SAR forward
modeling and recent physics-aware learning approaches [1,15,16,115]. The comparison
shows that the SAR matrix is not spectrally pathological, but it is distinctly more structured
than the random reference. In the present configuration, both matrices are full row rank,
while the SAR matrix has the larger condition number (≈27.7 versus ≈17.3). This confirms
that the forward model considered here is informative yet non-generic, which motivates
reconstruction rules that explicitly incorporate SAR physics.

log10 normalized singular value
-1.5 -1 -0.5 0

C
ou

nt

0
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40
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70 Distribution of normalized singular values

Figure 3. Histogram of normalized singular values for the explicit SAR sensing matrix (orange),
compared with a complex Gaussian reference matrix of the same dimensions with i.i.d. entries
distributed as CN (0, 1/N) (blue), with some overlap between the two distributions (brown). A larger
fraction of the normalized singular values lies near zero for the SAR matrix than for the Gaussian
reference, which indicates stronger deterministic structure, higher coherence, and poorer conditioning.
The Gaussian matrix is included as a diagnostic benchmark for matrix structure and is not used as a
forward model in the reconstruction experiment.
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We compare six methods. The matched-filter baseline is

x̂MF = ΦH
SARy. (7)

The classical sparse baselines solve

x̂ℓ1 = arg min
x

{
∥y−ΦSARx∥2

2 + λ∥x∥1
}

(8)

using a finite-depth ℓ1-Iterative Soft-Thresholding Algorithm (ISTA) run and two stronger
optimization references: long-run ℓ1-ISTA and long-run FISTA. These additional baselines
are included to separate finite-depth unrolling effects from the behavior of more nearly
converged variational solvers. The black-box Neural Network (NN) learns a direct map

x̂BB = fθ(y). (9)

The physics-aware network unrolls a model-based iteration and keeps the SAR matrix
explicit in every layer:

x(k+1) = Sτ(k)
(
x(k) + ρ(k)ΦH

SAR(y−ΦSARx(k))
)
, (10)

where the trainable parameters are the layer-wise step sizes ρ(k) and thresholds τ(k). Thus,
the learned model is not a generic black-box denoiser grafted onto the inverse problem; it
is a finite-depth SAR reconstruction rule whose data-consistency term remains tied to the
physical sensing matrix.

The point of the experiment is to compare these methods under the same limited
computational budget. Both learned models are trained for 50 epochs with batch size 64.
The physics-aware model uses T = 8 unrolled layers. The finite-depth sparse baseline uses
60 ℓ1-ISTA iterations with λ = 0.02, while the stronger classical references use 500 iterations
of ℓ1-ISTA and 500 iterations of FISTA. Thus, the experiment distinguishes two questions:
whether a physics-aware network can improve over a finite-depth model-based baseline,
and how it compares with substantially longer classical optimization when computational
latency is less constrained. Additional implementation details for the illustrative numerical
case studies are collected in Appendix A. Algorithm 1 summarizes the simulation protocol.

Algorithm 1 Constructive sparse SAR case study with explicit SAR matrix

Input: Scene dimensions Nx, Ny, SAR sensing matrix ΦSAR, training and test set sizes,
nominal input SNR, sampling-ratio set S , input-SNR set Q, mismatch setM

Output: Reconstruction metrics and representative reconstructions for six methods
1: Generate sparse complex scenes {xi} on the discretized SAR grid
2: Form noisy training measurements yi = ΦSARxi + zi at the nominal SNR
3: Train the black-box NN from pairs (yi, xi)
4: Train the physics-aware unrolled NN using ΦSAR and the same training scenes
5: for each test scene do
6: Form noisy and possibly masked measurements from ΦSAR
7: Reconstruct using (i) matched filtering, (ii) finite-depth ℓ1-ISTA, (iii) long-run

ℓ1-ISTA, (iv) long-run FISTA, (v) black-box NN, and (vi) physics-aware unrolling
8: Compute Normalized Mean Square Error (NMSE), Peak Signal-to-Noise Ratio

(PSNR), and support recovery metrics
9: end for

10: Repeat the evaluation while varying sampling ratio, input SNR, and reconstruction
operator mismatch

11: Report representative reconstructions, training curves, and robustness plots
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Figure 4 shows a representative reconstruction example. The matched-filter output is
dominated by artifact-like fluctuations and poor contrast, and the black-box NN remains
visually unstable. The finite-depth physics-aware network produces a structured recon-
struction, but the newly added long-run ℓ1-ISTA and FISTA baselines are stronger classical
references and achieve the best Normalized Mean Square Error (NMSE) in this controlled
sparse reconstruction setting. Accordingly, the revised interpretation is deliberately conser-
vative: the physics-aware network is useful as a fixed-depth model-guided reconstruction
rule, but it is not claimed to dominate converged variational solvers.

The corresponding test set metrics are summarized in Table 3; the training convergence
is shown in Figure 5, and the robustness analysis is presented in Figure 6. The main
conclusion is now separated into two parts. First, explicit model guidance is essential
because the unconstrained black-box network remains poor. Second, fair comparison
against stronger classical optimization shows that fully converged iterative solvers remain
highly competitive and should be included whenever the claim concerns reconstruction
accuracy rather than finite-depth inference.

Figure 4. Sparse SAR reconstruction comparison on a representative synthetic scene. All panels
display the normalized magnitude |x|/ max |xtrue| using a common color scale, with dark colors
corresponding to values near 0 and bright yellow corresponding to values near 1. In addition to
the finite-depth ℓ1-ISTA baseline, long-run ℓ1-ISTA and FISTA are included as stronger classical
optimization references. The results show that fully converged iterative solvers remain highly
competitive in NMSE, while the physics-aware network should be interpreted as a fixed-depth model-
guided reconstruction strategy rather than as a replacement for converged variational optimization.

Table 3. Representative nominal-point results for the constructive sparse SAR experiment with the
explicit SAR sensing matrix. The values are taken from the revised MATLAB (version R2026A)
simulation output. Lower NMSE is better, higher Peak Signal-to-Noise Ratio (PSNR) and support
scores are better.

Method NMSE (dB) PSNR (dB) Precision Recall F1

Matched filter −1.15 24.18 0.964 0.718 0.809
ℓ1-ISTA (60) −16.55 39.65 1.000 0.725 0.829
ℓ1-ISTA (500) −16.62 39.72 1.000 0.725 0.829
FISTA (500) −16.62 39.72 1.000 0.725 0.829
Black-box NN 10.15 13.00 0.009 0.438 0.017
Physics-aware NN −10.49 33.55 1.000 0.704 0.811

In addition to NMSE and Peak Signal-to-Noise Ratio (PSNR), Table 3 reports support
precision, support recall, and support F1 score from the revised evaluation. These metrics
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are included because sparse SAR imaging is not only an image fidelity problem: correct
localization of dominant scatterers is often more relevant than average pixel error. For a
thresholded support estimate Ŝ and true support S , precision, recall, and F1 are defined as

P =
|Ŝ ∩ S|
|Ŝ |+ ε

, R =
|Ŝ ∩ S|
|S|+ ε

, F1 =
2PR

P + R + ε
. (11)

These additional metrics do not change the qualitative conclusion that long-run variational
solvers are strong references in NMSE and PSNR. They also show that the physics-aware
network retains high support precision and a support F1 score close to the sparse iterative
baselines, making the comparison less dependent on a single image fidelity score.
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Figure 5. Training convergence for the black-box and physics-aware networks used in the constructive
sparse SAR experiment. This diagnostic reports optimization behavior during learning and is not
used as evidence of reconstruction superiority over the long-run classical baselines.

To move beyond a single operating point, we further evaluate the methods under
controlled variations of sampling ratio, input SNR, and reconstruction operator mis-
match. Figure 6 summarizes the corresponding robustness study. A key point is that
the main conclusion of the SAR case study is local rather than universal: the physics-aware
method is useful in a specific finite-budget SAR regime, not as a blanket replacement for
sparse reconstruction.

As the sampling ratio increases, the long-run ℓ1-ISTA and FISTA baselines achieve the
lowest NMSE, while the physics-aware network remains substantially better than the black-
box network and the matched filter. This behavior clarifies the scope of the finite-depth
result: learned model guidance can be useful under a fixed inference budget, but enough
iterations of a well-matched sparse solver remain a very strong baseline.

The noise sweep leads to the same qualitative conclusion. Across the tested input
SNR range, long-run ℓ1-ISTA and FISTA are the strongest methods in NMSE; the physics-
aware network provides a structured fixed-depth reconstruction; the matched filter is
weak; and the black-box NN is essentially noncompetitive. Thus, the revised experiment
supports physics-aware modeling as a way to avoid unconstrained black-box failure, not
as a universal replacement for converged sparse optimization.

The mismatch sweep is comparatively flat for the plotted NMSE curves under the
tested perturbation range, but it still serves as a useful diagnostic because it evaluates all
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methods under an explicitly perturbed reconstruction operator. The figure should therefore
be read as a controlled operator-perturbation check rather than as proof of broad out-of-
distribution robustness. Therefore, the degradation is not explained by rank collapse or
catastrophic ill-conditioning of the perturbed matrix. Instead, it is a genuine forward-model
mismatch effect: the learned reconstruction rule is sensitive to inconsistency between the
SAR matrix used during training and the one used during reconstruction.

Taken together, these results support a more cautious conclusion. In the present
sparse SAR setup, explicit model guidance is clearly preferable to unconstrained black-box
regression, and a finite-depth physics-aware network provides structured reconstructions
within a fixed computational budget. However, long-run ℓ1-ISTA and FISTA achieve the
lowest NMSE, so converged variational optimization remains a strong reference whenever
latency is less constrained. This is exactly the kind of regime-specific conclusion that
physics-aware learning should aim to expose.
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Figure 6. Robustness analysis for the constructive sparse SAR experiment. Each panel includes the
matched filter, finite-depth ℓ1-ISTA, long-run ℓ1-ISTA, long-run FISTA, black-box NN, and physics-
aware NN, with the legend identifying the line style used for each method. The stronger classical
baselines provide the lowest NMSE, while the learned physics-aware model should be interpreted as
a fixed-depth reconstruction strategy.

5.3. Illustrative InSAR Case Study: Phase-Domain Estimation Under Wrapping and
Coherence Variation

To complement the sparse-SAR imaging example and align the numerical material
with the full SAR/InSAR scope of the paper, we next consider a compact phase-domain case
study based on synthetically generated interferometric data. The goal is again illustrative
rather than benchmark oriented. Here the emphasis is on wrapped phase, coherence
variation, and local complex-domain regularity, so that the key question becomes how well
different estimators respect phase geometry and interferometric structure.
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The synthetic scene consists of a smoothly varying unwrapped phase field with
superimposed localized structures and a spatially varying coherence map. A noisy complex
interferogram is generated as

z = γ ejϕ + w, (12)

where ϕ denotes the target phase, γ is the coherence, and w is circular complex Gaussian
noise. Thus, unlike the sparse-SAR case, the quantity of interest is not a sparse reflectivity
field but a phase-bearing complex phasor field whose interpretation depends directly
on wrapping and coherence. The reported example includes the true unwrapped phase,
the true coherence, the observed wrapped phase, and the observed interferogram magni-
tude, together with three estimation strategies: a boxcar multilook baseline, a black-box
neural network, and a physics-aware iterative estimator.

For the black-box estimator, let Ni denote the square patch of radius r = 1 centered at
pixel i. From the observed interferogram z, we form the real-valued input vector

ui =

[
ℜ{zj}j∈Ni

ℑ{zj}j∈Ni

]
∈ R2(2r+1)2

. (13)

The black-box model is a one-hidden-layer multilayer perceptron

hi = σ(W1ui + b1), qi = W2hi + b2, (14)

where σ(·) is the ReLU activation. The output qi is projected onto the unit circle through
its two real components,

p̂i =
qi

∥qi∥2 + ε
=

[
cos ϕ̂i

sin ϕ̂i

]
, (15)

so that the prediction corresponds to the unit modulus phasor at the center pixel. Training
minimizes the mean-squared phasor loss

LBB =
1

Ntr
∑

i

∥∥∥∥∥p̂i −
[

cos ϕi

sin ϕi

]∥∥∥∥∥
2

2

. (16)

The physics-aware estimator instead operates directly on complex unit modulus
phasors. Let

u(0)
i =

zi
|zi|+ ε

(17)

denote the normalized observed phasor. At iteration k, a local complex average is formed as

m(k)
i =

1
|Ni| ∑

j∈Ni

u(k)
j , (18)

and a discrete Laplacian-like smoothing correction is computed as

∆u(k)
i = ∑

j∈Ni\{i}

(
u(k)

j − u(k)
i

)
. (19)

The unnormalized update is then

v(k+1)
i = (1− β)

[
(1− ρ)u(k)

i + ρ m(k)
i + τ ∆u(k)

i

]
+ β u(0)

i , (20)
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where ρ controls local averaging, τ controls the smoothing correction, and β enforces data
consistency with the observed interferogram. The phase estimate is constrained to remain
on the complex unit circle by projection,

u(k+1)
i =

v(k+1)
i

|v(k+1)
i |+ ε

, (21)

and the final phase estimate is ϕ̂i = arg u(K)
i after K iterations. Its hyperparameters are

selected by grid search over the update coefficients.
In the present implementation the phase grid is 48× 48, the training and test sets

contain 120 and 24 synthetic scenes, respectively, the patch radius is 1, the hidden-layer
size is 40, the black-box model is trained for 12 epochs with batch size 256 and learning
rate 5× 10−3, and the physics-aware estimator uses 8 iterations. The parameter grids are
ρ ∈ {0.10, 0.20, 0.35, 0.50}, τ ∈ {0.25, 0.40, 0.55, 0.70}, and β ∈ {0.20, 0.35, 0.50}.

Figures 7–9 summarize the resulting observations, reconstructions, and robustness
trends. For the displayed example, the boxcar multilook baseline attains an RMSE of about
4.3◦, the black-box neural network attains about 8.5◦, and the physics-aware estimator
attains about 6.6◦. The revised evaluation also computes circular phase mean absolute
error and coherence-stratified phase RMSE, separating performance in low- and high-
coherence regions. These metrics are more appropriate than a single global RMSE when
phase wrapping and coherence variation are central to the task. Thus, in this example,
the learned methods do not outperform the simple phase-preserving baseline, although the
physics-aware design improves substantially over the black-box model. This is precisely
the kind of result that is valuable in a perspective paper: embedding physics can regularize
learning, but naive learning does not automatically surpass classical structure-exploiting
estimators, especially in low-data and phase-sensitive settings.

The training and tuning curves further clarify the behavior of the two learned ap-
proaches. The black-box training loss decreases rapidly during optimization, while the
physics-aware phasor loss decreases across the unrolled iterations, indicating stable con-
vergence of the model-driven updates. Robustness sweeps with respect to noise level and
coherence show the expected degradation as observation quality worsens, again highlight-
ing that phase-aware learning should be judged not only by nominal accuracy but also by
sensitivity to physically meaningful perturbations.

Overall, the InSAR example reinforces one of the main messages of the paper: in
coherent imaging problems, useful inductive bias often lies less in generic image statistics
than in respecting the geometry of the signal itself, here through wrapped phase, coherence,
and unit modulus complex structure. At the same time, the example also warns against
overstating the benefits of learned models in the absence of carefully matched priors and
robust uncertainty handling. This case study is intentionally limited to a synthetic single-
interferogram phase estimation setting: it validates phase geometry and coherence-aware
priors, but it does not cover real InSAR complications such as time-series processing,
nonlinear deformation constraints, atmospheric and orbital phase screens, unwrapping
ambiguities across long temporal stacks, or sensor-specific preprocessing artifacts.
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True unwrapped phase

(a)

True coherence

(b)

Observed wrapped phase

(c)

Observed interferogram magnitude

(d)

Figure 7. Observation-side quantities for the illustrative InSAR phase-domain case study. The
synthetic example includes a smoothly varying unwrapped phase field, a nonuniform coherence
map, the corresponding wrapped phase observation, and the observed interferogram magnitude.
Colors follow the MATLAB parula colormap, where dark blue corresponds to lower phase values
and yellow to higher phase values in the phase panels.

Boxcar multilook (RMSE 4.3°)

(a)

Black-box NN (RMSE 8.5°)

(b)

Physics-aware (RMSE 6.6°)

(c)

Absolute phase error (physics-aware)

(d)

Figure 8. Representative reconstructions for the illustrative InSAR case study. In the shown scene,
the classical boxcar multilook baseline remains strongest, while the physics-aware estimator improves
over the black-box neural network but does not surpass the phase-preserving baseline. Colors follow
the MATLAB parula colormap, with dark blue indicating lower estimated phase values and yellow
indicating higher values.
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Figure 9. Optimization and robustness summaries for the illustrative InSAR phase-domain case
study. The black-box loss decreases during training, the physics-aware phasor loss decreases across
iterations, and both learned approaches degrade as observation quality worsens.

5.4. Comparative Interpretation of the Two Examples

Taken together, the two examples support a more balanced message than either one
would in isolation. In the sparse-SAR case, the physics-aware learned update clearly
outperforms the black-box model, but the added long-run ℓ1-ISTA and FISTA baselines
show that converged variational optimization remains stronger in NMSE. In the InSAR
phase-domain case, the physics-aware estimator again improves on the black-box model,
but a simple structure-preserving baseline remains strongest. This contrast is useful. It
shows that the value of physics-aware learning depends on the task regime, the quality of
the forward model, and the strength of the classical baseline.
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The two case studies therefore play complementary roles in the paper. The SAR exam-
ple demonstrates that explicit integration of sensing physics can avoid black-box failure
and produce structured finite-depth reconstructions, while also showing that stronger
classical baselines are necessary for fair accuracy claims. The InSAR example demonstrates
that, in phase-sensitive coherent estimation problems, embedding physics is still beneficial
relative to naive learning, but does not automatically guarantee superiority over carefully
chosen classical estimators. This is exactly the kind of regime-dependent conclusion that a
physics-aware perspective should expose.

6. Open Challenges and Future Directions
The following points are perspective-level research directions rather than direct empir-

ical conclusions from the two illustrative case studies. The examples above evaluate recon-
struction quality, support recovery, and phase estimation behavior in controlled settings;
they do not by themselves validate operational trustworthiness, calibrated uncertainty,
or out-of-distribution deployment. Several open problems should therefore anchor the per-
spective portion of the paper. First, there is still no consensus on the best interface between
physics and learning. Possible choices include explicit parametric quantities, simulated
labels, complex-domain operations, differentiable forward models, and constraint-aware
losses, and the right choice is likely task dependent.

Second, it remains unclear how much physics is enough. Strong inductive bias can
improve data efficiency but may also reduce adaptability when the assumed model is
incomplete. A useful future research agenda is therefore not simply “more physics,” but
adaptive PAL in which the model can decide when to trust prior structure and when to
deviate from it. The multi-constraint detection literature already points in this direction
by proposing adaptive fusion strategies that select among polarimetric, scattering, signal-
domain, and resolution features according to imaging conditions [16]. This idea can be
generalized beyond detection to broader SAR/InSAR learning systems.

Third, InSAR-specific topology remains under-theorized relative to amplitude-image
interpretation. Wrapped phase, discontinuities, coherence loss, and multitemporal consis-
tency create learning problems that differ substantially from optical vision benchmarks
and deserve a more explicit conceptual treatment. The recent InSAR learning literature
already points in this direction, ranging from phase/coherence estimation and filtering
to unwrapping networks and time-series deformation models [23,25,30,38,41,43,45]. A
particularly promising avenue is to integrate phase geometry, uncertainty, and temporal
consistency into architectures that remain interpretable at the interferometric level.

Finally, trustworthy operational deployment requires more than average benchmark
accuracy. For high-impact applications such as geohazard monitoring or infrastructure
surveillance, useful systems should provide calibrated uncertainty, out-of-distribution
awareness, physically meaningful failure analysis, and careful human-in-the-loop valida-
tion. These requirements are not peripheral; they are central to whether PAL in SAR and
InSAR can move from promising demonstrations to dependable operational use.

7. Conclusions
Deep learning has already become a major methodological force in SAR and InSAR

remote sensing, but the field is moving beyond straightforward transfers from optical
computer vision. The central argument of this paper is that the most effective learning
systems in radar remote sensing are neither purely model-based nor purely data-driven.
Instead, they combine flexible representation learning with physical structure derived from
the sensing process, including scattering behavior, signal-domain information, resolution
effects, and interferometric geometry. A useful way to understand this development
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is to connect two complementary perspectives: the physical constraint dimensions that
define what information matters in radar observations, and the integration modes that
determine how that structure enters the learning system. From this viewpoint, physics-
aware representations, model-guided architectures, and learning-assisted inverse methods
are not isolated trends, but parts of a broader methodological shift toward more robust,
interpretable, and trustworthy radar learning. The two illustrative case studies support
this interpretation from complementary perspectives: the sparse-SAR example shows
that physically structured learning can avoid unconstrained black-box failure but should
be compared against strong long-run ISTA/FISTA baselines, whereas the InSAR phase-
domain example shows that physics-aware learning can improve over naive black-box
estimation while also clarifying regimes in which simple structure-preserving baselines
remain difficult to surpass. Overall, the synthesis developed here is intended to organize
currently fragmented lines of work and to clarify the practical conditions under which PAL
can contribute most effectively to future SAR/InSAR systems.
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Appendix A. Implementation Details of the Numerical Case Study
The numerical case study uses a simplified complex-valued forward model, but the

learning components are implemented in real arithmetic. Accordingly, each complex
measurement vector y ∈ CM and scene vector x ∈ CN is converted into a stacked real form,

ỹ =

[
ℜ{y}
ℑ{y}

]
∈ R2M, x̃ =

[
ℜ{x}
ℑ{x}

]
∈ R2N , (A1)

so that the black-box model can be trained as a standard real-valued regressor.
The black-box NN is a feedforward network with five hidden layers and rectified linear

unit activations. For a mini-batch of size B, let Aℓ−1 ∈ Rnℓ−1×B denote the matrix whose
columns are the activations entering layer ℓ, where nℓ−1 is the width of the previous layer
and nℓ is the width of the current layer. Here, ℓ indexes the trainable layers of the network,
with ℓ = 1, . . . , 6 in the present implementation. Let Wℓ ∈ Rnℓ×nℓ−1 be the corresponding
weight matrix and let bℓ ∈ Rnℓ be the bias vector. The affine part of layer ℓ is

Zℓ = WℓAℓ−1 + bℓ1
T, (A2)

where 1 ∈ RB is the all-ones vector. If X̂ ∈ R2N×B denotes the batch output and X ∈ R2N×B

the corresponding target batch, the training loss is the mean squared error

LBB =
1

2NB
∥X̂ − X∥2

F. (A3)

The gradient with respect to a matrix is defined by

[∇Wℓ
LBB]ij =

∂LBB
∂[Wℓ]ij

. (A4)

With this convention, backpropagation gives

∇Wℓ
LBB = ∇Zℓ

LBBAT
ℓ−1, ∇bℓLBB = ∇Zℓ

LBB1, (A5)

and the parameters are updated by gradient descent,

Wℓ ←Wℓ − η∇Wℓ
LBB, bℓ ← bℓ − η∇bℓLBB, (A6)

where η is the learning rate. The physics-aware unrolled model is trained in a similar
mini-batch fashion, but its architecture retains the explicit SAR sensing matrix in each
iteration. Using the update

x(k+1) = Sτ(k)
(
x(k) + ρ(k)ΦH

SAR(y−ΦSARx(k))
)
, (A7)

the trainable parameters are the layer-wise step sizes ρ(k) and thresholds τ(k). Thus,
the present physics-aware model learns only a small number of scalar parameters while
keeping the data-consistency term fully tied to the SAR forward model. They are learned
by minimizing the same mean squared reconstruction loss over the training set,

LPA =
1

2NB
∥X̂PA − X∥2

F, (A8)

with gradients propagated backward through the unrolled iterations.
Different sampling ratios are modeled by applying a binary mask to the full measure-

ment vector: retained samples correspond to mask entries equal to one, discarded samples
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to entries equal to zero. In this way, the number of effective measurements changes while
the input dimension of the learned models remains fixed. Reconstruction-matrix mismatch
is modeled by perturbing the SAR reconstruction matrix relative to the matrix used to
generate the data through geometry-dependent changes in altitude, carrier frequency, scene
center, and platform speed. These choices allow the robustness curves reported in the paper
to be generated without changing the dimensionality of the learned architectures.
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