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DEVELOPMENT OF A HYBRID
METHOD VGG16-FrostNet FOR
ADAPTIVE DESPECKLING

OF SYNTHETIC APERTURE
RADAR (SAR) IMAGES USING
ATTENTION MECHANISM AND
DIFFERENTIABLE FROST FILTER

The object of research is the process of suppressing multiplicative speckle noise in synthetic aperture radar (SAR) images, which
significantly complicates their analysis. The problem addressed is the lack of end-to-end hybrid methods capable of spatial adapta-
tion by integrating a mathematical model of local statistics (the Frost filter) directly into the neural network computation graph. This
research is aimed at automating the process of adaptive SAR image filtering by developing the hybrid VGG16-FrostNet method. These
research tasks were addressed by formulating a differentiable mathematical model of the classical Frost filter for integration into
a neural network, developing an architecture based on a pretrained VGG16 (Visual Geometry Group) backbone (blocks 1-2), and
integrating the Convolutional Block Attention Module (CBAM), which predicts a spatially varying damping coefficient map A, within
0.5-10.0 for each pixel. The developed hybrid architecture includes a residual branch for detail recovery and was optimized end-to-end
using a comprehensive loss function combining L1, Edge Loss (Sobel), SSIM, and attention regularization. The model was trained
on synthetic data with gamma-distributed speckle (equivalent looks between 3.0 and 6.0) under typical SAR conditions. On the test
set, experimental evaluation yielded a mean PSNR of 34.18 dB and SSIM of 0.97. The gain relative to the noisy image constituted
9.45 dB, and 3.36 dB in PSNR compared to the classical Frost filter with an optimal static coefficient. Edge indicators EPI = 0.8903 and
FOM = 0.8340 substantiate reliable preservation of structural boundaries. It was established that the developed hybrid method provides
spatially adaptive damping with interpretable attention maps, enabling its deployment in automated SAR data processing pipelines.
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1. Introduction

Synthetic aperture radar (SAR) systems are a key tool for Earth
observation because they can acquire images regardless of illumination
and weather conditions. The fundamental principles and applications
of SAR technology are comprehensively covered in [1]. However, SAR
images inherently exhibit multiplicative speckle noise caused by the
coherent nature of radar sensing and the interference of returns from
multiple scatterers within a single resolution cell [2].

Speckle markedly degrades the perceived image quality and impairs
automated interpretation, including classification, segmentation, and
change detection tasks [3]. The impact of speckle on various image
analysis tasks has been extensively studied, with recent comprehensive
analyses provided in [4]. Suppressing speckle while preserving struc-
tural details is therefore still an open problem.

Classical adaptive despeckling filters, including the Frost filter [5],
the Lee filter [6], the Kuan filter [7], and Gamma MAP [8], rely on local
image statistics under a multiplicative noise model. In the Frost filter, the
weights are computed as wj; = exp(-A - - d;j), where A denotes the

damping coethicient, C; = g/ - the local coefficient of variation, and
djj - the distance from the window center. The parameter A critically
controls the trade-off between noise attenuation and detail preserva-
tion: larger values better preserve edges, whereas smaller values produce
stronger smoothing in homogeneous areas [2]. The ongoing relevance of
these local-statistic methods is evidenced by recent studies demonstrating
substantial performance gains through improved classical algorithms,
such as the modified Kuan filter for Sentinel-1 imagery [9].

A key limitation of these filters is the need for manual parameter
tuning, with optimal settings strongly dependent on scene content and
noise level. This requirement hinders their use in automated high-
throughput processing pipelines typical of contemporary satellite mis-
sions such as Sentinel-1 [10]. To mitigate this issue, prior approaches
have attempted to predict the expected filtering efficiency from statisti-
cal image descriptors. In [11, 12], this idea was explored for DCT-based
filters, showing that local statistics can estimate potential quality im-
provements and that the relationship between noise characteristics and
filtering outcomes is predictable. Later studies extended the methodol-
ogy to SAR imagery and introduced neural-network-based predictors.
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An initial framework for predicting filtering efficiency of DCT-based
filters applied to SAR images using machine learning was proposed
in [13]. This approach was further refined in [14] by incorporating
more complex image features. More recently, the methodology was ex-
tended to adapt filter parameters to varying image content for Sentinel
SAR imagery [15], and the approach was subsequently applied to opti-
mal parameter selection for the Frost filter on Sentinel SAR images [16].
However, these methods primarily estimate relative quality gains rather
than directly selecting spatially adaptive filtering parameters.

In recent years, deep learning has improved SAR image despeckling.
Convolutional neural network (CNN) approaches such as SAR-CNN [17],
DnCNN [18], and SAR2SAR [19] can deliver high-quality restora-
tion. However, because of their purely data-driven nature, it can be
challenging to interpret their intermediate representations or ensure
adherence to classical statistical models. Comprehensive reviews of
recent developments in deep learning for SAR despeckling are provided
in [4]. Strategies for applying deep learning to SAR despeckling, includ-
ing transfer from pre-trained natural-image denoisers and end-to-end
training on SAR data, are analyzed in [20]. Therefore, instead of directly
competing with these heavily parameterized architectures purely on
quantitative metrics, the present research focuses on an alternative
direction: enhancing a classical, theoretically grounded filter by making
it differentiable and spatially adaptive. Consequently, the primary base-
line for evaluation is the classical Frost filter with an optimally selected
static coefficient, isolating the specific performance gain achieved by
introducing spatial adaptation via the attention mechanism, rather than
comparing against purely data-driven CNNG.

Transfer learning enables effective reuse of features learned from
large-scale datasets such as ImageNet [21]. Architectures such as
VGG16 (Visual Geometry Group) [22] provide hierarchical texture
representations that transfer across natural-image tasks, while convo-
lutional models developed for SAR despeckling [23] apply the same
inductive bias to radar intensity imagery; SAR imaging fundamentals
and speckle phenomenology are surveyed in [24]. The transferability of
learned features across domains was systematically investigated in [25].
The theoretical foundations and practical applications of transfer learn-
ing in computer vision are comprehensively reviewed in [26].

Attention mechanisms, including the convolutional block attention
module (CBAM) [27], SENet [28], and non-local networks [29], allow
models to adaptively weight informative regions. This property is use-
tul for despeckling, where object boundaries and homogeneous areas
should receive different degrees of smoothing.

Based on the critical analysis of the current scientific literature,
the following unresolved scientific and applied problem was identi-
fied: the lack of end-to-end hybrid methods capable of autonomously
controlling spatial adaptation by integrating a differentiable analytical
model of local statistics (the Frost filter) directly into the neural network
computation graph. Consequently, the object of research is defined as
the process of suppressing multiplicative speckle noise in synthetic
aperture radar (SAR) images, and the aim of this research is to automate
the process of adaptive SAR image filtering by developing the hybrid
VGG16-FrostNet method.

To achieve this aim, the following research tasks were formulated.

1. To develop a differentiable mathematical model of the classical
Frost filter to enable its integration into a neural network architecture.

2. To develop the architecture based on transfer learning (pre-
trained VGG16 model) combined with the CBAM and the differen-
tiable Frost filter, and to formulate a comprehensive loss function for
its end-to-end training.

3. To perform an experimental evaluation of the developed method
and conduct a comparative analysis with the baseline filter using full-
reference and edge-preservation metrics.

In practice, the proposed approach supports automated SAR data
processing pipelines without manual tuning of filtering parameters.

2. Materials and Methods

2.1. Research methods

The following research methods were employed: mathematical
modeling of multiplicative noise and the Frost filter for formulating
a differentiable filtering framework; deep learning with convolutional
neural networks and attention mechanisms for adaptive parameter pre-
diction; transfer learning for reusing pretrained feature representations;
and comparative statistical analysis using full-reference, perceptual, and
edge-preservation image quality metrics for performance evaluation.

2.2. Source data

Experiments were conducted on synthetic data designed to emu-
late Sentinel-1 IW GRD (Interferometric Wide swath, Ground Range
Detected) intensity products with VV polarization. The use of synthetic
data is motivated by the need for reference images for supervised train-
ing and quantitative evaluation. To construct the synthetic dataset,
histogram matching between Sentinel-2 optical images and reference
Sentinel-1 SAR images was applied [30], enabling the generation of
photo-realistic training samples with a known reference.

The dataset comprised 1528 single-channel 1024 x 1024 intensity im-
ages (uint16) for training and 382 images for testing. For each clean image,
a paired sample (noisy, clean) was generated by applying the multiplicative
noise model, defined below in equations (9), (10), with ENL randomly
sampled from a uniform distribution over [3.0, 6.0] to cover variability
across SAR systems and products. During training, data augmentation
was applied by randomly extracting a 128 x 128 image crop from each
1024 x 1024 image, followed by random horizontal and vertical flips. Vali-
dation and final evaluation were performed on full 1024 x 1024 images.

2.3. Baselines and quality assessment metrics

To assess the proposed method, it was compared with the classical
Frost filter using an optimally selected (static) damping coefficient. For
each test image, the damping coefficient A was swept over [0.2, 2.6]
with a step of 0.2, and the best value was selected by maximizing
PSNR (Frost best-A baseline).

Filtering quality was evaluated using a set of complementary full-
reference, perceptual, and edge-preservation metrics (1)-(8).

PSNR (peak signal-to-noise ratio) [31]:

PSNR :2010g10(—I MI’J,
VMSE
1 . a2
MSE= HW;(Iﬁhemi(l’J)_Iflmn(l’j)) 4 (1)

where MAX; = 1.0 for normalized images, and H and W denote image
height and width, respectively.
SSIM (Structural Similarity Index) [31]

(2uxyy,+C1)(20'1},+C2)
(,uf_ +“:+C1)(°'x2 +0'§ +C2)’

SSIM(x,y)= ®)

where g, Hy — the mean intensities, 0,2, 0'},2 — the variances, Oy = the
covariance, and C; = 0.01% C, = 0.03% — the stabilization constants.
MS-SSIM (multi-scale structural similarity index) [32]

M

MSfSSIM(x,y) =[I, (x,y)]a“’ H|:C; (x,y)]ﬁ/ |:sj (x,y)]y’ R (3)

J=

where Iy(x, y) - the luminance comparison at the coarsest scale, ci(x, y)
and s,»(x, ) — the contrast and structure comparisons at scale j, and the
standard five-scale weights are (w; = 0.0448, w, = 02856, w3 = 0.3001,
wy = 0.2363, ws = 0.1333). In the standard MS-SSIM setting, the lumi-
nance term is used only at the coarsest scale.

2%
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FSIM (feature similarity index measure) [33]

2,5 ()Se(P)PC,(p)
> )

where Spc(p) — the phase-congruency similarity, Sg(p) — the gradient-
magnitude similarity, PC,,,(p) = max(PCy(p), PCy(p)) — the phase-con-
gruency weight, and £ - the set of all image pixels.

HaarPSI (Haar wavelet-based Perceptual Similarity Index) [34]

HaarPSIf L= Z Zk 1HSf /) [x] fih [x] ’ 3)
. Z Zkl fi» fl: :I

where HS( ﬂfz[x] denotes the local similarity map obtained from
Haar-wavelet responses, W ﬂjz[x] — the corresponding weight map,
k € {1, 2} selects horizontal and vertical features, and I, - the logistic
mapping used in the original definition.

MDSI (mean deviation similarity index) [35]

uDFJ , (6)

where D(p) - the combined local distortion map, z¢j, - its mean value
over £, and p - the pooling exponent. Lower MDSI values correspond
to better image quality.

EPI (Edge Preservation Index) [36]

% (£ ) 0-n)
I ) 3 (1), )

where E; E, — edge maps extracted using a 3 x 3 Sobel operator from
the filtered and reference images, respectively, and £ ge:, — the mean
values of the corresponding edge maps.

FOM (Pratt’s Figure of Merit) [37]

FSIM = (4)

MDSI= [i
2| £

EPI = @)

Nyetected

1 1
FOM = = (8)
maX(Ndetcrted’ijmcmc) = l+ad;
where Nyetecteds Nieference — the numbers of detected and reference edge

pixels, d; - the distance from the i-th detected edge pixel to the nearest
reference edge, and a = 1/9 — a weighting parameter.

3. Results and Discussion

3.1. Mathematical modeling and problem statement

Speckle noise in SAR intensity images is commonly modeled as
multiplicative noise, following the local-statistics formulation in [6] and
the radar imaging model and adaptive filter in [5]:

I(x,y) = X(x,y)S(x,y), ©)
S~I'(L1/L), (10)

where X(x, y) denotes the underlying scene intensity, I(x, y) — the ob-
served intensity, S(x,y) — the speckle multiplier with a gamma distri-
bution, and L - the equivalent number of looks (ENL). The selected
parameterization ensures E[S] = 1 and Var[S] = 1/L, corresponding to
the standard multiplicative speckle model for SAR imagery, which has
been validated across various SAR systems and imaging conditions [2].

Based on the multiplicative noise model (9), (10), the formal prob-
lem statement is formulated as follows: given a noisy observation I(x, ),

find a nonlinear mapping Fy parameterized by weights @ that produces
an estimate X(x, y) = Fg(I(x, ) approx1matmg the true scene inten-
sity X(x, y). The optimal parameters 6" are determined by minimizing
the expected composite loss

0 :argmingE[L'(Fe (I),X)]. (11)

A central component of the mapping Fy is the integration of classi-
cal local-statistics logic into the neural computation graph. To achieve
this, a differentiable mathematical model of the Frost filter was devel-
oped. The classical Frost filter weight equation employs the squared
coefficient of variation C? in the exponent. Direct integration of this
formulation into a gradient-based optimization pipeline presents a fun-
damental difficulty: in heterogeneous regions and near object boundaries,
Cjassumes values greater than unity, and consequently C% exceeds C;
by a large margin, causing the exponent to become large in absolute
value. In finite-precision (float32) arithmetic, the exponential function
underflows to zero for sufficiently negative arguments, rendering the
gradients of the filter weights with respect to the damping coefficient
numerically negligible and effectively blocking gradient flow through
the filter layer during backpropagation.

To overcome this limitation, the mathematical model was modified
by replacing C?; with its first-power counterpart C; = a7/4;. Since for
C; > 1 the inequality C; < C? holds, this substitution compresses the
dynamic range of the local-statistics term in the exponent, keeping the
exponential function and its derivatives numerically representable.
This modification does not reduce the filter expressiveness, because
the spatially varying damping coefficient A,,,q, - predicted by the neural
network for each pixel - implicitly compensates for the reduced mag-
nitude of Cy relative to C?. The expanded range of Ayyqp (detailed in
Section 3.2) provides sufficient capacity for this adjustment. The result-
ing differentiable filter weights are computed using a 7 x 7 window as

Cl(x’)’)'dij)’

where C; = o/1; - the local coefficient of variation estimated from
local mean and variance, and d,:,' — the Euclidean distance from the
window center. The filtered intensity is computed as

(x4, v+
,MM

2
i

An auxiliary sub-task is to predict the spatially varying damping
map Ayq(x, y) that directly controls this differentiable mathemati-
cal model, ensuring that smoothing adapts to local image content.
The proposed solution to these formulated problems is the hybrid
VGG16-FrostNet method developed in Section 3.2, which optimizes
the mapping F end-to-end according to the objective (11).

Wij =€Xp(—A”mp (x’y) ’ (12)

(13)

3.2. The VGG16-FrostNet architecture

The development of the proposed architecture requires constructing
aspecialized neural network architecture capable of integrating the math-
ematical model (12), (13). The key design principle consists in predicting
the spatially varying damping map (16) to act as an internal parameter for
continuous tensor operations, making the hybrid mechanism trainable end-
to-end. The overall architecture of the developed method is shown in Fig. 1.

The architecture consists of five main components.

VGG16 backbone: The first two blocks of a pretrained VGG16 net-
work (layers 1-9 from the feature extractor) are used to extract low-level
texture features. To accommodate single-channel SAR images, the input
convolution is modified from (3, 64, 3 x 3) to (1, 64, 3 x 3) by averaging
RGB-channel weights: Wy, = (1/3)2W;. The backbone is trained jointly
with the remaining components (freeze_backbone = False) to adapt
ImageNet-pretrained features to the SAR domain.
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Input
Tnoisy[1 X H x W]

v

VGG16 Backbone

______

Conv(1—64, 3x3)
RGB—Gray adaptation

Layers 1-9
Block1: 64—64 + Pool

Block2: 128—128 + Pool

v

Upsample x2
Bilinear

v

CBAM Attention

Channel Attn
128—8—-128, 0

Spatial Attn
Conv 7x7, 0

A-map Predictor
12864321

Amap € [0.5,10.0]

v

Frost Filter (7x7)

A\ 4 wij = exp(—A - Cr - dyj)
Refinement
128—64—1

Cr=o1/ur

Output
Tfitterea[l x H x W)

Fig. 1. VGG16-FrostNet architecture: a noisy input image is processed
by a pretrained VGG16 backbone, followed by the CBAM attention
module, an A_map coeflicient predictor, a differentiable Frost filter,
and a residual refinement branch

Rationale for selecting VGG16: the VGG16 architecture [22]
employs small 3 x3 convolution kernels, enabling effective extraction
of low-level texture features (e. g., edges and micro-textures) that are
critical for separating boundaries from homogeneous regions in SAR
images. The early VGG16 blocks are known to learn transferable rep-
resentations across domains [25].

CBAM [27]: Channel attention and spatial attention are applied
sequentially to modulate backbone features, as formalized in:

(14)
(15)

M, (F)=0(MLP( AvgPool(F))+ MLP(MaxPool(F))),
M, (F) :c7(C0nV7x7 ([AVgPool(F);MaxPool(F)])),

where F denotes the input feature map, M. — the channel-attention
map computed using an MLP (reduction = 16), and M, - the spatial-
attention map obtained via concatenation of channel-wise average and
max pooling followed by a 7 x 7 convolution. Modulation is applied
sequentially: channel attention yields F, = F ® M,(F), then spatial at-
tention is applied to obtain F’= F, ® (1 + M(F.)), which can be written
compactlyas F'= F® M/(F) ® (1 + M(F ® M/(F))).

Coefhicient-map predictor: A sequence of convolutional layers with
channel widths 128 —> 64 —> 32 —> 1 produces an adaptive damping
coefficient map A, constrained to the range [0.5, 10.0]

A, =05+95-0(A,),

(16)
where A, — the raw network output and & denotes the sigmoid func-
tion. The expanded range (compared with the typical A from 1 to 3 used
in the classical Frost filter) enables adaptation to different region types:
higher values (5.0 to 10.0) near boundaries for edge preservation and
lower values (0.5 to 2.0) in homogeneous areas for strong noise suppres-
sion. This predicted tensor is then directly passed to the differentiable
Frost filter formulated in (12), (13).

Residual refinement branch: A parallel branch with channel widths
128 —> 64 —> 1 restores high-frequency details that may be weakened
by filtering. The final output (17) is computed as

I I (17)

fitred =4 frost T I refinement *
In this way, the residual path compensates for detail loss, while the
main Frost branch continues to suppress noise in homogeneous regions.

Training relies on a composite loss function:

mel = L:Ll +A’e£edge + A‘sﬁssim +A’u£mm +A’r£uﬁm" (18)
1
£ = S ()L (i) (19)
11 HW,ZJ:| Sfil d( ) I ( )|
1
Lc e = T Em l’.’ _Emrat 1’.] ’ (20)
g HW;| P d( ) 8 ( )|

where E - the edge map, E:«[(gj+g;+8),andgxz Gy 1,g,=G,-I-
the horizontal and vertical gradients obtained with 3 x 3 Sobel filters

‘C.«'sim :1_SSIM’ (21)
where SSIM - the structural similarity index defined in (2)
1 . NS
‘Cmm :WZ(Amap(l’])_Enmm (l’./)) ’ (22)

ij

where E,;,,,, — the min-max normalized edge map of the reference image,
Enurm = (E!ar‘gei - min(Etarge[))/(maX(Etarge{) - min(Emrge!) + 8)’ with min
and max taken over all pixels

1 .
L:rcﬁnc = w Z}:| I refinement (’ > )| . (23)

The objective contains five terms. L1 loss (L;;) measures the main
pixelwise difference between the prediction and the reference; see (19).
Edge loss (Ledger Ae = 0.1) compares 3 x 3 Sobel gradients g,, g, of
the prediction and the reference via L1, as in (20) [38]. SSIM loss
(Lssims A5 = 0.1) is 1 — SSIM averaged over a Gaussian window (size 11,
o =15),(21) [31]. Attention regularization (Lgg, A, = 0.05) is the MSE
between the spatial-attention map and min-max normalized edges of
the reference, (22). Refinement regularization (L,efines A, = 0.01) is an
L1 sparsity penalty on the refinement output, (23).

These coefficients were chosen from validation experiments.
In the final setting, the edge and SSIM terms use A, = A, = 0.1, atten-
tion regularization uses 4, = 0.05, and refinement regularization
uses A, = 0.01. L1 remains the dominant part of the objective, while
the additional terms introduce boundary, structural, and attention-
related constraints. These coeficients, as well as the overall architec-
tural design, were chosen based on preliminary validation experiments

2
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and established best practices in image restoration [4]. A comprehen-
sive ablation study to isolate the exact marginal contribution of each
loss term and structural component (e. g., CBAM versus other atten-
tion modules) falls outside the scope of this proof-of-concept study,
which aims primarily to demonstrate the viability and in-

jectories showed that the ImageNet-initialized VGG16 backbone could
be adapted to SAR imagery without optimization instability.

Fig. 3 shows the distribution of adaptive coefficients A,,,,, over the
validation set.

terpretability of the end-to-end differentiable Frost filter.

The hybrid VGG16-FrostNet method is defined as
an integrated end-to-end trainable processing pipeline
that unifies three components developed above: the dif-
ferentiable mathematical model of the Frost filter (12), (13),

0.013

0.012

0.011

the hybrid architecture combining the pretrained VGG16 §
backbone with the CBAM, and the composite loss func- = 0.010
tion (18)—(23). The method prescribes a specific algorith- 0.009
mic procedure:

a) input normalization and multiplicative noise mod- 0:008
eling according to (9), (10); 0.007

b) a forward pass through the architecture, during 0
which the CBAM predicts the spatially varying damp-
ing map A, (16) that directly controls the differentiable
Frost filter;

¢) computation of the composite loss;

le7

Train Loss (x0.257) 340 0.970
Validation Loss !
idati 0.965
Val!dat!on PSNR 335
Validation S:
33.0~ 0.960
|
Slooss =
32.5 ™~ —
= !
»nf0.950
3208
315 [0.945
31.0 [0.940
10 20 30 40 50 60
Epoch

Fig. 2. Training curves for VGG16-FrostNet: loss on the training and validation sets (left

axis) and PSNR/SSIM on the validation set (right axes)

A_map distribution (with quantiles)

d) backpropagation through all components — includ-
ing the differentiable filter layer — with simultaneous update
of all trainable parameters.

The key challenge in developing this method was
ensuring compatibility between two fundamentally dif-
ferent paradigms: classical statistical filtering ( Frost filter)
and neural network gradient-based optimization. This
was achieved through the differentiable reformulation of
the filter (described above) and through linking the out-
put of the CBAM attention module to the input damping
parameter A,y of the filter. This connection transforms
the filtering parameter from an externally tuned constant
into an internal state variable of the network, predicted
autonomously during each forward pass. The attention
regularization loss (22) further enforces physically mean-
ingful behavior of A,,,4: higher damping values near struc-
tural boundaries (for edge preservation) and lower values
in homogeneous regions (for strong noise suppression).

The model was trained using a transfer-learning strat-
egy based on the framework established in [26].

The effectiveness of fine-tuning pretrained features for domain
adaptation was demonstrated in [25], where the pretrained VGG16
backbone was fine-tuned together with the remaining modules for
SAR imagery. This setup reused low-level representations learned on
ImageNet [21] and adapted them to the SAR despeckling task.

Training was carried out with the Adam optimizer and a learning
rate of 0.0005. The batch size was 8 image crops of size 128 x 128 pix-
els, randomly extracted from the original 1024 x 1024 images. The
model was trained for 60 epochs, and the differentiable Frost filter
used a 7 x 7 window. The pretrained VGG16 backbone (blocks 1-2),
CBAM attention modules, the coefficient predictor, and the refinement
branch were optimized jointly. All experiments were performed on an
NVIDIA RTX 4090 GPU.

3.3. Experimental evaluation and comparison with baselines

Fig. 2 shows training curves for VGG16-FrostNet, illustrating
the evolution of the loss function and quality metrics during training.

As shown in Fig. 2, the model converged steadily over 60 training
epochs. The training loss is presented in normalized form only to make
visual comparison with the validation curve easier. Because the two
curves remained close throughout training, there was no clear sign of
overfitting. On the validation set, PSNR and SSIM rose gradually and
reached about 34.2 dB and 0.97, respectively. Taken together, these tra-

—— median
-=-- g25
=== q75

4 6 8 10
A_map value

Fig. 3. Distribution of adaptive coefficients A_map over the validation set. Vertical lines

indicate the median (solid) and quartiles Q25 and Q75 (dashed)

The histogram of A,,,, values over the validation set of 382 im-
ages (Fig. 3) exhibited a skewed distribution with a median of 1.32
and a mean of 1.60. The quartiles were Q25 = 0.99 and Q75 = 1.95,
indicating the predominance of low-to-moderate damping coefficients.
The observed range spanned 0.50 to 9.27, consistent with the imposed
constraint A, in [0.5, 10.0]. The concentration of values in the low-
coefficient region (0.5 to 2.0) aligned with weaker smoothing in struc-
turally salient areas and stronger smoothing in homogeneous regions.

Quantitative results on the test set of 382 images (1024 x 1024 pix-
els) are summarized in Table 1.

Table 1

Comparison of filtering quality across methods

Method Noisy image Frost (best-A) VG(GP joér;lo:zgcsit)Net
PSNR (dB)| 2473 * 1.45 3082 + 144 3418  1.90
SSIM 0.8014 + 0.0574 | 0.9361 £ 0.0249 0.9700 +0.0152
MS-SSIM | 0.9385 £ 0.0209 0.9720 £ 0.0106 0.9871 £ 0.0064
FSIM 0.9352 + 0.0204 0.9529 +0.0122 0.9782 £ 0.0060
HaarPSI 0.4888 + 0.0648 0.6279 £ 0.0392 0.7870 £ 0.0436
MDSI 0.3067 £ 0.0212 0.2867 £0.0181 0.2401 £0.0168
EPI 0.5236 £0.1026 | 0.7078 £ 0.0605 0.8903 + 0.0338
FOM 0.7137 £0.1393 0.4380 £ 0.0951 0.8340 £ 0.0457
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VGG16-FrostNet achieved a mean PSNR of 34.18 £ 1.90 dB and
SSIM 0f 0.9700 + 0.0152 on the 382-image test set (values are reported
as mean * standard deviation). Relative to the classical Frost filter with
an optimally selected static damping coefficient (Frost best-A), the
proposed method improved PSNR by 3.36 dB and SSIM by 0.0340.
Relative to the noisy input, the PSNR gain was 9.45 dB. VGG16-Frost-
Net also outperformed the baseline on extended metrics: MS-SSIM
0.9871 + 0.0064 versus 0.9720 + 0.0106, FSIM 0.9782 + 0.0060 versus
0.9529 +0.0122, and HaarPST 0.7870 % 0.0436 versus 0.6279 £ 0.0392.
The MDSI score (lower is better) was 0.2401 £ 0.0168 for the proposed
method versus 0.2867 £ 0.0181 for Frost best-A, indicating improved
structural preservation. Boundary-oriented metrics further highlighted
the advantage of spatial adaptation: EPI was 0.8903 £ 0.0338 versus
0.7078 + 0.0605 (increase of 0.1825), and FOM was 0.8340 + 0.0457
versus 0.4380 £ 0.0951 (increase of 0.3960). These improvements were
attributed to per-pixel, spatially varying selection of damping coef-
ficients, which eliminated per-image parameter sweeps and supported
higher-throughput processing.

To analyze the dependence of filtering performance on the initial
noise level, Fig. 4 presents scatter plots relating the metrics of noisy
images to those of filtered images for four measures: PSNR, SSIM, EP],
and HaarPSI. The diagonal line y = x corresponds to no improvement;
points above the diagonal indicate metric gains after filtering. Linear
regression revealed a strong positive correlation between noisy and
filtered metrics, supporting the stability of the proposed method across
noise levels.

To assess robustness, filtering performance was analyzed as a function
of noise level characterized by the equivalent number of looks (ENL).
The 382-image test set was partitioned into three ENL ranges: [3.0, 4.0),

[4.0, 5.0), and [5.0, 6.0], corresponding to different speckle levels in
SAR imagery. For each range, the mean metric values of filtered images
and the gain relative to the corresponding noisy images are reported
in Table 2.

Each table entry reports the mean metric value for filtered images
within the corresponding ENL range, along with the change relative
to the mean metric value of the noisy images (shown in parentheses).
Positive changes for PSNR, SSIM, MS-SSIM, FSIM, HaarPSI, EPI, and
FOM indicate improvement after filtering, with larger values corre-
sponding to stronger improvement. For MDSI (where lower is better),
a negative change (i e., a decrease) likewise indicates improvement.

The robustness analysis demonstrated stable performance across
the full ENL range [3.0, 6.0]. As ENL decreased (stronger noise), the
PSNR gain increased from 8.93 dB for [5.0, 6.0] to 10.10 dB for [3.0,4.0),
indicating effective adaptation to varying noise levels. Similar trends were
observed for SSIM, MS-SSIM, FSIM, HaarPSI, EPI, and FOM, where
larger gains occurred under heavier speckle. MDSI consistently decreased
across all ENL bins, with the largest improvements under stronger noise.
Overall, all metrics remained high across the tested ENL range, support-
ing the robustness of the proposed approach.

Fig. 5 presents a visual comparison of despeckling results and as-
sociated diagnostic maps for a representative scene.

Visual inspection indicates that VGG16-FrostNet suppressed
speckle in homogeneous areas while preserving edges and fine struc-
tural details. The spatial attention map highlights object boundaries and
structurally salient regions, supporting adaptive filtering behavior. The
adaptive coefficient map A,,,,, reflects spatially varying damping in the
differentiable Frost filter, exhibiting higher values near boundaries and
lower values in homogeneous regions.
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Fig. 4. Relationship between filtered-image and noisy-image metrics:
a — PSNR; b — SSIM;; ¢ — EPI; d — HaarPSI. The dashed diagonal y = x indicates no improvement
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Table 2
Robustness analysis versus noise level (ENL)

Metric ENL[3.0,40) | ENLI[4.0,50) | ENL[5.0,6.0]

PSNR (dB) 33.78 (+10.10) 34.21 (+9.40) 34.52 (+8.93)
SSIM | 0.9668 (+0.2061) | 0.9702 (+0.1641) | 0.9727 (+0.1396)
MS-SSIM | 0.9853 (+0.0616) | 0.9873 (+0.0468) | 0.9887 (+0.0387)
FSIM | 0.9748 (+0.0536) | 0.9786 (+0.0418) | 0.9809 (+0.0348)
HaarPSI 0.7717 (+0.3241) | 0.7881 (+0.2975) | 0.7995 (+0.2759)
MDSI 0.2483 (-0.0717) | 0.2393 (-0.0667) | 0.2335 (-0.0619)
EPI 0.8827 (+0.4096) | 0.8919 (+0.3595) | 0.8957 (+0.3354)
FOM 0.8308 (+0.1380) | 0.8361 (+0.1218) | 0.8348 (+0.1030)

Attention map

Clean

c

Attention value

Proposed (VGG16-FrostNet)

a - clean image; b - noisy image; ¢ — attention map; 4 — bascline (Frost best-A);

The processing time per 1024 x 1024 image was approximately

e

Noisy

b

Baseline (Frost best-A)

f

Fig. 5. Visual comparison and diagnostic maps:

e — proposed (VGG16-FrostNet); /— A-map

40.66 ms on an NVIDIA RTX 4090 GPU.

3.4. Discussion

The quantitative performance of VGG16-FrostNet, including
a 3.36 dB gain in PSNR over the classical Frost filter with an optimal
static coefficient, is explained by the successful integration of a fully
differentiable mathematical model of the Frost filter with the CBAM
attention mechanism. Unlike the traditional approach, which applies
a single fixed damping factor, per-pixel prediction of damping coef-
ficients ensures simultaneous weak smoothing near edges and strong
noise suppression in homogeneous regions. This mechanism directly
translates theoretical local-statistics modeling into an end-to-end opti-
mized neural network computation graph.

Compared to existing deep-learning approaches that rely entirely
on data-driven feature extraction (such as standard CNNs or U-Nets),
VGG16-FrostNet actively retains the analytical interpretability of clas-
sical models. While previous studies focused on predict-
ing expected filtering efficiency or mapping optimal pa-
rameters for separate filters using external meta-data, the
proposed method embeds the filtering equation directly
into the network. This allows the model to surpass classi-
cal baseline methods by eliminating manual tuning while
circumventing the "black-box" nature of purely data-driven
architectures.

The principal distinctive feature and scientific novelty
of this research is the analytical fusion of transfer learn-
ing (VGG16) and spatial-channel attention (CBAM) with
the exact mathematical formulation of the Frost filter. Un-
like prior meta-learning techniques, CBAM dynamically
predicts the explicit damping coefficient map A, as an
internal state tensor variable. This specific feature directly
solves the stated research problem: it automates spatial ad-
aptation autonomously during a forward pass and enables
the model to be optimized end-to-end via a composite loss
function, delivering a highly controllable, edge-preserving
filtering response.

In practice, VGG16-FrostNet is recommended for
deployment in automated SAR data processing pipelines
where manual filter tuning per scene is unfeasible. The
interpretable spatial attention maps can be utilized by
practitioners to automatically inspect geometric distor-
tions or verify object boundaries directly during pro-
cessing. The largest practical gains are observed when
processing large-scale imagery containing both extensive
agricultural or water surfaces (requiring strong smooth-
ing) and detailed urban infrastructure (requiring bound-
ary preservation).

The current research faces several objective limi-
tations. Since the primary focus is the theoretical for-
mulation of the differentiable Frost filter, training and
full-reference evaluations were isolated to synthetic data
with gamma-distributed speckle (ENL 3.0-6.0). While
this ensures perfect methodological reproducibility,
validation on real SAR data presents complex geometric
challenges (layover, shadow, and foreshortening) and
requires no-reference evaluation, which is outside the
scope of this initial theoretical validation. Moreover, this
research was constrained to VV polarization using raw
digital numbers rather than radiometrically calibrated
backscatter products. For practitioners utilizing these
results in their own operating conditions, it is crucial
to account for these nuances and apply additional fine-
tuning if dealing with multi-polarimetric or severely
distorted data.

Future research will focus on validating the architecture using
real Sentinel-1 imagery where no-reference metrics are required.
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Promising extensions include adapting the methodology to multi-
polarimetric SAR data (VH/VV combinations), incorporating the
structural filtering block into multi-scale U-Net paradigms, and im-
plementing self-supervised training procedures. Adaptation of the
inference algorithms for edge-computing environments also remains
a highly relevant engineering task.

4. Conclusions

1. The classical local-statistics equations of the Frost filter were
reformulated into continuous, backpropagatable 2D convolution ten-
sor operations (as detailed in Section 3.2). This specific mathematical
transformation permitted the traditional static damping parameter
to be substituted with a dynamic, per-pixel tensor variable that scales
local spatial smoothing gradients during gradient descent. By establish-
ing this hybrid computational mechanism - comprising the damping
map prediction (14)-(16) and the differentiable Frost filter (12), (13) -
a differentiable Frost layer was successfully developed and proven viable
as a direct analytical processing component within an end-to-end opti-
mized neural network architecture.

2. A targeted hybrid neural network architecture was designed by
exploiting the pretrained VGG16 backbone (blocks 1-2) for robust fea-
ture extraction and fusing it with the CBAM spatial-channel attention
module. The CBAM module functioned effectively as an autonomous
spatial controller, successfully predicting the spatially varying damp-
ing coeflicient map A,,,, within the physical boundaries of 0.5 to 10.0.
Interpretability analysis confirmed that this hybrid design mathemati-
cally governs the adaptive filtering behavior: the model applies strong
edge preservation (A, up to 10.0) along structurally salient object
boundaries, while enforcing strong smoothing (A, close to 0.5-2.0)
across widespread homogeneous regions.

3. A comparative experimental evaluation on test datasets simulat-
ing SAR conditions (equivalent number of looks 3.0-6.0) validated the
superiority of the hybrid approach over traditional baselines. The devel-
oped VGG16-FrostNet method achieved a mean PSNR of 34.18 dB and
SSIM of 0.97, securing a significant 3.36 dB gain in PSNR compared
exclusively to the classical Frost filter utilizing an optimal static coef-
ficient. Physical edge-preservation indicators, specifically EPT (0.8903)
and FOM (0.8340), quantitatively established that the proposed ar-
chitecture suppresses multiplicative speckle while reliably preserving
high-frequency image structure. Theoretically, these findings verify that
classical analytical filters can be embedded into modern deep-learning
computation graphs without sacrificing physical interpretability. Practi-
cally, the VGG16-FrostNet method is highly beneficial for deployment
in automated SAR data pipelines within Earth remote sensing systems,
where it eliminates manual parameter tuning and ensures reliable, spa-
tially adaptive image analysis.
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