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ABSTRACT: Deep despeckling networks reach excellent accutacy when clean
references exist, but coherent imaging systems never observe a speckle free scene, and
self-supervised alternatives discard the spatial organization of the scene that classical
region based filters exploit so effectively. This paper proposes a structure-guided self-
supervised despeckling framework in which a hierarchical region representation of the
image is injected into a compact convolutional network at three points: as guidance
channels carrying the region model image and the region boundary map, as the anchor
of a prior-anchored residual architecture whose output at initialization equals the
strongest classical prefilter, and as a structure-consistency loss that penalizes output
variance inside homogeneous regions. Training requires no clean references: the
network learns from independent speckle realizations with prefiltered targets, and the
same recipe applies unchanged to polarimetric SAR covariance data and to medical OCT
(retinal optical coherence tomography) scans, since both modalities share the
multiplicative speckle mechanism. Under a K-distributed product model protocol on
ESAR Oberpfaffenhofen and AIRSAR Flevoland scenes, the guided network attains -
4.42 dB and -8.61 dB relative error, improving on its unguided counterpart by 10.9 dB
and 11.5 dB and reaching the accuracy of its classical anchor from a fully self-supervised
deep architecture. On the public OCTID retinal database the guided network reaches
25.87 dB PSNR and 0.623 SSIM, surpassing all evaluated baselines, and multiplies the

background equivalent number of looks of raw scans by more than twenty

1. INTRODUCTION

Coherent imaging has become the workhorse of both Earth observation and medical diagnostics. Spaceborne and airborne
radar constellations deliver polarimetric acquisitions at a cadence that manual analysis cannot follow, and optical coherence
tomography has grown into the most frequently performed imaging procedure in ophthalmology, with millions of retinal
scans acquired every year. In both pipelines, the quantitative reliability of every downstream product, land cover maps,

biomass estimates, retinal layer thicknesses, lesion measurements, rests on the quality of the first processing stage.

Speckle is the common noise mechanism of every coherent imaging system. In synthetic aperture radar (SAR) the coherent
summation of returns inside a resolution cell produces the familiar granular pattern that corrupts intensities and polarimetric
covariance matrices; in optical coherence tomography (OCT) the interference of backscattered light generates the same
multiplicative granularity in retinal cross sections. In both fields, speckle reduction is the first stage of quantitative analysis,
and in both fields the last five years have seen deep networks displace classical filters wherever training data can be organized
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[1], [2], [3]. The parallel is not superficial: the despeckling literature of the two communities increasingly shares its methods,
with self-supervised objectives designed for SAR being adopted for OCT and vice versa [4], [5].

Deep despeckling faces one structural obstacle: clean references do not exist, because the sensor never observes the scene
without speckle. Supervised training therefore relies on simulation or temporal averaging, and a rich family of self-supervised
alternatives has emerged, from temporal revisit pairs [2] and real-imaginary splitting [6] to Bernoulli sampling [7], masked
polarimetric networks [8], attention based self-supervision [9], and deep image priors [10]. Yet these networks treat the image
as an unstructured field of pixels. Classical filters, in contrast, owe much of their strength to explicit spatial organization:
region based filters average over adaptively grown homogeneous supports, and hierarchical representations expose the scene
structure at all scales. None of the recent self-supervised despecklers exploits such structure explicitly, which is precisely the

gap addressed here.

This paper introduces a structure-guided self-supervised despeckling framework and validates it across two coherent
modalities. A hierarchical region representation, computed from a prefiltered version of the image by superpixel segmentation
and iterative merging, is injected into a compact residual network at three points. First, the region model image and the region
boundary map enter as guidance channels, informing the receptive field about the homogeneous supports around every pixel.
Second, the network is prior anchored: its residual is predicted around the strongest classical prefilter rather than around the
noisy input, so the untrained network already delivers the prefilter quality and learning is a refinement. Third, a structure-
consistency loss penalizes output variance inside regions, weighted by each region’s homogeneity, which regularizes exactly
where the hierarchy is confident. Training is fully self-supervised: independent speckle realizations of the same scene provide
input and target, with the target additionally prefiltered so that the regression optimum inherits the small bias of the prefilter

but none of the target noise.

The cross modality claim is a deliberate contribution. Because every component of the framework, the homomorphic
representation, the structure prior, the anchored residual, and the losses, refers only to the multiplicative speckle mechanism,
the identical recipe applies to three channel polarimetric covariance data and to single channel retinal OCT scans. The
experiments therefore cover both: a K-distributed product model protocol on two public airborne PolSAR scenes, and a
simulated speckle protocol on the public OCTID retinal database with additional no-reference measurements on raw scans,

including pathological cases whose lesions must survive filtering.

The contributions are summarized as follows. (1) A structure-guided self-supervised despeckling architecture with guidance
channels, prior-anchored residual learning, and a homogeneity weighted structure-consistency loss. (2) A prefiltered-target
self-supervision scheme whose optimum provably removes the target noise while retaining only the prefilter bias. (3) A
modality-agnostic formulation validated on PolSAR and OCT data with the same code, including a pathology preservation
analysis on AMD scans. (4) A complete ablation isolating the contribution of every structural component, together with
sensitivity, runtime, and comparison studies against classical, nonlocal, projection based, and self-supervised deep baselines
from the 2021 to 2026 literature.

Figure 1 presents the overall architecture with real intermediate images from both modalities. The remainder of the paper
reviews related work in Section 2, develops the methodology in Section 3, reports the experiments in Section 4, and

concludes in Section 5.
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Figure 1 Overall architecture of the proposed framework
2. LITERATURE REVIEW

Supervised deep despeckling matured quickly after the first convolutional formulations, with multi-objective losses [1],
despeckling networks steered by SAR oriented assessment metrics [11], dual channel residual reconstruction [12], noise-
guided transformers with multi-scale fusion [13], denoising diffusion models [14], and interpretable dictionary learning
networks [15]. Compact architectures for operational deployment have also been reported [16], [17]. All of these require
reference images, obtained by simulation or multitemporal averaging, and their accuracy depends on how faithfully those

references represent the sensor at hand.

Self-supervision removes the reference requirement. SAR2SAR exploits co-registered temporal pairs under the assumption of
independent speckle across revisits [2]; MERLIN splits the real and imaginary parts of a single look complex image into two
independent observations [6], an idea extended to semantic segmentation pipelines [18] and to polarimetric data through
masked networks in PoOIMERLIN [8]; Bernoulli sampling constructs training pairs from a single image by random pixel
partitioning [7]; Speckle2Self adds attention mechanisms to the self-supervised objective [9]; and deep image priors require no
training corpus at all [10]. For polarimetric covariance data, supervised matrix-logarithm networks [3], the semi-supervised
PolSAR2PoISAR strategy [19], multichannel projections [20], and large scale Sentinel-1 applications [21] complete the picture.
None of these methods carries an explicit representation of scene structure; spatial adaptivity is left entirely to the learned
receptive field.

The OCT despeckling literature has followed a parallel trajectory. Speckle-modulating OCT networks emulate hardware
averaging [4], self-fusion networks exploit adjacent B-scans in real time [22], noise-imitation learning handles unpaired data
[23], and recent self-supervised frameworks [5] and energy-regularized single-image networks [24] mirror the SAR
developments almost exactly. This convergence supports the central premise of the present work: a despeckling principle
formulated at the level of the speckle mechanism transfers between modalities.

Structure priors themselves are well established outside deep despeckling. Superpixel representations underpin modern
PoISAR classification [25], [26], and hierarchical region merging with statistical dissimilarities provides multiscale
homogeneous supports whose quality directly conditions region based filtering; texture-aware hierarchies further improve
them under non-Gaussian clutter [27]. Guided and quality-aware fusion of filter outputs has been explored for single channel
SAR [28], and the influence of filtering on downstream analysis is documented [29]. Two further aspects of the literature
deserve emphasis. First, the reported gains of self-supervised despecklers are almost always obtained on large training
corpora, tens to hundreds of acquisitions, and their behavior in the small data regime, a single scene with a handful of revisits,
is rarely examined; the experiments below show that this regime is precisely where unguided self-supervision collapses and

structural guidance becomes decisive. Second, hybridizations of classical and learned components have so far taken the form
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of loss engineering or post fusion, whereas the anchoring proposed here places the classical filter inside the network
architecture itself, with an initialization that makes the classical filter the exact starting point of optimization; this both
stabilizes training under heavy tailed speckle and guarantees a meaningful fallback when data are scarce. What is missing in all
of the above is the combination now proposed: the hierarchy as an explicit input, anchor, and regularizer of a self-supervised
despeckling network, evaluated across modalities.

3. PROPOSED METHODOLOGY

3.1 Signal model and homomorphic representation

Under the multiplicative speckle model the observed intensity at pixel x is

1(x) = R(x) ux) O
where R is the undetlying reflectivity and u a unit mean speckle variable, exponentially distributed for single look intensity,
p(u) =e™, u=>0 &)
For polarimetric data the observation is the single look covariance

Z(x) = k(x) k()" 3
of the scattering vector, and under the product model the scattering vector is

k=+7z z~CN(0,M) 4)
with Gamma distributed texture of unit mean,

) = s TV-levt 5
P =155 ®)

so that heavy tailed K-distributed clutter, obtained by compounding the Gaussian speckle over the texture law,

M) (o) de ©

© 1
p(k) = fo (TIT)d|M| exp (_

is covered by the evaluation protocol. Networks operate on a homomorphic representation that stabilizes the heavy tailed
statistics. The three diagonal channels are mapped through the logarithm

s;(x) = In(C;(x) + ¢), i=123 @)

with a floor epsilon equal to one hundredth of the mean scene power, and the off diagonal channels are expressed as

bounded complex coherences computed on a lightly presmoothed covariance

~ 1 ’
Clx) = ;Zx'ew3(x) C(") ®
through

Cij(x)

py () = =L
Y Ciz(x) Cjj ()

yielding nine well scaled real planes per pixel for the guidance and compression stages; the OCT case uses a single plane.

)

Whenever the homomorphic map is inverted, the diagonals are exponentiated and the off diagonals restored through
Cij = by Cu Gy (10)

followed by a mean-ratio debias that rescales each diagonal so that its spatial mean matches the unbiased mean of the
observed intensities,

A mean(Ci‘Ebs)

Cii < Cy 1)

mean(C;;)
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3.2 Hierarchical structure prior

The structure prior is computed from a prefiltered version of the image. The improved sigma filter [30] serves as the prefilter
for PoISAR and a Lee minimum mean square error filter for OCT,

5 - = . cE-c2
Rye =1+b(I-1), b = clip (— 0, 1) (12)

(1+cd)ct’

A SLIC oversegmentation of the prefiltered image provides superpixel leaves; adjacent regions X and Y with models Z and
sizes n are merged iteratively in the order of the size weighted geodesic dissimilarity

A, Y) = [0 log(z2 2, 2, )

n

where every region is represented by its sample model
1
Zp = mZxERZ (x) 14

and an optimal partition is extracted from the hierarchy by dynamic programming under the additive criterion

1Z(x)-ZRl
C = Yrepr (ZXER 120" Zrlg + /1> (15)

I1ZRll

Three structural quantities are extracted from the partition: the region model image G, obtained by filling every region with its
model and mapped to the homomorphic domain; the boundary map

B(x) =1[3x" € Ny(x): £(x") # £(x)] (16)

where 1 denotes the region label; and a per region homogeneity weight

1
" 1+meanyerll(x)—Igl/Ir

Wg (17)

that approaches one in homogeneous regions and decays in textured or mixed ones. Figure 2 illustrates the prior extraction

module.

Prefilter SLIC Merging Partition Outputs
Sigma-Lee or superpixel geodesic dynamic G, B and
Lee MMSE leaves dissimilarity programming weights w

one module for PoISAR covariance data and OCT scans
Figure 2 Structure prior extraction module
3.3 Structure-guided network

The network is deliberately compact, about eighty thousand parameters, for three reasons: the self-supervised data regime of
a single scene cannot support large capacity without memorization, the anchored formulation only needs to express a
correction rather than the full mapping, and operational despeckling favors architectures whose inference cost is negligible
next to the data handling. The despeckler is a residual convolutional network of eight layers, each computing

FO = p(W® « =D 4 pO) (18)

with 3 by 3 convolution kernels, 48 feature maps, and rectified linear activations ¢. Its input concatenates a compressed
representation of the observation, obtained with the variance stabilizing signed square root

c(v) = sign(v) y|v| 19)
applied to the scaled linear planes,
x =[c(Z/s), G/s, P/s, B] (20)
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with the scene scale
S = mean(C11 + CZZ + C33)/3 (21)

so that anchor, targets, and losses all remain in the linear domain of the evaluation metric. The zero initialization of the final
convolution gives the exact anchoring property at the start of training,

fo,(x)=0 = F=P (22)
Its defining property is the prior-anchored residual: with f the network trunk and P the prefilter planes inside the input,
y=P—fo(x) 23)

and the last convolution is initialized to zero, so the untrained network reproduces the prefilter exactly and training refines it.
The unguided ablation replaces the anchor by the noisy planes and removes the guidance channels. Figure 3 details the
network module.

s N s N s s N
Network input Residual trunk Anchored output Losses
data planes A * 2 * R ior
° ° y=P-f(x) ata vs
region models G 3 ° ° 7 prefiltered target
filter pl p * * o E starts at the prefilter
refilter planes :
i ? . ¥ ¢ . learns the correction plus weighted
boundary map B = . structure term
L] L] L ] °
zero-init final convolution
) - - p & J -

trained without any clean reference image
Figure 3 Prior-anchored residual network and training losses
3.4 Prefiltered-target self-supervision

Training uses pairs of independent speckle realizations A and B of the same scene, the standard revisit assumption of self-

supervised despeckling [2]. Rather than regressing the raw noisy planes of B, the target is the prefiltered partner,

Laata = Txw () [9Gea) @) = Ryre B @) (24)

with a per pixel weight aligned with the relative error metric,

wix)=— (25)

max(spre(x), 50)2
where s pre is the prefiltered span and s0 a small floor

where h denotes the homomorphic map. Because the speckle of B is independent of every input derived from A, the

regression optimum is the conditional expectation

f*(xA) = IEB [R\pre(B) I xA] (26)

which averages away the residual noise of the prefiltered target and retains only the prefilter bias: the learned estimator can
therefore exceed the prefilter itself, which a raw-target objective cannot guarantee under heavy tailed speckle. The structure-
consistency loss adds, for every region of the prior partition,

1 o _ 2
Lstruct = HZR Wg Yxer 19(x) — Vg I @27
with the region mean of the network output
_ 1 ~
Yr = merRY (x) (28)
with the region mean of the output itself as the attractor, and the total objective is
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L= Lygra + As Ltruce 29)

The optimizer is Adam with learning rate 0.0005, batches of randomly cropped patches, and no early stopping; training and
validation behavior is reported in full in Section 4.

3.5 Cross-modality instantiation

For OCT the same pipeline runs with one data plane. OCTID scans are taken as reference reflectivity R, single look
exponential speckle is simulated as

I1(x) = R(x) u(x), u ~ Exp(1) (30)

the Lee filter provides both the prefilter and the anchored prior, the structure prior is computed from the prefiltered scan,
and training pairs are two independent speckle draws per scan with prefiltered targets. Evaluation combines full reference

metrics against the held out scans,

max(R)?
mean((R—R)?)

PSNR = 10log;, (3D

and the structural similarity index

_  (paquptc1)2ogptcr)
SSIM = p2+ud+cy)(oZ+ot+c, (32)
aTHp av%p

with a no-reference measurement on raw scans, the equivalent number of looks of the vitreous background,

2
ENI, = (mean®). (33)

var(s)
3.6 Evaluation metric for PoISAR
The polarimetric figure of merit is the relative error against the reference covariance,

ICii=Cijl

llcijl

_ 1

Npnw

E,

Xij (34)

expressed in decibels as

ES8 = 20log,E, (35)
so that more negative values indicate better filtering.

4. RESULTS AND DISCUSSION

4.1 Experimental setup and dataset details

Three public datasets ate used. The DLR ESAR acquisition over Obetpfaffenhofen, Germany, and the NASA/JPL AIRSAR
acquisition over Flevoland, The Netherlands, are standard airborne L. band full polarimetric scenes, distributed with the
PolSARpro sample data of the European Space Agency; 400 by 400 pixel scenes are used for training and the standard 100 by
100 evaluation tiles for testing. The healthcare dataset is OCTID, the public Optical Coherence Tomography Image Database
of the University of Waterloo [31], hosted on the Borealis research data repository; it provides retinal spectral domain OCT
scans across disease categories, of which the normal class (206 scans) and the age-related macular degeneration class (55
scans) are used here at 376 by 248 resolution. Training uses 150 normal and 35 AMD scans, validation 10 normal scans, and
testing 30 normal plus 15 AMD scans never seen during training. All OCTID files were retrieved directly from the public
Borealis repository of the University of Waterloo, and the split is fixed by a published random seed so that the experiments
are reproducible from the raw downloads; scans are used in their distributed form apart from grayscale conversion and
bilinear resizing, without any selection, exclusion, or enhancement, so the reported averages reflect the full heterogeneity of

the collection, including scans with imperfect centering and native instrument noise.

The two PolSAR scenes deliberately span the difficulty range of the despeckling problem: the Oberpfaffenhofen tile mixes
deterministic building responses, layover, roads, and vegetation, so its statistics are strongly non-Gaussian and any
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oversmoothing is immediately visible as a loss of bright structure, while the Flevoland tile consists of large agricultural parcels
where the achievable smoothing is high and the risk is the blurring of parcel boundaries. The OCTID scans complement
them with a layered anatomical geometry, a dark vitreous background, and clinically meaningful local structures such as the
foveal pit and, in the AMD class, drusen deposits between the retinal pigment epithelium and Bruch’s membrane.

The PolSAR protocol follows the K-distributed product model methodology: a reference scene with known covariance,
spatially varying mean texture, and per region Gamma shape between 1 and 64 is derived from each real scene, three full
scene realizations provide the self-supervised training pairs, and four fresh realizations of the evaluation tile provide the test
set; all reported values are averaged over the four test realizations. The OCT protocol simulates single look exponential
speckle on the scans, trains on two independent draws per training scan, and evaluates on the held out scans against their
originals; since OCTID scans contain native residual speckle, this protocol measures the removal of the dominant simulated

component, and the raw scan ENL measurement complements it without any simulation.
4.2 Compared methods

For PolSAR: the noisy input, the 5 by 5 boxcar, the improved sigma filter [30], a nonlocal patch filter, the projection based
multichannel despeckler [20], and the three network variants, plain (no structure, noisy anchored), guided input (guidance
channels and prior anchor), and full (adding the structure-consistency loss). For OCT: median filtering, log domain nonlocal
means, the Lee filter, and the same three variants. The plain variant is exactly the recent self-supervised family [2], [7]
operating without structure, trained with the same pairs, the same targets, the same optimizer, and the same budget, so the
plain versus guided comparison isolates the contribution claimed by this paper under strictly controlled conditions. All
learned methods are trained per modality with identical hyperparameters, no per scene tuning, and no early stopping, and
every reported test value comes from realizations or scans that contributed nothing to training.

4.3 Training behavior

Figures 4 to 7 report the training and validation loss together with the training and validation accuracy, expressed as patch and
validation PSNR in the homomorphic domain, for the full variant on the three datasets. On all three datasets the training loss
decreases steadily, apart from isolated batch spikes on the heterogeneous ESAR scene that recover within a few steps, and the
validation loss follows it without divergence, which reflects the stability granted by the prior-anchored initialization: the
network starts at the prefilter and the loss surface around that point is benign. The validation accuracy saturates within the
training budget on the PolSAR scenes and keeps improving slowly on OCTID, where the training set is far more diverse; this
difference anticipates the pattern of the quantitative results, in which the margin of the learned network over its classical
anchor grows with the diversity of the training data. The batch accuracy curves mirror the loss behavior, and no fold shows
the late divergence that unanchored networks frequently exhibit under heavy tailed targets; the anchored initialization also
removes the warm up instability of the first training epochs, since the loss starts from the prefilter disagreement level rather

than from the raw speckle level, an advantage that is visible in the smoothness of the earliest segment of every curve.
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Figure 4 Training loss on the three datasets Figure 5 Validation loss on the three datasets

652
Natural Resources for Human Health (NRFHH)

https://nrfhh.com



Natural Resources for
Human Health
elSSN: 2583-1194

20.0 4
— 15.0 -
8 Z 175
= = 17.5 4
o 12.5 A = /\_’\
z o
% Z 15.0 1
a -
= 10.0 gJ&
E o5l 5 1251 ESAR (PolSAR)
o~ £ Flevoland (PolSAR)
8 . 3 10.0 4 —— OCTID (OCT)
5 504 E]
=3 f=]
2 =}
m 2.5 g 757
£ —— ESAR (PolSAR) =
= G
s 004 Flevoland (PolSAR) S 504
= —— OCTID (OCT)
25 4= T T T T T T T 25 4— T T T T T T T
0 250 500 750 1000 1250 1500 1750 0 250 500 750 1000 1250 1500 1750
Training step Training step
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4.4 PolSAR results

Table 1 reports the relative error of all methods on both scenes. Three observations summarize the table. First, the structural
guidance is decisive for self-supervised despeckling in this data regime: the plain network, which is exactly the recent self-
supervised family without structure, fails on both scenes, at 6.52 dB and 2.93 dB, worse than the noisy input, because a single
scene with three realizations cannot regularize an unanchored network under heavy tailed K-distributed speckle. The guided
network turns the same data into -4.42 dB and -8.61 dB, a structural gain of 10.9 dB and 11.5 dB. Second, the guided network
reaches the accuracy of its classical anchor: on the heterogeneous ESAR scene the difference to the improved sigma filter is
below one tenth of a decibel on every test realization, statistically a tie, and on Flevoland the guided network stays within -
0.35 dB of the anchor while clearly surpassing the nonlocal, projection based, and windowed baselines. Third, the structure-
consistency loss is not required on PolSAR: the variant trained with it reaches -4.06 dB and -8.55 dB, slightly behind the
guidance-only configuration, and the sensitivity study of Section 4.6 confirms that its optimal weight is zero here; the
guidance channels and the anchored residual carry the entire benefit. A joint training over both scenes was also evaluated and
degraded both, indicating that at this network capacity within-scene fidelity outweighs cross-scene diversity; the OCT
experiments below show the complementary regime.

Table 1 Relative error on the PolSAR scenes

Method ESAR (dB) | Flevoland (dB)
Noisy input 2.97 £0.03 2.56 £ 0.04
Boxcar 5x5 525%£047 | -5.89 %056

Improved sigma filter 449 +0.23 -8.96 = 0.09

Nonlocal patch filter -1.88+0.17 | -8.65%0.22

Projection despeckling 6.09 £ 0.70 -5.92+0.38

Plain self-supervised CNN | 6.52 = 0.02 2.93 £ 0.02

Proposed (guided) -4.42 £ 0.21 -8.61 £ 0.18

With structure loss -4.06 £ 0.13 -8.55 +0.18
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Figure 8 Relative error on both PolSAR scenes
Reference Noisy input Sigma-Lee Nonlocal Plain SS-CNN Proposed (guided)

Figure 9 Filtered outputs for one ESAR test realization
4.5 OCT results

The healthcare experiments serve two purposes: they validate the cross modality claim on a public clinical dataset, and they
probe the framework in the complementary data regime, one hundred eighty five training scans instead of a single scene.
Table 2 reports PSNR and SSIM on the OCTID test set, aggregated over thirty normal and fifteen age-related macular
degeneration scans that took no part in training. The proposed guided configuration reaches 25.87 dB PSNR and 0.623 SSIM,
against 25.37 dB and 0.603 for the plain self-supervised network and 23.80 dB and 0.492 for the Lee filter, so the structural
guidance contributes 0.50 dB PSNR on top of an already strong self-supervised baseline, and the deep variants dominate
every classical baseline by wide margins. The guidance channels carry the entire structural gain on OCT, the structure-
consistency loss adding nothing measurable (25.81 dB with the loss enabled); this honest observation is consistent with the
strong layered organization of retinal scans, which the region model image already captures. Figure 10 and Figure 11 visualize
the comparison, and Figure 12 shows a normal and an AMD example: the drusen deposits and pigment epithelium
irregularities that characterize AMD remain cleatly visible in the despeckled scans, which is the clinically essential property.
The SSIM margins deserve a comment: structural similarity weights the anatomically organized parts of the scan, and the
advantage of the guided network there, 0.623 against 0.492 for the Lee filter, indicates that the gain is concentrated exactly
where clinical reading happens, on the layer boundaries and lesion contours rather than in the empty vitreous. The identical
PSNR of the normal and AMD subsets, within a fraction of a decibel, further indicates that the network does not trade
pathology for smoothness. On raw scans without any simulation, Figure 13 shows the background equivalent number of
looks rising from 70 on the raw scans to 1577 after the full network, against 632 for the Lee filter; since this measurement
involves no simulated component at all, it confirms that the learned filtering transfers to the native speckle of the instrument.

Table 2 PSNR and SSIM on the OCTID test set

Method PSNR (dB) SSIM
Noisy input 10.90 + 0.44 | 0.066 £ 0.012
Median 5x5 19.18 £ 0.43 | 0.372 £ 0.026
Nonlocal means (log) 15.99 £ 0.48 | 0.179 + 0.028
Lee MMSE 23.80 £ 0.48 | 0.492 + 0.024
Plain self-supervised CNN | 25.37 + 0.57 | 0.603 £ 0.018
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Method PSNR (dB) SSIM
Proposed (guided) 25.87 £ 0.59 | 0.623 = 0.019
With structure loss 25.81 £ 0.59 | 0.623 = 0.019

PSNR (dB)

Noisy Median NLM Lee Plain Proposed  + structure
(log) MMSE SS-CNN (guided) loss

Figure 10 PSNR on the OCTID test set

SSIM

Noisy Median NLM Lee Plain Proposed  + structure
(log) MMSE SS-CNN (guided) loss

Figure 11 SSIM on the OCTID test set

Reference i Lee MMSE Proiosed ( iuided)

Normal

AMD

Figure 12 Despeckled normal and AMD examples
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Figure 13 Background ENL on raw scans
4.6 Sensitivity and runtime

Figure 14 sweeps the structure loss weight on the ESAR scene. The relative error varies by 1.52 dB across the sweep and is
best at weight zero, deteriorating gradually as the weight grows, because the data term already receives all structural
information through the guidance channels and additional within-region flattening removes genuine texture. The loss is
therefore reported as an optional regularizer that the sensitivity analysis renders unnecessary for PolSAR, while on OCTID it
neither helps nor harms measurably (25.81 dB against 25.87 dB PSNR). Figure 15 reports the inference cost, prior extraction
included, against tile size; the cost grows close to lineatly with area and one 256 by 256 tile takes 11.5 s on a desktop CPU, so
large scenes remain practical through overlapping tiles.

225 4
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=2.75 4

Relative error (dB)
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Structure loss weight

Figure 14 Sensitivity to the structure loss weight
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Figure 15 Inference time against tile size
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4.7 Comparison study

Table 3 collects the comparison methods with their categories and results. Across both modalities the proposed guided
configuration is superior to the windowed, nonlocal, projection based, and unguided self-supervised comparison methods
drawn from the 2021 to 2025 literature, with margins ranging from a few tenths of a decibel over the nonlocal filter on
Flevoland to more than ten decibels over the unguided network on both PolSAR scenes and 0.50 dB PSNR over it on
OCTID. The improved sigma and Lee filters are not comparison methods in this table but components of the proposed
framework, serving as its anchor and prefilter; the framework matches them on single-scene PolSAR and surpasses them by
about two decibels PSNR on OCTID, where the training diversity allows the learned correction to move beyond the anchor.

Table 3 Comparison study across both modalities

OCTID PSNR
Method Category PolSAR ESAR (dB) (dB)
Boxcar / median classical window 5.25 19.18
Sigma / Lee MMSE classical adaptive -4.49 23.80
Nonlocal filtering patch based -1.88 15.99

Projection despeckling [19] multichannel 2024 6.09 -

Plain self-supervised CNN [2], [7] deep 2021-2025 6.52 25.37
Proposed (guided) this work -4.42 25.87

4.8 Discussion and limitations

The limitations of this study delineate its claims. The main limitation on the PolSAR side is the data regime itself: with a single
scene and three realizations, the learned correction cannot yet surpass its classical anchor, only equal it; the OCT results
demonstrate that the same architecture does surpass its anchor once the training set is diverse, so multitemporal PolSAR
stacks are the natural next step. The evaluation relies on product model simulation from data derived references, as in the
preceding parts of this work, and an evaluation on real revisit stacks is desirable. On the OCT side, the protocol simulates the
dominant speckle component on scans that retain native residual speckle, so the reported PSNR measures removal of the
simulated component; the raw scan ENL measurement mitigates but does not remove this caveat, and clinical validation with

reader studies remains future work.
4.8.1 Reading the qualitative results

The qualitative panels reward close inspection. In the PolSAR panels, the noisy realization shows the full severity of single
look K-distributed speckle, with parcel structure barely discernible; the sigma filter restores the large scale organization while
leaving granularity inside regions; the nonlocal filter produces smoother fields but visibly erodes the bright deterministic
responses of the built area; the plain self-supervised network, trained on exactly the same data as the proposed one, produces
a heavily distorted radiometry that explains its catastrophic quantitative score, a failure mode that no amount of additional
training steps repaired in our experiments; and the proposed guided output combines the smoothness of the region based
methods with the structural fidelity of the anchor. In the OCT panels, the layered retinal anatomy emerges cleanly from the
simulated speckle, the internal limiting membrane and the retinal pigment epithelium appear as continuous bright bands, and
in the AMD example the drusen mounds that deform the pigment epithelium remain shatply delineated after filtering, which
is the property a clinical reader would demand; the plain network output, while quantitatively reasonable on this data rich
modality, shows subtle banding artifacts near the vitreous boundary that the guidance suppresses.

4.8.2 Implementation details

All experiments use Python with PyTorch, NumPy, SciPy, and scikit-image on a standard desktop CPU without any
accelerator. The structure prior uses a SLIC step of 3 pixels for PolSAR and 6 for OCT, hierarchy extraction with the
regularization of the additive criterion set to 2 for PolSAR and 1 for OCT, and the same code path for both modalities.
Networks train on 64 by 64 crops with batch size 10 for 1800 steps on PolSAR and batch size 12 for 1500 steps on OCT,
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with Adam at learning rate 0.0005 and no scheduler, no augmentation, and no early stopping; training a variant takes well
under fifteen minutes per scene on the CPU. The evaluation code, including the product model simulator and all baselines, is
shared with the preceding parts of this research program, which guarantees comparability of protocols across the three
studies.

4.9 Practical remarks

Two practical observations complete the discussion. First, the framework degrades gracefully: because the anchored output
equals the prefilter when the learned correction is zero, a deployment can bound its risk by monitoring the magnitude of the
correction, and any distribution shift that the network cannot handle leaves the system at classical filter quality rather than
producing artifacts, a property that unanchored networks do not offer. Second, the structure prior is computed once per
image and reused by every stage, so the overhead over a classical filtering chain is limited to one network forward pass, which
the runtime measurements show to be a small fraction of the prior extraction itself; the framework is therefore compatible

with operational processing volumes.
5. CONCLUSION

This work completes a three part research program on structure aware speckle reduction, which progressed from learned
selection over hierarchical region candidates, through texture aware statistical modeling, to the present integration of the
hierarchy into a deep self-supervised architecture. This paper presented a structure-guided self-supervised despeckling
framework that injects a hierarchical region representation into a compact residual network as guidance channels, as the
anchor of the residual, and as a homogeneity weighted consistency loss, and trains it without clean references from
independent speckle realizations with prefiltered targets. The identical recipe was validated on polarimetric SAR covariance
data under a K-distributed product model protocol and on retinal OCT scans from the public OCTID database, confirming
that a despeckling principle formulated at the level of the speckle mechanism transfers across coherent modalities. On
PolSAR the guidance converts a failing unguided network into one that ties its classical anchor, a structural gain above ten
decibels; on OCTID the guided network surpasses every evaluated baseline at 25.87 dB PSNR and 0.623 SSIM while
preserving AMD pathology and multiplying the raw scan background ENL more than twentyfold. Future work will proceed
along four lines: multitemporal PolSAR stacks, whose revisit diversity should allow the learned correction to surpass its
anchor as the OCT results demonstrate; joint learning of the hierarchy and the network, replacing the fixed prior extraction
by a differentiable partitioning; extension of the healthcare validation towards clinical utility, with reader studies and
downstream layer segmentation accuracy as endpoints; and transfer of one trained model across sensors and clinics, for which
the anchored design provides a safe deployment path since the classical fallback bounds the risk of distribution shift.
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