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Unsupervised Hybrid Transformer–Mamba
Diffusion for Depth-Dependent Image Denoising

in Scanning Acoustic Microscopy
Trong Nhan Nguyen , Vu Hoang Minh Doan, Tan Hung Vo, Dang Khoa Pham , Dinh Dat Vu ,

Thi Thu Ha Vu , Truong Tien Vo , Quoc Dung Nguyen , Jaeyeop Choi ,
and Junghwan Oh , Member, IEEE

Abstract—Scanning acoustic microscopy (SAM) plays a
critical role in nondestructive inspection of semiconductor
and industrial materials; however, deep-layer SAM images
often suffer from severe attenuation-induced noise and the
absence of clean reference data, significantly limiting re-
liable defect analysis. To address these challenges, this
article proposes a hierarchical diffusion-based denoising
framework that transfers structural and statistical knowl-
edge from high-quality top-layer SAM images to restore
degraded deep-layer images. A physics-guided synthetic
data generation pipeline, combining Gaussian degradation
modeling and unpaired domain transfer, is introduced to
enable effective training. A hybrid Transformer–Mamba dif-
fusion architecture is also constructed to jointly capture
local spatial structures and long-range depth-dependent
dependences, while a depthwise latent extraction strategy
enhances the separation of noise and structural features.
Extensive experiments on benchmark datasets and indus-
trial SAM images demonstrate that the proposed approach
achieves better performance on both reference-based met-
rics (peak signal-to-noise ratio, structural similarity index
measure, learned perceptual image patch similarity, and
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Fréchet inception distance) and no-reference evaluation,
while significantly improving downstream defect segmenta-
tion accuracy using the segment anything model. Although
the proposed model has a higher parameter count than
competing methods, the results indicate its strong potential
for practical SAM-based industrial inspection.

Index Terms—Hybrid transformer-Mamba, image denois-
ing, scanning acoustic microscopy (SAM), unsupervised
diffusion model.

I. INTRODUCTION

S CANNING acoustic microscopy (SAM) is a specialized
nondestructive testing (NDT) technique that utilizes high-

frequency ultrasound to inspect internal structures of sam-
ples [1]. However, when inspecting thick, multilayered spec-
imens, image quality is strongly affected by the attenuation
of ultrasound as it penetrates the material [2]. The deeper the
acoustic wave travels, the weaker the returning echoes become.
In contrast, the background noise of the SAM system is largely
independent of the ultrasound travel length [3]. For certain thick
samples, the echoed A-scan signals from deep layers are often
overwhelmed by background noise, resulting in severe degrada-
tion of the reconstructed C-scan images. In such cases, image
quality may deteriorate to the point where structural features or
defects cannot be distinguished from noise, severely limiting the
reliability of SAM for nondestructive evaluation.

Conventional approaches to addressing this issue have mostly
relied on adjusting hardware or scanning strategies. One com-
mon approach is to reduce the transducer frequency to enhance
penetration capability, as lower frequency ultrasound travels
further [4]. Although this increases the amplitude of the echo
signals, it reduces spatial resolution, thereby degrading image
quality. Another method is to increase the transducer signal
amplitude by amplifying the excitation pulse; however, this is
constrained by the electrical load capacity of the transducer [5].
Finally, reversing the sample to shorten the propagation dis-
tance can improve detection sensitivity, yet this strategy is
often impractical in industrial environments where speed and
accessibility are critical [6]. These limitations underscore the
need for alternative solutions that can improve SAM image
quality without requiring complex, costly, and often ineffective
hardware modifications.

A deep learning (DL)-based denoising approach offers a
promising solution to the depth-dependent noise problem in
SAM. The key challenge, however, lies in the absence of
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high-quality deep-layer scanning images that could serve as
ground truth for supervised training. This limitation naturally
frames the problem as an unsupervised learning task, requir-
ing models that can operate without explicit clean references.
Nevertheless, a key observation is that while image degradation
increases with penetration depth, the surface layers generally
produce high-quality images containing the same types of fea-
tures and defects as those found in deeper layers. This creates an
opportunity to train a model for learning the structural character-
istics of top-layer images and transfer this knowledge to denoise
degraded images from deeper layers. Such a model should
capture not only spatial structures but also temporal transitions
across depth, since attenuation and noise accumulation follow
depth-dependent patterns.

Previous attempts to denoise SAM images—where high-
frequency acoustic imaging suffers from low signal levels and
high noise—have included both classical and DL-based ap-
proaches. A comparative study applied traditional filters (Gaus-
sian filter, median filter, Wiener filter, and total variation) along-
side a block-matching 4-D (BM4D) filter to time-domain SAM
signals, showing that BM4D better suppresses noise while pre-
serving structural details [7]. On the DL frontier, one study
utilized a convolutional neural network (CNN) to achieve su-
perresolution in SAM, enhancing 180-MHz images by approx-
imating higher resolution 316-MHz ground-truth images with
strong fidelity despite a minimal training set [8]. However,
most recent DL-based denoising studies for SAM have focused
on coin samples or surface-layer images, which contain little
noise, highlighting their preliminary and impractical nature. In
practice, effective deep-layer SAM image denoising remains
largely unexplored.

Recent advances in DL have produced a new generation of
powerful image denoising architectures, including vision
transformer (ViT)-based and hybrid CNN–Transformer
networks, which have achieved advanced performance in
natural and medical imaging tasks. For instance, Zhang et
al. [9] proposed Hformer, a highly efficient ViT–CNN hybrid
for low-dose Computed tomography (CT) denoising, which
effectively captures global dependences while preserving
fine structural details. Similarly, Su et al. [10] introduced a
dual-path Transformer–CNN architecture for CT denoising [11]
that outperformed conventional U-shaped Network (U-Net)
baselines on the Mayo Clinic Low-Dose CT Challenge
benchmark. Zhao et al. [12] further conducted a comprehensive
evaluation of various deep models (U-Net, Wasserstein
generative adversarial network (Wasserstein GAN), and
residual networks) and training strategies for low-dose CT
images [13], [14], highlighting how network design choices
impact noise suppression and structure recovery [15], [16] .

In the ultrasound domain, Zhang and Zhang [17] proposed
a GAN-based despeckling method built on a U-Net residual
backbone (GAN-RW) that effectively suppresses speckle while
preserving details in B-mode ultrasound, but it is trained on typ-
ical ultrasound datasets and assumes stationary noise statistics.
Cammarasana et al. [18] introduced a deep model optimized
for real-time ultrasound denoising, demonstrating practical
inference speeds, yet this work focuses on common clinical
imaging conditions rather than the extreme signal-to-noise ratio
(SNR) drop seen in deep SAM layers. Recent content-aware and
attention-driven networks have improved despeckling by learn-
ing image priors and attention maps, but they still rely on super-
vised or weakly supervised training and do not explicitly model
depth-dependent acoustic attenuation [19]. These existing

denoising approaches—ranging from classical filtering
techniques to modern CNN- and Transformer-based
models—are limited in their applicability to deep-layer SAM
imaging. Classical methods fail to handle depth-dependent,
nonstationary noise, while most DL approaches assume access
to clean ground-truth images and are validated primarily
on shallow or low-noise datasets. None of the existing
methods explicitly leverages the hierarchical relationship
between high-quality surface-layer images and severely
degraded deep-layer images, nor do they model long-range
depth-dependent acoustic attenuation. These limitations
highlight a critical gap in current SAM restoration research.

To address this gap, our study introduces a diffusion model-
based denoising approach for SAM using a novel hybrid ar-
chitecture named scanning acoustic microscopy image de-
noising (SAMID), which integrates Transformer blocks and
Mamba state-space modules within a multiscale encoder–
decoder framework. We first constructed a synthetic SAM
dataset through a three-stage pipeline combining Gaussian
degradation modeling and CycleGAN-based domain transfer
(DT), overcoming the data scarcity problem. We then introduced
a depthwise latent extraction model (DLEM) to disentangle
noise-specific and structure-specific features, enhancing noise
suppression without sacrificing structural integrity. Finally, we
embed these modules within a probabilistic diffusion framework
to progressively recover clean representations from noisy inputs.
The contributions of this article can be summarized as follows:

1) A hierarchical denoising framework that learns structural
and statistical features from high-quality top-layer SAM
images and transfers this knowledge to restore noisy deep-
layer images.

2) A physics-guided synthetic data generation pipeline
that combines Gaussian degradation modeling with
CycleGAN-based DT to accurately emulate depth-
dependent SAM noise, enabling effective training without
requiring paired clean–noisy datasets.

3) A DLEM that disentangles structure-specific and noise-
specific features, improving fidelity in fine-detail preser-
vation while enabling more selective suppression of het-
erogeneous deep-layer noise.

4) A hybrid Transformer–Mamba diffusion architecture that
jointly captures local spatial structures and long-range
depth-related dependences, providing a robust generative
framework for reconstructing degraded SAM images.

5) Extensive evaluations on both benchmark datasets and
real industrial SAM scans, demonstrating state-of-the-art
(SOTA) denoising performance across supervised and
unsupervised metrics, as well as significant improvements
in downstream defect-segmentation accuracy.

The rest of this article is organized as follows. Section II
presents the methodology of the proposed SAMID model. Sec-
tion III describes the experimental setup and implementation
details. Section IV discusses the results and provides an in-depth
analysis. Section V reports the ablation study to further validate
the effectiveness of our method. Finally, Section VI concludes
this article.

II. METHODOLOGY

A. Characteristics Analysis of Noise

In SAM imaging, noise behavior is governed by both acoustic
propagation physics and hardware-induced disturbances. As an
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Fig. 1. SAM system and representative examples of noise character-
istics. From left to right: scan images and 1-D normalized amplitude
plots for the surface layer, bottom layer, and noise-only case. The results
show stronger fluctuations and distortions at deeper layers and random
background noise in the absence of a sample.

ultrasonic wave travels through a solid medium, its amplitude
decays exponentially with depth according to

A(d) = A0e
−2αd (1)

where A(d) is the received amplitude at depth d, A0 is the
initial amplitude at the surface, and α is the material-dependent
acoustic attenuation coefficient [20]. Impedance mismatches
at material interfaces where acoustic impedance is defined as
Z = ρc, with ρ denoting the material density and c the lon-
gitudinal sound speed generate reflection and scattering losses
characterized by

R =
Z2 − Z1

Z2 + Z1
(2)

whereZ1 andZ2 are the impedances of two adjacent media [21].
Beyond these physical mechanisms, the SAM system inherently
introduces random electronic noise, primarily originating from
the pulser and receiver circuitry. The pulser’s SNR specification
imposes a baseline noise floor that cannot be eliminated, and
this electronic noise becomes increasingly dominant as the echo
amplitude weakens with depth. These combined effects lead to
the depth-dependent degradation observed in Fig. 1.

Fig. 1 illustrates the SAM system setup (top), representative
scan images (middle), and their corresponding 1-D normalized
amplitude plots (bottom). At the surface layer, the scan image
appears relatively uniform, and the 1-D plot confirms that the
amplitude fluctuates only within a narrow range (0.75–0.96).
In contrast, the bottom layer scan shows stronger artifacts, and
the 1-D profile reveals larger fluctuations (0.4–0.9), indicating
that deeper regions suffer from more severe noise and signal
distortion. The right column (“Noise Image”) corresponds to a
scan without any physical sample. Here, the scan image mainly
contains random background patterns, while the 1-D normalized
shows irregular oscillations with extended lobes and large am-
plitude variations. Unlike Gaussian or Poisson distributions, this
noise is highly random and does not follow classical statistical
assumptions. Overall, the figure highlights that noise in SAM
imaging is depth-dependent and increasingly severe at deeper
layers. These findings motivate the need for robust denoising
strategies. In this work, we propose a DL-based method to

Fig. 2. Three-stage synthetic data generation pipeline for SAM de-
noising: 1) real acoustic images are captured from a commercial SAM
system; 2) synthetic noisy images are created using a Gaussian DM
and a CycleGAN-based DT to mimic realistic depth-dependent indus-
trial noise; and 3) clean and noisy images are segmented into fixed-
size patches and augmented for training. This pipeline alleviates data
scarcity and improves robustness for industrial SAM denoising.

suppress noise and recover reliable structural information from
SAM images.

B. Proposed Synthetic Data Generation and
Augmentation Framework

To overcome the shortage of labeled training data and im-
prove denoising performance in SAM, we propose a three-stage
framework for synthetic image generation and augmentation
(see Fig. 2). The process includes: real data capture, synthetic
data generation, and patches generator and augmentation. This
approach leverages synthetic data to address data scarcity while
enhancing robustness.

1) Real Data Capture: In this stage, real acoustic images
were collected using the SAM system across multiple penetra-
tion depths. The dataset includes two primary types of images:
clean images, typically captured from the uppermost layers near
the surface, and noisy images obtained from deeper layers, where
acoustic signal attenuation and scattering introduce significant
noise artifacts. These depth-dependent variations provide a nat-
ural distribution of both high- and low-quality data.

Clean images, which preserve the structural content with
minimal noise interference, are selected as the base inputs for
synthetic data generation. In contrast, noisy images from the
bottom layers are characterized by severe signal degradation
and are utilized as visual style references in the DT stage. This
separation of content (clean) and style (noise) forms the founda-
tion for simulating realistic degradation scenarios in subsequent
stages.

2) Synthetic Data Generation:
a) Degradation model (DM): To simulate noisy data, we

adopted a classical Gaussian DM, where synthetic noisy images
Inoise are generated from clean images Iclean using the relation

Inoise = Dgaussian(Iclean, σ) (3)

where σ denotes the noise ratio, and multiple noise levels are
applied to create a diverse synthetic dataset. Specifically, each
clean image is degraded using 15 predefined noise ratios: [0.05,
0.1, 0.125, 0.135, 0.15, 0.165, 0.175, 0.185, 0.195, 0.2, 0.225,
0.25, 0.3, 0.35, 0.375]. This process yields 15 noisy variants per
clean image, ensuring a wide range of noise intensities for model
robustness.
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b) Domain transfer: To simulate realistic and structurally
consistent noisy images, we adopted a DT approach based on
CycleGAN. Unlike classical noise injection, this method enables
data-driven learning of degradation patterns from real-world
acoustic images without requiring paired clean-noisy examples.
Let xclean ∈ Dclean denote a clean image sampled from the near-
surface region, and xnoisy ∈ Dnoisy denote a noisy image from
deeper layers. The goal of the generator G : Dclean → Dnoisy is
to transfer the style (noise characteristics) ofxnoisy toxclean, while
preserving the content of the clean image

xtranslated = G(xclean) ≈ xcontent + xstyle (4)

where xcontent represents the preserved microstructural detail
from xclean, and xstyle captures the noise patterns learned from
Dnoisy.

Our contribution lies in leveraging this DT paradigm to con-
struct a large-scale synthetic noisy dataset tailored for SAM,
where labeled data are inherently limited due to imaging cost,
acquisition time and restrictions related to data confidentiality.
By emulating the stochastic yet structured degradations found
in real SAM images, the synthetic samples not only augment the
training space but also preserve semantic and material-specific
textures. This enables subsequent denoising models to gener-
alize better across varying defect types, depths, and material
properties-a critical advancement for industrial defect inspection
where clean-noisy image pairs are impractical to obtain.

3) Patches Generator and Augmentation: To prepare data
for training, both clean and noisy images are divided into
fixed-size patches. Patches of 512 × 512 are extracted from
degradation-based images, while 256 × 256 patches are used
for DT samples to accommodate architectural input constraints.
To further enhance data diversity and improve model generaliza-
tion, standard augmentation techniques, including random rota-
tion, horizontal/vertical flipping, and pixel shifting, are applied
to all patches.

C. Depthwise Latent Extraction Model

In this study, the depthwise latent extraction model (DLEM)
is introduced as a proposed component for enhancing image
denosing ability. DLEM leverages depthwise feature separation
to disentangle and isolate noise-specific and structure-specific
representations across different hierarchical levels of the net-
work. Unlike traditional convolutional blocks that aggregate
spatial and channel information uniformly, DLEM emphasizes
selective information propagation across depth, enabling more
precise retention of structural content and more aggressive sup-
pression of noise artifacts.

1) Mathematical Formulation: For each feature map F(l) ∈
RHl×Wl×Cl at depth l, the DLEM is formulated as

F
(l)
dlem = σ

(
Cl∑
c=1

W(l)
c ∗ F(l)

c

)
(5)

where
1) W

(l)
c ∈ Rk×k is a depthwise convolution kernel applied

only to channel c;
2) ∗ denotes convolution;
3) σ(·) is a nonlinear activation (GELU);
4) Cl is the number of channels at depth l.

After the depthwise convolution stage, the intermediate latent
features F(l)

dlem are fused using a pointwise projection

F
(l)
out = φ

(
P(l) ∗ F(l)

dlem

)
(6)

whereP(l) ∈ R1×1×Cl represents a 1 × 1 convolution kernel for
channel mixing and φ(·) is an optional normalization or gating
function.

2) Computational Efficiency: The DLEM decomposes a
standard convolution into a depthwise convolution followed by
a pointwise projection, significantly reducing the computational
cost. The complexity is reduced from

O (k2 · C2
)

to O (k2 · C + C2
)

(7)

where k is the kernel size and C is the number of channels. For
small k (k = 3), this leads to approximately k2 times faster ex-
ecution with minimal performance degradation, making DLEM
highly suitable for high-resolution image denoising. In SAM im-
ages, noise and structural components exhibit markedly different
spatial distributions across depth. Therefore, separating chan-
nelwise responses becomes crucial for isolating noise-dominant
frequencies at deeper layers. The proposed DLEM exploits this
property by performing depthwise convolutions before channel
fusion, enabling more selective suppression of depth-induced
noise while maintaining the fine acoustic reflections that corre-
spond to material interfaces or inner defects.

D. Diffusion Model

As shown in Fig. 3(b), the diffusion model is a probabilistic
framework that estimates the data distribution q(z) by inverting a
fixed Markov chain of length T . It comprises a forward process,
where Gaussian noise is gradually added to clean samples, and
a reverse process, where the noise is iteratively removed to
reconstruct the original image. Unlike existing diffusion-based
denoisers that assume spatially uniform noise patterns, the pro-
posed hybrid generator explicitly models the depth-dependent
and spatially heterogeneous noise characteristics inherent in
SAM imaging. The Transformer blocks provide fine-grained
structural encoding, while the Mamba-based state-space units
efficiently capture the long-range attenuation patterns produced
by acoustic propagation.

1) MultiScale Encoder–Decoder Diffusion Model: We pro-
pose a four-level encoder–decoder diffusion architecture that
denoises latent variables zt ∈ RB×C×H×W by progressively
recovering clean representations across multiple resolutions.

The encoder begins with a shallow convolutional head (Level
0, RB×32×H×W ) and applies progressive downsampling through
Levels 1–3 (64, 128, 256 channels). Each stage integrates Mam-
merBlock units, combining Mamba-based state-space model-
ing and Transformer self-attention, while latent priors zprior
are injected via learned 1x1 convolutions to embed diffusion
dynamics.

The decoder mirrors this structure with upsampling, convo-
lution, and skip connections to reconstruct features from Level
3 back to Level 0. At each stage, MammerBlock modules refine
features, and a final 1x1 convolution projects outputs into the
latent space.

This hierarchical design balances fine-grained detail with
large-scale structure, making it effective for challenging denois-
ing tasks in high-dimensional acoustic and visual domains.

2) Mammer Generator Model: The proposed Mammer gen-
erator introduces a novel hybrid architecture that integrates
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Fig. 3. Framework for denoising tasks using the proposed Mammer Block. (a) Training Stage 1 involves latent extraction with the latent encoder
model (LEM) and generation of noisy latent codes using a generator. (b) Training Stage 2 employs a forward process to add noise and a reverse
process with the hierarchical denoising model, combining transformer and Mamba architectures. (c) Inference stage utilizes the trained denoise
model to produce denoised outputs, evaluated with a nonreference IQA segmentation score.

Fig. 4. Overview of the proposed Mammer block structure. The hybrid
architecture integrating (a) Mamba mechanism for efficient long-range
modeling via selective SSMs and (b) transformer attention for spatial
correlations. Sequential coupling enables both local precision and global
context modeling.

both transformer-based attention [22] and sequence modeling
via Mamba mechanisms [23], [24], arranged in a multiscale
encoder–decoder framework, as illustrated in the Fig. 4. Each
processing block in the encoder and decoder consists of two
sequential components: a Transformer block and a Mamba
block, enabling the model to effectively capture both spatial
correlations and long-range dependences across diffusion steps.

a) Transformer block: Within the Mammer generator, each
encoder–decoder level begins with a Transformer block [25],
designed to capture spatial correlations across the input feature
mapx ∈ RH×W×C . The block first applies bias-based layer nor-
malization, followed by multihead self-attention. This attention
mechanism operates through the standard scaled dot-product
formulation

Attention(Q,K,V) = softmax

(
QK�
√
dk

)
V (8)

where Q = xWQ, K = xWK , and V = xWV are the
query, key, and value projections with learned matrices
WQ,WK ,WV ∈ RC×dk . The result is projected via WO and
combined with the input via residual connection

yattn = x+ (Attention(Q,K,V) ·WO) . (9)

This output is passed into a feed-forward network consisting of
a gated linear unit (GLU) and Gaussian error linear unit (GELU)
activation, where branched processing with elementwise multi-
plication allows for nonlinear interaction

GLU(a,b) = a� GELU(b). (10)

This block excels in modeling spatial dependences but is limited
in sequential representation and long-range temporal modeling,
particularly relevant in the reverse denoising process of diffusion
models.

b) Mamba block: Inspired by the recent vMamba architec-
ture [26], our design retains the original formulation of the
Mamba block to preserve its core strengths in modeling long-
range sequential dependences. To complement the Transformer,
the Mamba block is introduced to capture long-range temporal
dependences and model sequential transitions in latent variables
zt → zt−1 during reverse diffusion. Each Mamba block begins
with root mean square layer normalization (RMSNorm), defined
as

RMSNorm(x) =
x√

1
n

∑n
i=1 x

2
i

· γ (11)

where γ is a learnable parameter. The block then applies a
selective state-space model (SSM), which can be represented
as

ht = Aht−1 +Bxt, yt = Cht +Dxt (12)

where matrices A,B,C, and D are learned from input via
lightweight convolutional projections. The Mamba architecture
leverages parallelizable scan operations and modern hardware
acceleration to achieveO(L) runtime for sequence lengthL, sig-
nificantly more efficient than theO(L2) complexity of attention-
based methods.

Within the Mammer block, the Transformer first extracts
spatial content features, while the Mamba block sequentially
processes the same features to model their evolution across time
or diffusion steps. This hybrid design ensures that both local de-
fect boundaries and global depth-related degradations are faith-
fully reconstructed, which is essential for reliable SAM-based
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defect inspection. Moreover, the hybrid Mamba–Transformer
configuration enables the network to simultaneously handle fine-
scale structural cues and depth-dependent signal degradation.
This complementary behavior aligns closely with the physical
formation of SAM images, allowing the model to reconstruct
deep-layer information that conventional denoisers cannot reli-
ably recover.

III. EXPERIMENTAL

A. Dataset

Our experiments used both public benchmarks and a private
industrial dataset. For pretraining, we adopted the smartphone
image denoising dataset (SIDD) [27], selecting 2 240 images
of resolution 512 × 512. Evaluation is conducted on standard
benchmarks, including CBSD68 [28], Kodak24 [29], McMas-
ter [30], and Urban100 [31].

For domain-specific adaptation, we constructed the SAM
dataset with 221 acoustic images from 15 power semiconductor
samples acquired by SAM system. It consists of 209 clean sur-
face images and 12 noisy deep-layer images affected by severe
signal attenuation. To ensure rigorous evaluation and prevent
data leakage, we performed dataset splitting at the sample level
rather than the image level. Specifically, the 15 physical samples
were first divided into independent training and testing groups
before any image acquisition. This strategy eliminates overlap
between training and testing domains, mitigates overfitting, and
provides a more faithful measure of real-world generalization,
where the model must operate on unseen components without
prior exposure. Subsequently, the resulting raw images were
further expanded using a synthetic pipeline with two pathways:
a degradation-based method (DM) and a DT module, as previ-
ously discussed in Section II-B2. The final dataset is generated
as a weighted combination

Dataset = α · DM + β · DT (13)

with optimal results obtained at α : β = 7 : 3. This process
yields 2 881 synthetic images at original resolution, forming
the complete training and validation set.

B. Evaluation Metric

To comprehensively evaluate the performance of our denois-
ing model across both supervised and unsupervised datasets, we
adopted a combination of full-reference and no-reference image
quality metrics, as well as task-specific assessments, ensuring
the robustness and practicality of our approach.

For supervised datasets, we employed widely used full-
reference metrics. Peak signal-to-noise ratio (PSNR) and struc-
tural similarity index measure (SSIM) are calculated on the Y
channel of the YCbCr color space to reflect luminance-based
distortions. In addition, the perceptual quality is assessed using
the learned perceptual image patch similarity (LPIPS), with deep
features extracted by a pretrained AlexNet. To further evaluate
the statistical similarity between the distribution of generated
and reference images, the Fréchet inception distance (FID) is
computed using InceptionNet features.

For unsupervised datasets, where ground-truth images are
unavailable, a diverse set of evaluation criteria is employed to
ensure the reliability of denoising performance. First, we used
a nonreference image quality metric (NIQA) [32], evaluated
based on the pseudocode proposed in recent literature on autode-
noising models. This approach enables quantitative assessment

of perceptual quality without relying on clean ground truth.
Second, we analyzed the statistical distribution of noise compo-
nents, following methodologies introduced in recent unsuper-
vised learning approaches for real-world denoising. By com-
paring noise histograms and variance distributions before and
after denoising, we validate the model’s capability to attenuate
complex noise patterns while preserving structural information.
Finally, to assess the applicability of the denoised images for
downstream tasks, we integrated the segment anything model
(SA-Model) [33] to perform semantic segmentation. The ef-
fectiveness of the denoising process was evaluated using two
segmentation metrics: Dice similarity coefficient (DSC) and
intersection over union (IoU).

In addition, we employed 1-D intensity profile analysis to di-
rectly compare amplitude transitions across noisy, ground-truth
(supervised), and denoised images. This visualization-based
metric clearly reveals the model’s ability to suppress noise while
preserving edge sharpness and defect-relevant signal variations
that may not be fully captured by global image-level metrics.

This combination of metrics provides a rigorous and compre-
hensive evaluation of the proposed denoising framework across
various data regimes and application scenarios.

C. Training Setting

1) Training Strategy: Our model was trained in two stages:
latent extraction and compression, and the diffusion process. To
improve generalization and prevent overfitting or underfitting
on limited industrial data, we employed a transfer learning
approach. This transfer learning strategy enables the model to
benefit from generic noise patterns learned from SIDD while
adapting effectively to the specific characteristics of acoustic
microscopy images. Specifically, both stages are first trained
on the SIDD dataset—widely recognized for real-world image
denoising—serving as a large-scale pretraining source. In Stage
1, we trained the latent encoder and generator components
for 2000 iterations. The resulting weights are then reused as
pretrained parameters for Stage 2, where the diffusion model is
trained for 10 000 iterations.

2) Implementation Details: The model is trained using an
augmented dataset generated through rotation, flipping, and
shifting. We adopted the Adam optimizer with parameters β1 =
0.9, β2 = 0.99, and applied a weight decay of 1 × 10−4. The
initial learning rate is set to 2 × 10−4.

For the diffusion process, we employed a linear noise sched-
ule, which demonstrates superior performance compared to the
cosine variant. The total number of denoising time steps is set
to 10. In the Transformer backbone, refinement modules are
introduced to stabilize feature representations at each level, with
two refinement blocks placed after decoding. The network is
structured with a total of four hierarchical levels, where the
number of Transformer blocks is configured as [3, 5, 6, 6], and
the number of attention heads as [1, 2, 4, 8], respectively. This
design helps maintain gradient flow and avoids degradation in
deeper layers.

For the Mamba modules, we follow the original implementa-
tion with a state size of 8 to model long-range dependences
efficiently. The entire system is implemented using BasicSR
(version 1.4.2), PyTorch (version 2.2.0), and Zetascale (version
2.8.6), running on CUDA version 11.7. All training experiments
are conducted on a distributed GPU environment, including
NVIDIA H200 SXM (on RunPod platform), RTX 3060 Ti, and
RTX 3090 Ti.
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TABLE I
QUANTITATIVE COMPARISON ON GAUSSIAN COLOR IMAGE DENOISING WITH

SOTA METHODS

D. Comparison Methods

To demonstrate the effectiveness of our proposed approach,
we compared it against both classical and SOTA denoising meth-
ods. As a traditional baseline, we applied a blur kernel commonly
used in conventional image processing. For SOTA benchmarks,
we evaluated across multiple categories: Color block-matching
and 3D filtering (CBM3D) [34] (classical method), CNN-based
models (fast and flexible denoising network (FFDNet) [35],
fast denoising convolutional neural network (FDnCNN) [36],
denoising convolutional neural network (DnCNN) [28], con-
volutional blind denoising network (CBDNet) [37], attention-
based denoising network (ADNet) [38], and image restora-
tion convolutional neural network (IRC) [39]), downsampling-
based architectures (invertible denoising network (InvDN) [40]),
transformer-based methods (SwinIR [41], Restormer [42], and
Xformer [43]), and a representative SSM, MambaIR [44].
Among these, Restormer and Xformer serves as a hierarchi-
cal transformer baseline, offering a strong reference point for
assessing the advantage of our hybrid Transformer–Mamba
generator within a diffusion framework. For a fair evaluation,
each baseline model was retrained or fine-tuned on our dataset
under the same training schedule and data conditions. Hyper-
parameters were adopted the default settings provided by their
authors.

IV. RESULT AND DISCUSSION

A. Comparison With SOTA Models

1) Supervised Metric: a) Benchmark dataset: The results
of Gaussian color image denoising are presented in Table I,
where evaluations are conducted under different noise levels
σ = 15, 25, and 50. Compared to SOTA baselines, our proposed
SAMID model consistently achieves the highest PSNR values
across on most benchmark datasets, including CBSD68, Ko-
dak24, McMaster, and Urban100. Our proposed SAMID frame-
work consistently achieving the highest PSNR values across
the majority of benchmark datasets, including leading results
on Kodak24 and McMaster. Notably, SAMID surpasses recent
architectures such as Xformer and MambaIR by demonstrating
superior noise suppression and feature preservation, solidify-
ing its effectiveness across varying noise levels (σ = 0.15 to
σ = 0.5). In addition to quantitative benchmark evaluations, we
present a representative image from the CBSD68 dataset to qual-
itatively validate our results. As shown in Fig. 5, the qualitative
results demonstrate that SAMID exhibits superior capability
in both fine-detail preservation and robust noise suppression
compared with recent SOTA denoisers, including Restormer.
In particular, the integration of the DLEM enables SAMID to
effectively capture and restore critical local features that are
often blurred or missed by models relying primarily on global
representations. This enhanced fidelity is essential for preserving

Fig. 5. Visual comparison of Gaussian color image denoising on the
CBSD68 dataset with noise level σ = 0.25. Our proposed SAMID model
preserves structural details and suppresses noise more effectively than
other SOTA methods (PSNR↑ /SSIM↑ /LPIPS↓).

Fig. 6. Visual comparison of denoising results on synthetic SAM data
from power semiconductor layers at noise ratios σ = 0.15 and σ = 0.25.
Each row shows a cropped patch from the noisy input image, followed
by results from image processing techniques and SOTA DL models,
including FFDNet, BM3D, CBDNet, DnCNN, FDN-CNN, InvDN, IRCNet,
SwinIR, and Restormer. Our model clearly preserves structural details
and suppresses noise more effectively compared to other methods.
Ground-truth (clean) images are included for reference.

structural integrity and ensuring reliable inspection in practical
industrial quality-control scenarios.

b) Synthetic SAM dataset: We selected two random images
from the testing synthetic dataset to compare with image pro-
cessing methods and some SOTA models. In Fig. 6, results on
128 × 128 patch images with two noise levels (σ = 0.15 and
σ = 0.25) demonstrate that our model provides the best visual
quality compared to competing methods. In the black region of
the top patch image, DnCNN, IRCNet, and our model exhibit
strong denoising performance; however, DNCNN and IRCNet
tend to oversmooth, inadvertently losing many characteristics
of the original patch image. Regarding feature preservation,
image processing methods, ADNet, Restormer, and our model
are effective approaches, but their denoising ability diminishes
when noise levels are excessively high. Our model’s robust
denoising capability stems from the application of its multiscale
hierarchical architecture combined with the global attention
mechanism in the Transformer (yellow region). Furthermore, the
effective handling of dense, randomly distributed noise while
preserving the characteristic color fidelity of SAM images is
achieved by leveraging the long-range dependence capability
of the SSM, trained robustly via the proposed synthetic frame-
work. Specifically, defects highlighted in the yellow regions are
well-preserved after denoising by SAMID. This highlights the
significance and efficacy of our initial DLEM, which ensures
feature preservation in the shallow extraction stage. Quantita-
tively, Table II shows that our model outperforms all competing
methods, surpassing the second-best approach by 5.3397 dB
on the PSNR metric, 0.2341 on the SSIM metric, 0.1004, and
47.4317 on the latent space metrics: LPIPS and FID. Although
this comparison is conducted solely on the synthetic dataset, it
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TABLE II
QUANTITATIVE COMPARISON ON SAM DATASET ACROSS DIFFERENT NOISE

RATIOS

Fig. 7. Intensity-profile analysis on a 100 × 100 cropped region.
The proposed SAMID model (red) closely aligns with the ground truth
(green), accurately restoring major signal peaks while effectively sup-
pressing noise. Traditional methods retain residual fluctuations, whereas
transformer-based models exhibit oscillatory artifacts. SAMID achieves
the best balance between noise reduction and structural fidelity across
the entire profile.

still reflects the learning capability and denoising performance
across different noise levels, suggesting strong generalization to
real-world denoising tasks.

In addition, a random 100× 100 region was extracted from
each selected sample to perform a 1-D intensity-profile analysis,
providing a more detailed quantitative comparison of restoration
quality. As illustrated in the line profile comparisons (see Fig. 7),
our model demonstrates superior noise suppression while accu-
rately preserving critical signal peaks at pixel positions 20, 60,
and 85, achieving near-perfect alignment with ground truth. In
contrast, transformer-based methods (SwinIR and Restormer)
exhibit pronounced oscillations and fail to preserve the signal
shape consistently in the region between pixels 30–55, particu-
larly after abrupt intensity transitions (such as the white area).
This behavior indicates a reduced ability to capture fine-grained
local textures and high-frequency structures, partly due to their
limited inductive bias. Meanwhile, traditional methods such as
BM3D still retain noticeable residual noise fluctuations. Our
model achieves an optimal balance between aggressive noise
reduction and structural detail preservation across the entire sig-
nal profile, outperforming competing approaches in maintaining
signal fidelity.

2) Unsupervised Metric: a) Qualitative analysis: To assess
the effectiveness of the proposed approach in an industrial
context, we conducted experiments on a real dataset of bottom-
layer images acquired from the SAM system. As illustrated in
Fig. 8, the evaluation was performed on a real testing image
of size 900 × 900 pixels, which was cropped into nonoverlap-
ping patches of 64 × 64 pixels for accuracy. The visualization
demonstrates that our model achieves effective denoising while
retaining intricate structural patterns.

Fig. 8. Visual comparison of the bottom-layer image after denoising
using different methods. The first column shows the sample image and
selected regions of interest. Subsequent columns present results from
various denoising algorithms, with our method (Ours) demonstrating
clearer structural preservation. Some regions still contain visible defects,
which are highlighted for qualitative assessment. Ground-truth images
are shown for reference.

For comparison, the image processing baseline (blur) reduces
noise but not completely, while simultaneously blurring the
image and removing fine details. CNN-based methods such as
CBDNet, DNCNN, FDNCNN, and FFDNet tend to preserve the
original structures but struggle to sufficiently suppress noise,
whereas ADNet, BM3D, InvDN, and IRCNet often oversmooth
the input patches, distorting fine features. Transformer-based
methods, including SwinIR and Restormer, maintain certain
structural elements but fail to deliver convincing denoising
performance.

A closer inspection of highlighted regions provides further
insight.

1) Yellow box: Our method effectively denoises both the
background and foreground while preserving circu-
lar features. In contrast, some methods (ADNet, In-
vDN, and IRCNet) generate skewed or overly blurred
circles.

2) Green box: This region corresponds to a defect (void) on
the chip. Our method produces a clear representation with
strong contrast between the background and the defect,
which is crucial for downstream inspection tasks.

3) Red box: The terminal component maintains character-
istics consistent with the noisy input, indicating that our
approach can suppress noise without altering essential
structural properties.

These observations confirm that our method delivers high-
quality denoising while retaining critical features, making it
suitable for defect detection and other industrial downstream
applications.

b) Quantitative analysis: Table III presents the quantitative
evaluation on the unsupervised dataset using nonreference im-
age quality assessment metrics. Across all 12 test images, our
method consistently achieves the highest score in most cases,
with an overall average of 80.720, surpassing the second-best
method (Restormer) by a considerable margin.

While certain methods such as SwinIR and Restormer demon-
strate competitive results for specific images, they exhibit notice-
able performance drops on others, indicating lower robustness
to varying noise patterns. CNN-based methods, including CBD-
Net, DNCNN, and FFDNet, generally produce lower scores,
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Fig. 9. Performance comparison of segmentation models on patch defects.

TABLE III
QUANTITATIVE EVALUATION ON THE UNSUPERVISED DATASET USING NIQA

METRICS

reflecting their limited generalization ability in handling strong
acoustic noise. In contrast, our approach maintains high perfor-
mance across all samples, it outperforms the nearest competitor
by a large margin.

This superior performance can be attributed to our generator
architecture, which integrates both Mamba and Transformer
blocks. The Mamba component efficiently captures long-range
dependences with high computational efficiency, while the
Transformer enhances global feature representation [45]. This
hybrid design enables our model to effectively suppress strong
acoustic noise while ensuring robust and consistent results
across diverse bottom-layer SAM images.

These findings confirm that our method not only delivers
superior performance but also demonstrates strong consistency
and robustness, making it well-suited for industrial inspection
tasks where noise conditions are highly variable and sensitive.

c) Defect segmentation analysis: Voids are among the most
prevalent defects in power semiconductor packages, and accu-
rately quantifying their area is critical for industrial inspec-
tion, as it directly affects defect percentage calculations for
quality control. In this study, we employed the SA-Model to
segment defect regions automatically. The segmented regions
were evaluated against ground-truth annotations using DSC
and IoU metrics. As shown in Fig. 9, our denoising model

TABLE IV
PSNR RESULTS ACROSS DIFFUSION STEPS AND DM/DT RATIOS

produces outputs in which defect boundaries are preserved with
high clarity, enabling the segmentation algorithm to delineate
void regions more accurately. Compared to SOTA denoising
models and traditional image processing methods, our approach
achieves the highest DSC and IoU scores across all tested patch
sizes. This demonstrates that the integration of our Mamba–
Transformer-based denoising generator not only improves visual
quality but also substantially enhances the performance of down-
stream inspection tasks. Such capability is essential for industrial
scenarios where precise defect localization and measurement
are critical to maintaining high production quality.

3) Comparison of Parameters, Running Time, and Compu-
tations: Table V provides a comparative analysis of denoising
methods considering the number of parameters, computational
complexity (GFLOPs), inference time, and average NIQA score.
Lightweight CNN-based approaches such as FFDNet, FD-
nCNN, DnCNN, and ADNet use fewer parameters but achieve
relatively low NIQA scores, reflecting limited generalization to
industrial acoustic noise. Transformer-based models (SwinIR,
Restormer, and Xformer) substantially increase computational
demand—SwinIR requiring over 187 GFLOPs—yet deliver
only moderate improvements in NIQA. In contrast, the proposed
SAMID model attains the highest NIQA score, significantly
surpassing all baselines. To further validate these gains, paired
t-tests confirm the statistical robustness of the improvements.
These results underline the effectiveness of combining Mamba
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TABLE V
COMPARISON OF DIFFERENT DENOISING METHODS IN TERMS OF

PARAMETERS, GFLOPS, AND NIQA EVALUATION RESULTS (MEAN ±
STANDARD DEVIATION)

Fig. 10. Model effectiveness analysis.

and Transformer blocks in SAMID, offering a superior tradeoff
between denoising quality and computational feasibility for
industrial defect inspection.

B. Model Effectiveness Analysis

As shown in Fig. 10, for a clearer comparison, the chart
(last line) illustrates representative 1-D profiles taken along the
dotted lines in the zoomed regions, showing a direct comparison
between pre- and postdenoising results. From the chart, it is
evident that the edges after denoising remain similar to, or appear
slightly sharper than, those in the noisy images. This suggests
that the spatial resolution can be regarded as comparable or
slightly enhanced following de-noising. The effectiveness of de-
noising is more convincingly demonstrated through side-by-side
examination of zoomed regions rather than full-field images,
since the differences in performance are more distinct in the
magnified areas. These experiments demonstrate that our model
is capable of effectively removing strong acoustic noise while
maintaining the intrinsic texture and structural characteristics of
the samples.

V. ABLATION STUDY

1) Effects of Noise Schedule: The noise schedule strongly
influences denoising dynamics. We compared cosine and linear
schedules, finding that the linear schedule achieved slightly

higher PSNR (31.61 versus 31.57 dB). Although the gain is
modest, linear scheduling provides more stable reconstruction
and is adopted as the default configuration.

2) Effects of Latent Encoder Design: We compared static
and depthwise convolution in the encoder. Depthwise convo-
lution reduced parameters from 585 to 120 k while improving
PSNR from 29.74 to 29.88 dB. This demonstrates superior
efficiency without sacrificing performance, making it preferable
for lightweight design.

3) Effects of DM/DT Ratio: Since no ground-truth datasets
exist for real industrial samples, we generated synthetic data by
combining a DM and DT. As shown in Table IV, using only DM
or only DT degrades performance, particularly for DT alone
(27.49 dB). The best results are achieved with a 7:3 DM/DT
ratio, yielding 31.66 dB, highlighting the importance of jointly
modeling degradation and domain-specific characteristics to
accurately simulate real industrial samples.

4) Effects of Diffusion Steps: We varied diffusion steps
from 6 to 12. PSNR remained within a narrow range (31.53–
31.61 dB), with the best result at 10 steps (31.61 dB). Increasing
steps beyond this did not improve performance and sometimes
reduced it due to redundancy. Thus, an intermediate step size
offers the best tradeoff between quality and efficiency.

VI. CONCLUSION

This article presented a diffusion-based denoising frame-
work tailored for deep-layer SAM, addressing long-standing
challenges arising from severe depth-dependent noise and the
lack of ground-truth data. By utilizing hierarchical knowledge
transfer from top-layer images, the proposed method effectively
restored structural details in highly degraded deep-layer SAM
images. A physics-guided synthetic data generation strategy
enabled robust model training without paired annotations, while
the hybrid Transformer–Mamba diffusion architecture captured
both spatial structures and long-range acoustic dependences.
Comprehensive evaluations on both benchmark and real indus-
trial datasets demonstrated that the proposed method signifi-
cantly outperformed existing approaches. Our model achieved
improvements of up to 33.11 and 29.41 dB in PSNR, as well as
0.89 and 0.73 in SSIM, respectively. It also attained the unsuper-
vised NIQA score of 80.72, substantially exceeding the second-
best result of 44.27. When integrated with downstream defect
analysis, the proposed framework further yields pronounced
gains, reaching 0.96 in DSC and 0.91 in IoU. Overall, this work
bridged the gap between acoustic imaging physics and modern
generative models, providing a scalable and practical solution for
enhancing SAM image quality and reliability in industrial NDT
applications. Furthermore, as part of future work, we planned to
investigate model compression techniques, including pruning
and knowledge distillation, to further reduce computational
cost while maintaining denoising performance. In addition, the
development of a cloud-based deployment framework is part of
our ongoing efforts. Future work will also incorporate physics-
informed priors into the diffusion process to better align restora-
tion behavior with acoustic propagation principles. In addition,
we aim to build larger, multimaterial SAM datasets to more rig-
orously validate the model’s generalization across diverse mate-
rials and imaging conditions. Exploring k-fold cross-validation
could also be considered to further enhance model stability
and ensure more reliable generalization across diverse sample
types.
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