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DenoMamba: A fused state-space model
for low-dose CT denoising

Şaban Öztürk, Oğuz Can Duran, and Tolga Çukur∗, Senior Member

Abstract— Low-dose computed tomography (LDCT) low-
ers risks linked to radiation exposure, but relies on ad-
vanced denoising algorithms to maintain diagnostic im-
age quality. Reigning learning-based models aim to sepa-
rate noise from tissue signals by projecting LDCT images
through multiple network stages that extract latent feature
maps. Naturally, separation fidelity depends on the model’s
ability to capture short- to long-range contextual dependen-
cies across spatial and channel dimensions of these maps.
Existing convolutional and transformer models either lack
sensitivity to long-range context or suffer from efficiency-
related trade-offs, limiting their effectiveness. To achieve
high-fidelity LDCT denoising, here we introduce a novel
denoising method, DenoMamba, that performs state-space
modeling (SSM) to efficiently capture both short- and long-
range context in CT images. DenoMamba leverages a novel
cascaded architecture equipped with spatial SSM modules
to encode spatial context and channel SSM modules com-
prising a gated convolution network to encode content-
aware features of channel context. Contextual feature maps
are then consolidated with low-level spatial features via a
convolution fusion module (CFM). Comprehensive experi-
ments at 25% and 10% dose reduction demonstrate that De-
noMamba outperforms state-of-the-art convolutional, trans-
former and SSM denoisers with average improvements of
1.6dB PSNR and 1.7% SSIM in image quality.

Index Terms— low-dose computed tomography, denois-
ing, restoration, state space, sequence models

I. INTRODUCTION

A cornerstone in modern medical imaging, CT irradiates the
body with a beam of X-rays to furnish detailed cross-sectional
views of anatomy [1]. Unlike conventional radiography, CT
relies on acquisition of multiple snapshots as the X-ray beam
is rotated around the body, causing substantially elevated
exposure to ionizing radiation with potential risks including
cancer [2]. A mainstream approach to alleviate these health
risks involves CT protocols that cap the tube current or
exposure time to lower the number of incident photons and
thereby the radiation dose [3]. However, as the signal-to-
noise ratio (SNR) scales with the number of incident photons,
dose reduction inevitably increases the noise component in CT
images, significantly degrading image quality and potentially
obscuring diagnostic features. Consequently, development of
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124E850 awarded to Ş Öztürk. (Corresponding authors: Şaban Öztürk,
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effective denoising methods is imperative to maintaining the
diagnostic utility of LDCT images acquired under high levels
of dose reduction [4].

CT denoising requires disentanglement of noise compo-
nents from tissue signals, both of which manifest not only
short-range but also long-range contextual dependencies. On
one hand, a given tissue type is often distributed broadly
across separate regions in anatomical cross-sections [5], so
tissue signals can show significant correlations across spatially
distant regions [6]. One the other hand, when measurement
noise in the sinogram domain is propagated to the image
domain, it can generate structured artifacts that span long
distances, yielding an inherent degree of long-range contextual
dependency among noise components [7]. Moreover, since the
noise level in CT measurements scales with the underlying
tissue signal intensity, noise components arising from distant
tissue regions can show further dependencies, particularly
when respective tissue signals are of relatively high intensity
[8]. Consequently, both tissue signals and noise components
in CT images carry substantial short- to long-range context,
which can serve as important cues for effective denoising.

In recent years, deep learning models have superseded
traditional approaches in LCDT denoising [9], [10], given
their improved adaptability to the distribution of imaging data
[11], [12]. These models hierarchically process input images
across many network stages, wherein multiple sets of latent
feature maps are extracted at each stage that encapsulate
different image attributes (e.g., edges, textures) in separate
feature channels. Given the diverse contextual dependencies
of tissue signals and noise components in CT images, latent
feature maps also exhibit significant spatial dependencies over
short- to long-range distances [13], [14]. Furthermore, as
the network depth increases, higher-levels of latent features
are extracted that also manifest strong dependencies across
the channel dimension due to overlapping or complementary
information. In turn, the success of a denoising model in
separating noise from tissue signals depends on its ability to
discern idiosyncratic patterns of spatial and channel context in
latent feature maps of CT images [15].

Convolutional models for LDCT denoising: Earlier stud-
ies in learning-based denoising have predominantly employed
convolutional neural network (CNN) models to process LDCT
images [16]–[22]. CNN models use compact convolution
operators for local filtering driven by spatial distance be-
tween image pixels. This locality bias yields linear model
complexity with respect to image dimensions and offers high
expressiveness for local contextual features that are critical
in delineating detailed tissue structure [23]–[25]. A number
of advancements over vanilla CNNs have been proposed over
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the years to improve preservation of tissue boundaries [16],
[19]–[21], performance near rare pathology [26], and realism
[27]–[30]. However, despite these advances, CNN models
characteristically struggle to capture long-range contextual
dependencies, which can lead to suboptimal denoising, es-
pecially near regions of heterogeneous tissue composition
where modeling spatial and channel dependencies is crucial
for distinguishing signal from noise [31]–[33].

Transformer models for LDCT denoising: Later stud-
ies have instead adopted transformer models that employ
self-attention operators to process images as a sequence of
tokens (i.e., image pixels or patches) and perform non-
local filtering driven by inter-token similarities to improve
sensitivity to long-range contextual dependencies [14], [15],
[34]–[36]. Note that evaluating similarity between all token
pairs induces quadratic complexity with respect to sequence
length, compromising computation efficiency [37], [38]. Since
deploying vanilla transformers on high-resolution feature maps
with pixel-level tokens can be computationally prohibitive,
efficient adaptations are typically employed in practice. In
these adaptations, feature maps can be downsampled or split
into large-sized patches to reduce sequence length, or hybrid
architectures can be adopted that reserve transformer branches
for low-resolution processing [1], [15], [34], [36], [39], which
limit sensitivity to short-range context [40]. Alternatively, effi-
cient transformer adaptations use local windowing or low-rank
strategies to build approximate attention operators [14], [41].
However, these strategies either lower the spatial resolution or
range of attention operators, which limit sensitivity to long-
range context [42]. Thus, it remains a significant challenge
in transformer-based methods to maintain a favorable balance
between short- and long-range sensitivity in high-resolution
medical images, without introducing heavy model complexity
that can elevate computational burden and compromise learn-
ing efficacy.

SSM models in imaging: An emerging framework in ma-
chine learning that promises to capture long-range contextual
features while maintaining high computational efficiency is
based on SSM [42], [43]. SSMs process images as a sequence
of pixels whose relationships are modeled recurrently under
linear complexity with respect to sequence length, so they
can in principle be an ideal candidate to process LDCT
images while avoiding the efficiency-related compromises in
transformer models [44], [45]. In medical imaging, SSMs have
shown promise for high-level tasks such as segmentation [46]–
[48] and classification [49], as well as low-level tasks such as
image synthesis [50] and reconstruction [51], [52]. Existing
models in this domain either adopt a hybrid CNN-SSM
approach with individual encoder-decoder stages constructed
using a cascade of CNN and spatial SSM modules, which are
fused via either residual connections or concatenation [46],
[47], [49]–[53], or an SSM-focused approach with individual
stages constructed using spatial SSM modules alone [48],
[54]. Reliance on conventional spatial SSM modules can
cause poor use of interdependencies across feature channels,
degrading quality of feature extraction and downstream task
performance. Furthermore, being fundamentally different than
abovementioned imaging tasks, denoising typically operates in

the original image domain with fine-grained pixel-level targets
and requires sensitivity to subtle stochastic noise patterns,
which can place distinct demands on architectural design.
Thus, the utility of existing SSM models might be limited for
LDCT denoising, where sensitive capture of diverse contextual
features in CT images is key to model performance.

Proposed method: Here we introduce a novel SSM-based
model, DenoMamba, to improve fidelity in LDCT image
denoising by effectively capturing short- to long-range context
across spatial and channel dimensions under high computa-
tional efficiency. To do this, DenoMamba leverages a novel ar-
chitecture that cascades multiple FuseSSM blocks per network
stage (Fig. 1). The proposed FuseSSM blocks convolutionally
fuse the spatial context captured by a spatial SSM module
with the channel context captured by a novel channel SSM
module (Fig. 2). The proposed channel SSM module employs
a secondary gated convolution network following the SSM
layer in order to refine channel contextual features via content-
aware modulation. Meanwhile, to improve preservation of low-
level spatial representations in LDCT images, FuseSSM blocks
are equipped with an identity propagation path. These building
blocks empower DenoMamba to capture diverse contextual
information in LDCT images, without necessitating downsam-
pling or patching procedures that restrict spatial precision in
transformers. Comprehensive evaluations on LDCT datasets
acquired at 25% and 10% of nominal radiation doses demon-
strate the superior performance of DenoMamba compared to
state-of-the-art baselines. Code to implement DenoMamba is
publicly available at https://github.com/icon-lab/DenoMamba.

Distinctions from recent SSM models: While Deno-
Mamba adopts an hourglass design with encoder-decoder
stages —a style ubiquitous in modern vision models due to
its effectiveness in capturing hierarchical features across scales
[55], [56]— it incorporates unique architectural features that
distinguish it from recent SSM models for imaging tasks.
Existing SSM-based models follow either hybrid CNN–SSM
or SSM-focused design that rely solely on spatial SSM
modules [46]–[54]. While a number of these models have
included channel attention layers in their design, they have not
considered use of SSM to capture contextual features in the
channel dimension. In contrast, DenoMamba omits a separate
CNN module for feature extraction in encoder-decoder stages,
and employs learnable fusion of spatial and channel contextual
features extracted by independent spatial SSM and channel
SSM modules at each stage—an architectural strategy not
observed in prior SSM-based imaging models. Furthermore,
instead of a trivial adoption of SSM across the channel
dimension that would result in spatially decoupled processing,
DenoMamba leverages an explicit gating mechanism within
the channel SSM modules for content-aware modulation of
channel contextual representations.

After the release of our preprint [57], we observed sev-
eral independent studies also investigating SSMs for LDCT
denoising [44], [45], [58], highlighting the growing interest
in this direction. However, DenoMamba incorporates key
architectural innovations that set it apart from these ap-
proaches. Specifically, [44] combines spatial features extracted
by parallel CNN, SSM, and max-pooling branches at each

https://github.com/icon-lab/DenoMamba
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Fig. 1: The proposed DenoMamba architecture comprises residually-connected encoder-decoder stages, wherein each stage projects input feature maps through
a cascade of FuseSSM blocks. The novel FuseSSM blocks use a spatial SSM module to extract spatial context, a channel SSM module to extract channel
context, and an identity path to propagate low-level spatial features. Afterwards, low-level spatial features and their spatial- and channel-wise contextualized
representations are consolidated via a convolutional fusion module (CFM).

encoder–decoder stage, but omits the multiplicative gating
mechanism in the SSM branch that is often considered to
enhance stability and expressivity while processing sequences.
[45] integrates conventional SSM modules in the encoder but
relies exclusively on CNN modules in the decoder, potentially
compromising sensitivity to long-range contextual features
during recovery of high-resolution denoised images. Mean-
while, [58] replaces the hourglass structure with a wavelet-
domain bottleneck between CNN encoder and decoder stages,
and serially cascades CNN and SSM branches in its bottle-
neck—a design based on fixed wavelet filters that may limit
aggregation of diverse contextual representations. A shared
characteristic of these models is their tight intertwining of
CNN and SSM branches for contextual feature extraction that
might constrain the propagation of global spatial information
due to the local nature of convolutional filters, while depending
solely on spatial SSM modules that can neglect channel con-
text. In contrast, DenoMamba is built primarily on SSM layers
and introduces dedicated spatial and channel SSM modules to
jointly capture spatial and channel interdependencies within
a unified framework. To our knowledge, DenoMamba is the
first LDCT denoising method to leverage state-space modeling
to capture both spatial and channel context in latent feature
maps of CT images. Moreover, its novel channel SSM modules
apply a gating mechanism after the SSM layers to extract
content-aware channel features. Together, these innovations
allow DenoMamba to deliver high spatial precision while
preserving sensitivity to diverse contextual cues in LDCT
images.

Contributions:

• To our knowledge, DenoMamba is the first LDCT denois-
ing method that leverages state-space modeling across
spatial and channel dimensions of latent feature maps.

• DenoMamba employs a novel architecture based on con-
volutional fusion of feature maps extracted via spatial and
channel SSM modules along with an identity propagation
path, enabling it to effectively consolidate a comprehen-
sive set of CT image features.

• A novel channel SSM module is introduced that extracts
content-aware features of channel context by cascading a
transposed SSM layer operating over the channel dimen-
sion with a subsequent gated convolution network.

II. THEORY

A. Problem Definition

LCDT image denoising involves suppression of elevated
noise in low-dose CT scans due to reduced number of incident
photons from the X-ray beam. Learning-based methods aim
to solve this problem by training a neural network model to
map noisy LDCT images onto denoised images that would
be consistent with a normal dose CT (NDCT) scan. Let
x ∈ RH×W denote the noisy LDCT image, and y ∈ RH×W

denote the corresponding NDCT image, where H , W are the
image height and width, respectively. Given a training set of
T image pairs (xtr[i], ytr[i]) with i ∈ [1 T ], a network model
fθ(·) with parameters θ can be trained as follows:

θ∗ = argminθ

T∑
i=1

∥fθ (xtr[i])− ytr[i]∥22. (1)

Upon successful training, the optimal parameters θ∗ that
minimize the loss function should yield a model capable of
effectively attenuating noise in LDCT images. The trained
model can then be deployed to process novel LDCT images,
generating denoised outputs as ŷtest[i] = fθ∗ (xtest[i]).

B. DenoMamba

DenoMamba is the first LDCT image denoising method in
the literature that uses SSMs to model spatial and channel
context, to our knowledge. It employs a novel architecture
based on FuseSSM blocks that aggregate low-level spatial
features along with a comprehensive set of contextual features
across spatial and channel dimensions, hence maintaining a
favorable balance between short- and long-range sensitivity. In
the following subsections, we describe the overall architecture
of DenoMamba and the inner structure of FuseSSM blocks.

1) Overall Model Architecture: As depicted in Fig. 1, Deno-
Mamba employs K encoder and K decoder stages. Each stage
is implemented as a cascade of multiple FuseSSM blocks.
Starting from the noisy LDCT image x taken as model input,
encoder stages serve to extract latent contextualized represen-
tations via FuseSSM blocks and to resample the feature map
dimensions. Let xk

enc denote the feature map at the output of
the kth encoder stage, with k ∈ [1, 2, ...,K] and x0

enc = x.
The mapping through the kth encoder stage can be described
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Fig. 2: Each FuseSSM block comprises
parallel combination of a spatial SSM
module, a channel SSM module and an
identity propagation path, followed by
a CFM module. The spatial SSM mod-
ule performs convolutional encoding of
image tokens after layer normalization,
and processes the feature map via an
SSM layer to capture contextual fea-
tures across the spatial dimension. The
channel SSM module performs convo-
lutional encoding of image pixels after
layer normalization, and processes the
transposed feature map via an SSM
layer to derive an initial set of con-
textual features across the channel di-
mension, which are projected through a
gated convolutional network to obtain
higher-level features. The CFM mod-
ule nonlinearly fuses low-level features
from the identity path with contextual
features.

as follows:

xk
enc =

{
Down(Enck

(
xk−1

enc ; θkenc
)
), if k ̸= K

Enck
(
xk−1

enc ; θkenc
)
, if k = K

(2)

where Enck(·) :=
⊕E(k)

r=1 FuseSSM(·) denotes composi-
tion of the kth stage via recursive application of E(k)
FuseSSM blocks, θkenc denotes the parameters of these
FuseSSM blocks, Down(·) denotes a learnable downsampling
operator, and xk

enc ∈ R
H

2k
×W

2k
×2kC for 0<k<K, xk

enc ∈
R

H

2K−1 × W

2K−1 ×2K−1C for k=K. Note that downsampling is
performed in all but the final stage (i.e., k = K).

Starting from the encoded feature map xK
enc, decoder stages

then serve to recover a denoised image ŷ from the latent
representations via a cascade of FuseSSM blocks and resam-
pling of feature map dimensions. The decoder stages follow a
reversed order, such that xk

dec denotes the feature map at the
output of the kth decoder stage, with k ∈ [1, 2, ...,K] and
x0

dec = xK
enc. Thus, the mapping through the kth decoder stage

can be described as follows:

xk
dec =

{
Deck

(
Up(xk−1

dec ) + xK−k
enc ; θkdec

)
, if k ̸= K

Deck
(
xk−1

dec + xK−k
enc ; θkdec

)
, if k = K

(3)

where Deck(·) :=
⊕D(k)

r=1 FuseSSM(·) denotes composition
of the kth stage via recursive application of D(k) FuseSSM
blocks, θkdec denotes the parameters of FuseSSM blocks in
the kth decoder stage, Up(·) denotes a learnable upsampling
operator, and xk

dec ∈ R
H

2K−k−1 × W

2K−k−1 ×2K−k−1C for 0<
k<K, xk

dec ∈ RH×W×C for k=K. Note that upsampling
is performed on xk

dec in the beginning of all but the final
stage (i.e., k = K), and encoder feature maps from the
respective encoder stage xK−k

enc are residually added onto
the input decoder maps to improve preservation of low-level
structural representations in LDCT images. The final output
of DenoMamba is taken as ŷ = xK

dec.

2) FuseSSM blocks: DenoMamba is constructed with novel
FuseSSM blocks that comprise a spatial SSM module to
capture contextual representations in the spatial domain and

a channel SSM module to capture contextual representations
in the channel domain [59]. We propose to project input
feature maps across three parallel pathways that propagate the
contextualized representations from spatial and channel SSM
modules, along with original input features. Afterwards, these
representations are merged using a CFM. For a given FuseSSM
block, a schematic of the individual components are depicted
in Fig. 2.

The design of FuseSSM blocks in encoder and decoder
stages are identical apart from variability in feature map
dimensions. Thus, here we will describe the projections
through a FuseSSM block without distinguishing between
encoder/decoder stages. Assuming that the input feature map
at the kth stage is zin = xk ∈ RH′×W ′×C′

, the respective
FuseSSM block first projects the input through three parallel
pathways to compute contextualized representations:

{zspa, zcha, zin} = {SSMspa(zin),SSMcha(zin), I(zin)}, (4)

where SSMspa denotes the spatial SSM, SSMcha denotes the
channel SSM, and I denotes the identity propagation path.
The extracted contextual representations are then pooled and
convolutionally fused within the CFM module:

zpool = Concat(zspa, zcha, zin), (5)

zout = Conv1×1 (zpool)⊕ Conv3×3
(
Conv3×3 (zpool)

)
, (6)

where Concat denotes a concatenation operator that pools
feature maps across the channel dimension, Conv1×1 and
Conv3×3 respectively denote 1 × 1 and 3 × 3 convolutional
layers, and ⊕ is the element-wise addition operator. The
feature map zout ∈ RH′×W ′×C′

is taken as the output of the
FuseSSM block.

Spatial SSM: Within the spatial SSM module, a first branch
linearly embeds the input map and uses a nonlinearity to
produce a gating variable GPspa ∈ RH′×W ′×αC′

:

GPspa = σ(flin(fLN(zin))), (7)

where σ is a SiLU activation function, flin denotes a learnable
linear mapping that expands the feature map across the channel
dimension by a factor α and fLN denotes layer normalization
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over a batch of samples as described in [60]. A second branch
performs linear embedding and convolutional encoding, fol-
lowed by an SSM layer to derive Mspa ∈ RH′×W ′×αC′

:

Mspa = SSM
(
σ(DWConv3×3(flin(fLN(zin)))))

)
, (8)

where SSM denotes a state-space layer, DWConv3×3 refers to
depth-wise convolution of kernel size 3× 3.

Here, the state-space layer is implemented based on the
Mamba variant in [59]. Accordingly, scanning is performed
across two spatial dimensions of the input feature map to
the SSM layer in order to expand it onto a sequence s ∈
RH′W ′×αC′

. The sequence is then processed via a discrete
state-space model independently for each channel:

h[n] = Ah[n− 1] +Bs[n], (9)
s̄[n] = Ch[n], (10)

where n ∈ [1 H ′W ′] is an integer denoting sequence index, h
denotes the hidden state, s[n] is the nth element of the input
sequence. A ∈ RN,N , B ∈ RN,1, C ∈ R1,N are learnable
parameters of the state-space model, with N indicating the
hidden dimensionality. Note that B and C are taken to be func-
tions of the input sequence in Mamba to enable input-adaptive
processing [59]. The output sequence s̄ ∈ RH′W ′×αC′

is
remapped back onto the feature map Mspa ∈ RH′×W ′×αC′

.
To compute the module output, Mspa is gated with GPspa,

and the result is linearly projected and combined with the input
through a residual connection:

zspa = zin + flin(GPspa ⊙Mspa), (11)

where ⊙ denotes the Hadamard product operator, and flin is
devised to use an expansion factor of 1/α such that zspa ∈
RH′×W ′×C′

has matching dimensionality to zin.
Channel SSM: Within the novel channel SSM module, a

first branch produces a gating variable and a second branch
performs state-space modeling on the sequentialized input
feature map to capture contextual interactions in the channel
dimension:

GPcha = σ(flin(fLN (zin))), (12)

Mcha = SSM
(
(σ(DWConv3×3(flin(fLN (zin)))))

⊤)⊤ , (13)

where ⊤ denotes the transpose operator. Differing from the
spatial SSM module, the channel SSM module captures chan-
nel context by transposing the input sequence prior to and after
the SSM layer. This results in an intermediate set of contextual
representations z̃cha ∈ RH′×W ′×C′

derived as:

z̃cha = zin + flin(GPcha ⊙Mcha). (14)

Several components in DenoMamba—such as the depth-
wise convolutional layers in FuseSSM blocks and the down-
sampling/upsampling operations in the encoder–decoder path-
way—contribute to learning hierarchical spatial features. In
contrast, channel-wise dependencies are primarily modeled
by the SSM layers in the channel SSM module, which
operate independently at each spatial location. This spatially
decoupled processing limits the expressiveness of the re-
sulting channel representations, as it lacks a mechanism to
adaptively emphasize spatially relevant channel features. To
address this limitation, we enhance the channel SSM module

Fig. 3: Sample images from the analyzed datasets: (a) AAPM, (b) Piglet CT,
(c) BIMCV-R. Four cross-sections are depicted from each dataset to portray
representative samples.

with a content-aware gating network. This gating mechanism
adaptively modulates the channel-wise output based on spatial
context, enabling the network to extract higher-order, task-
relevant features and improving the overall representational
power. For this purpose, a second gating variable GP 2

cha ∈
RH′×W ′×C′

is first computed:

GP 2
cha = ζ(DWConv3×3(Conv1×1(z̃cha)), (15)

where ζ is an ReLU activation function. GP 2
cha is then used

to modulate latent features of z̃cha:

zcha = Conv1×1(GP 2
cha⊙DWConv3×3(Conv1×1(z̃cha))))+z̃cha.

(16)
As such, the module output zcha ∈ RH′×W ′×C′

has matching
dimensionality to zin.

3) Learning Procedures: Given a training set of image pairs
(xtr[i], ytr[i]) with i ∈ [1 T ], DenoMamba with parameters
θenc, θdec is trained via a pixel-wise ℓ1-loss term:

{θ∗enc, θ
∗
dec} = argminθenc,θdec

T∑
i=1

∥∥∥∥Dec(1:K)
(

Enc(1:K)
(
xtr[i]; θ

(1:K)
enc

)
; θ

(1:K)
dec

)
− ytr[i]

∥∥∥∥
1

. (17)

Using the trained parameters {θ∗enc, θ
∗
dec}, the model can be

deployed to process a novel LDCT image from the test set
xtest[i] to estimate a denoised output ŷtest[i] as:

ŷtest[i] = Dec(1:K)
(

Enc(1:K)
(
xtest[i]; θ

∗ (1:K)
enc

)
; θ

∗ (1:K)
dec

)
(18)

III. EXPERIMENTAL SETUP

A. Datasets

AAPM Dataset: Demonstrations of denoising performance
were conducted on contrast-enhanced abdominal CT scans
from the 2016 AAPM-NIBIB-MayoClinic Low Dose CT
Grand Challenge [61]. Two different dose reduction levels
were considered, resulting in 25%- and 10%-dose datasets.
NDCT scans were acquired at 120 kV reference tube potential
with 200 effective mAs as quality reference. LDCT at 25%-
dose with 50 effective mAs and LDCT at 10%-dose with 20
effective mAs were simulated from NDCT images assuming
a Poisson-Gaussian noise distribution [8], [37]. The training
set comprised 760 NDCT-LDCT image pairs, the validation
set had 35 pairs, and the test set had 200 pairs. There was no
subject overlap among the three sets, and each set contained a
mixture of CT images reconstructed at either 1 mm or 3 mm
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Fig. 4: Denoising
results from the
25%-dose AAPM
dataset are depicted
for representative
cross-sections. Images
recovered by competing
methods are shown
along with the LDCT
image (i.e., model
input), and the NDCT
image (i.e., ground
truth). A display
window of [-150
350] HU is used.
To facilitate method
comparisons, regions
with visible differences
are highlighted with
zoom-in displays and
arrows on denoised
images, and absolute
error maps with respect
to the NDCT image are
included (see colorbar).

slice thickness. All images were resized to 256×256 in-plane
resolution.

Piglet CT Dataset: This dataset contained CT scans of a
deceased piglet acquired at varying radiation doses attained
by adjusting the tube current [62]. NDCT scans were acquired
at 100 kV reference tube potential with 300 effective mAs as
quality reference radiation dose. LDCT scans were acquired at
10%-dose by prescribing 30 effective mAs. As this dataset was
primarily used for evaluating the generalization performance
of models trained on the AAPM dataset, we only curated a test
set comprising 350 NDCT-LDCT image pairs. All images had
0.625 mm slice thickness, and they were resized to 256×256
in-plane resolution.

BIMCV-R Dataset: This dataset included high resolution
CT volumes from the BIMCV-R collection that did not have
any missing pixel values [63]. NDCT images were acquired
at 120 kV reference tube potential with 300 effective mAs
as quality reference radiation dose and LDCT at 25%-dose
were simulated. A test set comprising 500 NDCT-LDCT
volume pairs were curated, where all images were sized to
256×256×8 volumetric resolution.

Sample NDCT images from the datasets are depicted in Fig.
3 to illustrate the general characteristics of CT scans.

B. Architectural Details
In DenoMamba, a K = 4 stage encoder-decoder archi-

tecture was used, where the number of FuseSSM blocks
cascaded within a given stage varied as E = [1, 2, 2, 3]
across encoder stages and as D = [2, 2, 1, 2] across decoder
stages, respectively. Spatial resolution was lowered by a factor
of 2 in each encoder stage except for the final one, while the
channel dimensionality was set as [16, 32, 64, 128] across

TABLE I: Denoising performance of competing methods on the 25%-dose
AAPM dataset. PSNR (dB), SSIM (%), and BC (%) metrics are listed
as mean±std across the test set. Superscripts indicate significance levels
relative to DenoMamba (◦p<0.05, ⋄p<0.005, △p<0.0005). Boldface marks
the method that offers the best performance for each metric.

↑ PSNR (dB) ↑ SSIM (%) ↑ BC (%)
RED-CNN 41.02 ± 3.03⋄ 96.25 ± 1.65△ 94.90 ± 3.19⋄

N2N 40.72 ± 2.98⋄ 96.37 ± 1.67◦ 93.73 ± 3.73◦

EDCNN 40.86 ± 3.06△ 96.07 ± 1.72⋄ 94.49 ± 3.69◦

WGAN 39.79 ± 2.54△ 94.80 ± 2.29△ 91.71 ± 4.46◦

DU-GAN 40.01 ± 3.11⋄ 94.48 ± 3.13⋄ 92.20 ± 4.20⋄

IDDPM 41.04 ± 2.22△ 96.55 ± 1.66△ 93.71 ± 3.84⋄

UFormer 41.05 ± 2.79◦ 96.76 ± 1.64△ 93.92 ± 3.44⋄

LIT-Former 40.93 ± 2.82△ 96.05 ± 1.87△ 93.97 ± 3.71⋄

ViMEDNet 41.73 ± 3.12△ 96.24 ± 1.68△ 94.62 ± 3.73⋄

DenoMamba 42.69 ± 2.85 97.07 ± 1.74 95.24 ± 3.26

stages. Conversely, spatial resolution was increased by a factor
of 2 in each decoder stage except for the final one, with the
channel dimensionality set as [64, 32, 16, 16] across stages.
Both spatial and channel SSM modules used a state expansion
factor of N=16, a local convolution width of 4, and a block
expansion factor of α=2.

C. Competing Methods

We demonstrated DenoMamba against several state-of-the-
art methods for LDCT denoising. For fair comparisons, all
competing methods were implemented with a pixel-wise ℓ1-
loss similar to DenoMamba. The only exceptions to this were
generative models that were implemented with their original
loss terms required to enable adversarial or diffusive learning.
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Fig. 5: Denoising results from the 10%-dose AAPM dataset are depicted for a representative cross-section. A display window of [-350 350] HU is used.
Please see Supp. Fig. 2 for a visualization of error maps corresponding to the denoised images from competing methods.

TABLE II: Denoising performance of competing methods on the 10%-dose
AAPM dataset. PSNR (dB), SSIM (%), and BC (%) metrics are listed
as mean±std across the test set. Superscripts indicate significance levels
relative to DenoMamba (◦p<0.05, ⋄p<0.005, △p<0.0005). Boldface marks
the method that offers the best performance for each metric.

↑ PSNR (dB) ↑ SSIM (%) ↑ BC (%)
RED-CNN 38.27 ± 2.39◦ 95.18 ± 1.65△ 92.52 ± 4.62◦

N2N 37.52 ± 2.41◦ 94.74 ± 1.74⋄ 92.05 ± 4.64⋄

EDCNN 37.80 ± 2.49△ 94.10 ± 1.78△ 92.38 ± 4.78⋄

WGAN 37.37 ± 2.19◦ 94.22 ± 1.97⋄ 89.03 ± 6.19◦

DU-GAN 37.57 ± 2.46⋄ 94.24 ± 2.88⋄ 90.22 ± 5.87◦

IDDPM 38.16 ± 2.60△ 94.88 ± 1.73△ 92.17 ± 4.91⋄

UFormer 38.77 ± 2.62⋄ 95.82 ± 1.62◦ 92.31 ± 4.70◦

LIT-Former 37.33 ± 1.97△ 92.47 ± 1.50⋄ 91.81 ± 4.81◦

ViMEDNet 38.88 ± 2.44△ 95.90 ± 1.72△ 92.40 ± 4.42⋄

DenoMamba 39.72 ± 2.43 96.24 ± 1.73 92.93 ± 4.52

RED-CNN: A convolutional model was considered that
uses a hierarchical encoder-decoder architecture equipped with
shortcut connections [18].

N2N: A convolutional model was considered that was
originally proposed for self-supervised learning on noisy CT
images [64]. For fair comparison, the architecture of N2N was
adopted to perform supervised learning.

EDCNN: A convolutional model was considered that em-
ploys a trainable Sobel convolution kernel for edge detection
and dense connections [19].

WGAN: An adversarial model that uses convolutional gener-
ator and discriminator subnetworks was considered [27]. Loss
term weights were set as λ = 10, λ1 = 0.1, λ2 = 0.1.

DU-GAN: An adversarial model that uses convolutional
generator and discriminator subnetworks was considered [65].
Loss terms weights were set as λadv = 0.1, λimg = 1, and
λgrd = 20.

IDDPM: A diffusion model with a convolutional backbone
augmented with attention mechanism was considered that
generated NDCT images starting from Gaussian noise images,
with additional guidance from the LCDT image provided as
input [29]. The number of diffusion steps was taken as 1000.

UFormer: An efficient transformer model was considered
that uses a hierarchical encoder-decoder architecture and local
window-based self-attention [66].

TABLE III: Spatial acuity of denoised LDCT images was evaluated using the
GMSD metric on the AAPM dataset. Lower scores indicate better preservation
of fine structural details. Superscripts indicate significance levels relative to
DenoMamba (◦p<0.05, ⋄p<0.005, △p<0.0005). Boldface marks the method
that offers the best performance.

↓ GMSD
RED-CNN 0.127 ± 0.025△

N2N 0.130 ± 0.028△

EDCNN 0.126 ± 0.025△

WGAN 0.139 ± 0.025⋄

DU-GAN 0.119 ± 0.016⋄

IDDPM 0.124 ± 0.027△

UFormer 0.124 ± 0.024△

LIT-Former 0.119 ± 0.017⋄

ViMEDNet 0.123 ± 0.023△

DenoMamba 0.114 ± 0.023

LIT-Former: An efficient transformer model was considered
that was originally proposed for processing 3D images with
separate transformer modules for in-plane and through-plane
dimensions [1]. LIT-former was adopted for 2D images by
removing the through-plane modules.

ViMEDNet: A state-space model was considered that uses
a hybrid CNN-SSM architecture equipped with spatial SSM
modules [44].

D. Modeling Procedures
Models were implemented using the PyTorch framework

and trained on an NVidia RTX 3090 GPU. Training was
performed via the Adam optimizer with parameters β1 = 0.5
and β2 = 0.999 [67]. For all competing methods, the learning
rate was set to 1×10−4, and the number of epochs was set to
120. The initial learning rate was halved after every 30 epochs
to promote gradual model refinement. Data were split into
training, validation and test sets with no subject-level overlap
between the three sets (see Supp. Fig. 1 for training/validation
curves of DenoMamba). Key model hyperparameters were
selected via cross-validation for each competing method. Peak
Signal-to-Noise Ratio (PSNR) and Structural Similarity Index
(SSIM) metrics were measured to assess overall similarity to
reference images, while Bhattacharyya Coefficient (BC) metric
was measured between normalized intensity histograms of
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denoised and reference images to assess distributional consis-
tency [68]. Gradient-Magnitude Similarity Deviation (GMSD)
metric was measured to assess spatial acuity. Note that higher
values of PSNR and SSIM, albeit lower values of GMSD
are preferable. Significance of differences between competing
methods were evaluated via non-parametric Wilcoxon signed-
rank tests (p<0.05).

IV. RESULTS

A. Comparison Studies

We demonstrated DenoMamba on abdominal CT scans
from the 2016 AAPM Low Dose CT Grand Challenge via
comparisons against several state-of-the-art methods from the
LDCT denoising literature. Specifically, convolutional models
(RED-CNN, N2N, EDCNN), generative models based on
adversarial or diffusion learning (WGAN, DU-GAN, IDDPM),
and contextually-sensitive models with efficient transformer
or SSM backbones (UFormer, LIT-Former, ViMEDNet) were
considered. While this study primarily focuses on the utility of
network architectures for LDCT denoising, generative models
were included in comparisons for a more comprehensive
assessment (see Sec. III-C for further details on competing
methods). Experiments were first conducted on the 25%-
dose dataset to recover NDCT images from LDCT mea-
surements. Table I lists performance metrics for competing
methods on the test set. We find that DenoMamba significantly
outperforms each competing method (p<0.05). On average,
DenoMamba achieves performance improvements of 1.8dB
PSNR, 0.8% SSIM, 0.9% BC over convolutional baselines;
2.4dB PSNR, 1.8% SSIM, 2.7% BC over generative baselines,
and 1.5dB PSNR, 0.7% SSIM, 1.1% BC over contextually-
sensitive baselines.

Representative denoised images recovered by competing
methods are displayed in Fig. 4. Among competing methods,
convolutional baselines can alleviate local noise patterns in
regions of homogeneous tissue signal, but they yield subop-
timal depiction of detailed tissue structure that extend over
longer distances, particularly near regions of heterogeneous
tissue composition. Generative baselines typically yield a
higher degree of visual sharpness in denoised images, al-
beit at the expense of elevated noise in recovered images
that is particularly evident for adversarial models. Although
contextually-sensitive baselines including ViMEDNet offer
improved preservation of tissue structure across heterogeneous
regions, they suffer from residual local noise patterns that
can manifest as signal intensity fluctuations in homogeneous
regions. In comparison, DenoMamba recovers high-quality CT
images with more effective suppression of noise patterns, and
accurate depiction of tissue structure and contrast.

We also conducted experiments on the 10%-dose dataset
to assess competing methods in a relatively more challenging
denoising task. Table II lists performance metrics for com-
peting methods on the test set. Corroborating the findings on
the 25%-dose dataset, we find that DenoMamba significantly
outperforms all competing methods (p<0.05). On average,
DenoMamba achieves performance improvements of 1.9dB
PSNR, 1.6% SSIM, 0.6% BC over convolutional baselines;

2.0dB PSNR, 1.8% SSIM, 2.5% BC over generative baselines,
and 1.4dB PSNR, 1.5% SSIM, 0.8% BC over contextually-
sensitive baselines.

Representative denoised images recovered by competing
methods are displayed in Fig. 5. Note that prominent noise
is apparent in LDCT images given the more aggressive dose
reduction in 10%-dose scans. Naturally, this elevates the dif-
ficulty of the LDCT denoising task as it becomes challenging
to distinguish noise patterns from native variations in tissue
signals. We observe that convolutional baselines can still offer
reasonable suppression of local noise patterns in homoge-
neous regions, albeit this suppression comes at the expense
of structural artifacts evident in regions of heterogeneous
tissue composition. Meanwhile, generative baselines suffer
from varying levels of noise amplification that can compromise
structural accuracy particularly near tissue boundaries. Al-
though contextually-sensitive baselines including ViMEDNet
tend to improve depiction of tissue contrast over heterogeneous
regions, they suffer from a degree of spatial blurring that can
cause suboptimal depiction of fine tissue structures. Contrarily,
DenoMamba offers high-fidelity depiction of detailed tissue
structure in CT images and visibly improved suppression of
noise. These results suggest that DenoMamba attains a more
favorable balance between contextual sensitivity and local
precision than competing methods, including ViMEDNet as
a conventional SSM baseline.

As denoising methods often leverage frequency-related
characteristics to separate tissue signals from noise, there
is an inherent risk that they may attenuate fine structural
details. To evaluate spatial acuity in denoised LDCT images,
we examined GMSD that reflects edge structure consistency
across the frequency spectrum [69]. As shown in Table III,
convolutional and generative baselines generally exhibit higher
GMSD values indicative of lower spatial acuity. In con-
trast, contextually-sensitive baselines demonstrate relatively
improved metrics, suggesting enhanced preservation of fine
structures. Notably, DenoMamba achieves the lowest GMSD,
significantly outperforming all competing methods (p<0.05).
These results indicate that DenoMamba offers enhanced de-
noising performance, as reflected in the PSNR/SSIM values
reported earlier, while also maintaining a level of spatial acuity
that is superior to competing methods based on quantitative
metrics.

B. Generalization Across Dose Levels

We also assessed denoising performance under shifts in
the level of dose reduction. To this end, models trained on
25%-dose scans were tested on 10%-dose scans, and models
trained on 10%-dose scans were tested on 25%-dose scans
in the AAPM dataset. Testing was performed in zero-shot
settings without further model training or adaptation. Table
IV lists performance metrics for competing methods. For
learning-based models, notable differences in image noise
encountered between training and test sets can naturally
induce performance losses. Yet, we find that DenoMamba
significantly outperforms all competing methods in denois-
ing performance (p<0.05), consistently in both shift direc-
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Fig. 6: Generalization across dose levels for the AAPM dataset. Models trained on 25%-dose scans were evaluated on 10%-dose scans. A display window of
[-250 450] HU is used. Please see Supp. Fig. 3 for a visualization of error maps corresponding to the denoised images from competing methods.

TABLE IV: Generalization performance across dose levels on the AAPM dataset. Models trained at 25%-dose were tested on 10%-dose scans (left panel),
and models trained at 10%-dose were tested on 25%-dose scans (right panel). Superscripts indicate significance levels relative to DenoMamba (◦p<0.05,
⋄p<0.005, △p<0.0005). Boldface marks the method that offers the best performance for each metric.

25%-dose → 10%-dose 10%-dose → 25%-dose

↑ PSNR (dB) ↑ SSIM (%) ↑ BC (%) ↑ PSNR (dB) ↑ SSIM (%) ↑ BC (%)
RED-CNN 37.09 ± 2.40△ 93.01 ± 1.41△ 92.03 ± 4.90◦ 38.03 ± 2.41△ 95.50 ± 1.81⋄ 92.17 ± 4.63⋄

N2N 37.15 ± 2.52△ 93.05 ± 1.72⋄ 91.98 ± 4.37⋄ 39.47 ± 2.46△ 96.26 ± 1.18△ 91.96 ± 4.47⋄

EDCNN 36.50 ± 2.10△ 92.56 ± 1.50⋄ 91.84 ± 4.28⋄ 37.79 ± 2.42△ 94.19 ± 2.66⋄ 92.16 ± 4.90⋄

WGAN 35.91 ± 2.39⋄ 91.84 ± 2.28⋄ 89.62 ± 5.11◦ 37.09 ± 1.86⋄ 94.32 ± 2.18⋄ 89.74 ± 5.09◦

DU-GAN 35.35 ± 2.14⋄ 90.65 ± 2.33⋄ 90.69 ± 5.06◦ 37.21 ± 2.33⋄ 94.29 ± 3.68⋄ 90.88 ± 4.82◦

IDDPM 37.75 ± 2.60△ 94.51 ± 1.73⋄ 91.93 ± 4.47⋄ 39.34 ± 2.56△ 96.12 ± 1.55⋄ 92.05 ± 4.64◦

UFormer 37.57 ± 2.62△ 94.29 ± 1.50△ 91.26 ± 4.74⋄ 39.38 ± 2.42△ 96.18 ± 1.74△ 91.81 ± 4.71⋄

LIT-Former 36.50 ± 2.25△ 92.71 ± 1.75⋄ 91.23 ± 5.03⋄ 38.57 ± 2.36△ 96.15 ± 1.57△ 91.58 ± 4.72⋄

ViMEDNet 37.50 ± 2.35△ 93.52 ± 1.52△ 91.98 ± 4.34⋄ 39.09 ± 2.43△ 96.18 ± 1.70⋄ 92.19 ± 4.42⋄

DenoMamba 38.04 ± 2.20 94.88 ± 1.57 92.10 ± 4.33 39.72 ± 2.42 96.33 ± 1.70 92.45 ± 4.30

tions (25%→10%, 10%→25%). On average across directions,
DenoMamba achieves performance improvements of 1.2dB
PSNR, 1.5% SSIM, 0.3% BC over convolutional baselines;
1.8dB PSNR, 2.0% SSIM, 1.5% BC over generative baselines,
and 0.8dB PSNR, 0.8% SSIM, 0.6% BC over contextually-
sensitive baselines. We also find that DenoMamba generally
offers relatively higher levels of performance benefits over
baselines in the shift direction of 25%-dose→10%-dose versus
10%-dose→25%-dose. This result implies that DenoMamba
shows improved reliability against elevated task difficulty in
the test set compared to baselines. Representative images
recovered by competing methods are depicted in Fig. 6.
High degrees of spatial blurring are apparent in convolutional
baselines, DU-GAN, IDDPM, Uformer and ViMEDNet, which
can be attributed to an overestimation of the noise level in
LDCT images by the respective domain-transferred models.
This spatial blurring yields suboptimal depiction of prominent
vessel structures in abdominal images. Meanwhile, remaining
methods including WGAN, LIT-Former and DenoMamba that
are less amenable to spatial blurring show higher levels of
residual noise. Among these methods, DenoMamba offers im-
proved accuracy in depiction of important vascular structures
evident in reference NDCT images, despite elevated levels of
residual noise. Taken together, these results demonstrate that
DenoMamba shows a degree of robustness against shifts in

noise levels of CT scans to maintain its superior performance
over baselines.

C. Validation on External Dataset
Next, we conducted experiments to validate competing

methods on an independent dataset to assess reliability against
shifts in the underlying data distribution for CT scans. For this
purpose, models separately trained on the 25%-dose and 10%-
dose AAPM datasets were tested on the independent 10%-
dose Piglet CT dataset. Testing was performed in zero-shot
settings without further model training or adaptation. Table
V lists performance metrics for competing methods. For both
dose levels on which the models were trained, we find that
DenoMamba significantly outperforms all competing meth-
ods in generalization across datasets (p<0.05). On average,
DenoMamba achieves performance improvements of 1.3dB
PSNR, 1.8% SSIM, 0.3% BC over convolutional baselines;
2.5dB PSNR, 4.5% SSIM, 1.6% BC over generative baselines,
and 1.0dB PSNR, 1.5% SSIM, 0.6% BC over contextually-
sensitive baselines. We also find that DenoMamba offers com-
parable levels of performance benefits over baselines in both
examined settings, i.e., training on the 25%-dose and training
on the 10%-dose AAPM scans. Yet, the absolute denoising
performance of several competing methods including Deno-
Mamba are moderately higher when trained on the 25%-dose
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Fig. 7: External validation on the Piglet CT dataset. Models trained on the 25%-dose AAPM dataset were evaluated on the 10%-dose Piglet CT dataset. A
display window of [-400 1000] HU is used. Please see Supp. Fig. 4 for a visualization of error maps corresponding to the denoised images.

TABLE V: External validation of competing methods on the 10%-dose Piglet CT dataset. Models trained on either the 25%-dose (left panel) or 10%-dose (right
panel) AAPM scans were evaluated on Piglet CT scans. Superscripts indicate significance levels relative to DenoMamba (◦p<0.05, ⋄p<0.005, △p<0.0005).
Boldface marks the method that offers the best performance for each metric.

25% AAPM → Piglet 10% AAPM → Piglet

↑ PSNR (dB) ↑ SSIM (%) ↑ BC (%) ↑ PSNR (dB) ↑ SSIM (%) ↑ BC (%)
RED-CNN 38.37 ± 3.96△ 96.65 ± 3.26△ 92.15 ± 4.60△ 38.66 ± 3.91△ 96.42 ± 3.44△ 92.22 ± 4.50◦

N2N 37.69 ± 3.40⋄ 95.86 ± 3.01△ 92.04 ± 4.34⋄ 38.19 ± 3.46⋄ 96.03 ± 3.13△ 92.19 ± 4.48⋄

EDCNN 38.93 ± 4.07△ 96.91 ± 3.07△ 92.18 ± 4.83△ 38.78 ± 3.84△ 96.88 ± 3.26⋄ 92.25 ± 4.88◦

WGAN 34.36 ± 3.07◦ 88.25 ± 3.69◦ 89.96 ± 5.71◦ 35.11 ± 2.91◦ 88.40 ± 3.38⋄ 89.81 ± 5.17⋄

DU-GAN 38.42 ± 3.49⋄ 96.03 ± 5.22△ 90.76 ± 5.22◦ 38.34 ± 3.43△ 96.29 ± 4.87⋄ 91.19 ± 4.98⋄

IDDPM 38.58 ± 2.95△ 96.52 ± 2.68△ 91.74 ± 4.65△ 38.73 ± 2.73⋄ 97.38 ± 2.59⋄ 91.93 ± 4.71△

UFormer 38.44 ± 3.72⋄ 96.70 ± 2.71△ 91.50 ± 4.70◦ 38.45 ± 3.45⋄ 95.99 ± 2.74△ 91.58 ± 4.72◦

LIT-Former 38.69 ± 3.11⋄ 96.63 ± 3.10△ 92.09 ± 4.33⋄ 38.53 ± 3.24⋄ 96.50 ± 2.90⋄ 91.76 ± 4.50◦

ViMEDNet 39.05 ± 3.86△ 97.31 ± 2.88△ 92.33 ± 4.78△ 39.08 ± 3.83△ 97.51 ± 2.76△ 92.32 ± 4.78△

DenoMamba 39.88 ± 3.73 98.40 ± 2.92 92.53 ± 4.68 39.51 ± 3.53 98.19 ± 2.81 92.43 ± 4.76

scans, even though the evaluations are conducted on the 10%-
dose Piglet CT scans. Through visual inspection, we confirmed
that the 10%-dose Piglet CT scans have more similar levels of
noise perturbation to the 25%-dose as opposed to 10%-dose
AAPM scans. Therefore, our findings are best attributed to
the closer alignment of noise levels between training and test
datasets, achieved when models are trained on the 25%-dose
AAPM scans. Representative images recovered by competing
methods are depicted in Fig. 7. We observe that baseline
models either suffer from over-smoothing manifested as spatial
blurring (e.g., convolutional baselines, ViMEDNet) or from
residual noise patterns manifested as structural artifacts (e.g.,
generative baselines, transformers) that can both compromise
visibility of moderate variations in tissue contrast in denoised
CT images. In comparison, DenoMamba recovers high-fidelity
images with a closer appearance to reference NDCT images
in terms of tissue structure and contrast. Collectively, these
results indicate that DenoMamba shows a notable degree of
robustness against shifts in the data distribution driven by
native variations in anatomy and/or scanner hardware.

D. Computational Efficiency
Computational efficiency is an important consideration for

practical implementation of deep learning models. Table VI
compares run time, memory usage, and parameter count

TABLE VI: Computational complexity of competing methods. Training and
test run time (milliseconds), memory usage (MB), and parameter count
(millions) are reported for a single cross-section. Lower values of training
time, memory, and parameter count indicate higher computational efficiency.

Time (ms) Memory (MB)
Params (M)

Training Test Training Test

RED-CNN 2.4 0.6 47.4 27.6 0.05

N2N 4.9 1.3 345.5 199.4 1.20

EDCNN 3.3 0.9 443.1 139.5 0.08

WGAN 28.3 1.8 1257.4 231.6 3.51

DU-GAN 202.2 6.1 4109.4 2895.5 57.2

IDDPM 151.4 13.4 5764.0 2157.7 88.96

UFormer 38.0 10.4 1405.6 280.4 5.05

LIT-Former 6.42 1.8 317.4 252.6 1.21

ViMEDNet 25.0 7.0 1325.1 347.6 8.91

DenoMamba 92.4 16.2 2434.3 327.8 4.98

for competing methods during training and testing phases.
As expected, convolutional baselines demonstrate the high-
est efficiency with minimal computational demands, whereas
generative approaches using heavier architectures exhibit sub-
stantially lower efficiency. Meanwhile, contextually-sensitive
methods, including DenoMamba, occupy a middle ground
between these two ends. Considering the range of com-
putational requirements across competing methods, Deno-
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TABLE VII: Performance of DenoMamba variants built by replacing SSM
modules with vanilla transformers and image downsampling to 128×128 (w
ViT+down), with vanilla transformers and split processing of 128×128 image
patches (w ViT+patch), and with efficient transformers of linear complexity (w
eff. ViT). Inference time and validation PSNR, SSIM are listed for the 25%-
dose AAPM dataset. Significance levels of variants relative to DenoMamba
are p<0.05 for all metrics.

Time (ms) ↑ PSNR (dB) ↑ SSIM (%)
w ViT+down 30.9 38.79 92.26

w ViT+patch 37.7 40.45 95.04

w eff. ViT 18.1 41.50 96.11

DenoMamba 16.2 42.70 97.15

Mamba achieves computational metrics generally comparable
to other contextually-sensitive approaches, albeit with mod-
erately higher run times and training memory load. These re-
sults demonstrate that DenoMamba delivers superior denoising
performance while maintaining computational efficiency gen-
erally on par with contextually-sensitive alternatives, making
it well-suited for practical implementation.

E. Ablation Studies

We conducted a systematic set of ablation studies to ex-
amine the importance of key building elements and design
parameters in DenoMamba. First, we assessed the efficacy of
SSM modules in DenoMamba for capturing contextual rep-
resentations in comparison to transformer modules. Note that
vanilla transformers (ViT) suffer from quadratic complexity
with respect to sequence length [70], which prohibits their
use for pixel-level processing at the original image resolution
given memory limitations on GPUs employed here. Thus,
several efficient transformer adaptations were formed based on
different strategies to mitigate complexity. A ‘w ViT+down’
variant was formed by replacing the SSM modules with ViT
modules, and spatially downsampling images to a 128×128
size [71]. A ‘w ViT+patch’ variant was formed by replacing
the SSM modules with ViT modules, splitting each image
into a set of four 128×128 patches, and processing separate
patches individually [72]. A ‘w eff. ViT’ variant was formed
by adopting an efficient module of linear complexity based
on transposed attention [73]. Table VII lists performance
metrics for DenoMamba and transformer-based variants on
the 25%-dose dataset, along with inference times per slice.
DenoMamba outperforms all variant models in performance
metrics (p<0.05), while also offering shorter inference times.
These results suggest that transformer adaptations that restrict
image resolution or field-of-view, or that employ approximate
attention operators to maintain efficiency suffer from notable
losses in denoising performance.

We then assessed the influence of spatial SSM, chan-
nel SSM, and CFM modules in DenoMamba on denoising
performance. A ‘w/o spa. SSM’ variant ablated the spatial
SSM modules, a ‘w/o cha. SSM’ variant ablated channel
SSM modules, a ‘w/o CFM’ variant ablated CFM modules, a
‘w/o GCN’ variant ablated GCN layers that perform content-
aware gating to module channel-wise features, and a ‘w/o
Iden.’ variant ablated identity propagation paths. Table VIII
lists performance metrics for DenoMamba variants on the

TABLE VIII: Performance of DenoMamba variants built by ablating the
channel SSM module (w/o cha. SSM), the spatial SSM module (w/o spa.
SSM), the CFM module (w/o CFM), the gated convolution network (w/o
GCN), and the identity path (w/o Iden.). PSNR, SSIM are listed for the 25%-
dose AAPM dataset. Significance levels of variants relative to DenoMamba
are p<0.05 for all metrics.

↑ PSNR (dB) ↑ SSIM (%)
w/o spa. SSM 42.24 96.84

w/o cha. SSM 42.09 96.99

w/o CFM 42.39 97.01

w/o GCN 42.44 97.08

w/o Iden. 41.64 96.42

DenoMamba 42.70 97.15

TABLE IX: Performance of 3D DenoMamba variants built by ablating the
channel SSM module (w/o cha. SSM), the spatial SSM module (w/o spa.
SSM), the CFM module (w/o CFM), the gated convolution network (w/o
GCN), and the identity path (w/o Iden.). PSNR, SSIM are listed for the
BIMCV-R dataset. Significance levels of variants relative to DenoMamba are
p<0.05 for all metrics.

↑ PSNR (dB) ↑ SSIM (%)
w/o spa. SSM 41.02 97.15

w/o cha. SSM 41.72 97.33

w/o CFM 41.28 97.15

w/o GCN 41.70 97.35

w/o Iden. 41.31 96.89

DenoMamba 42.01 97.49

25%-dose dataset. We find that DenoMamba outperforms
all variants (p<0.05). Higher performance of DenoMamba
over the ‘w/o spa. SSM’, ‘w/o cha. SSM’, and ‘w/o Iden.’
variants indicate that contextual features in spatial and channel
dimensions along with lower-level spatial features effectively
contribute to LDCT denoising performance. Higher perfor-
mance of DenoMamba over the ‘w/o GCN’ variant suggests
that the content-aware gating mechanism in GCN layers helps
refine channel-wise features based on spatial context. Note that
low-level input features can be propagated across FuseSSM
blocks in multiple ways, including the identity propagation
path feeding into the CFM module where input and contextual
features are subjected to nonlinear convolutional fusion, as
well as the residual connections in channel and spatial SSM
modules that additively fuse the input and contextual features.
Taken together, higher performance of DenoMamba against
the ‘w/o Iden.’ and ‘w/o CFM’ variants indicate that nonlinear
convolutional fusion effectively preserves essential low-level
representations in CT images.

We then evaluated DenoMamba’s applicability to volumetric
denoising by adapting its core components—including SSM,
CFM modules and GCN layers—to process three-dimensional
(3D) CT data. To confirm that DenoMamba’s architectural
design remains effective in volumetric settings, we conducted
ablation analyses on 3D CT scans from the BIMCV-R dataset.
As listed in Table IX, the performance metrics for various
3D DenoMamba variants reveal patterns consistent with our
2D findings, with the complete DenoMamba architecture sig-
nificantly outperforming all variants (p<0.05). These results
demonstrate that DenoMamba’s architectural components gen-
eralize effectively to 3D low-dose CT denoising settings.
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TABLE X: Performance of DenoMamba while varying the number of encoder-
decoder stages K, the number of feature channels C, and the configuration
for the number of FuseSSM blocks across stages E − D. PSNR, SSIM are
listed for the 25%-dose AAPM dataset.

↑ PSNR (dB) ↑ SSIM (%)

K

3 42.64 97.02

4 42.70 97.15

5 42.61 97.11

C

16 42.70 97.15

32 42.67 97.13

48 42.53 96.98

E −D

1 42.70 97.15

2 42.70 97.13

3 42.68 97.15

Finally, we assessed the influence of the number of encoder-
decoder stages K, the number of initial feature channels at the
first encoder stage C (note that the number of feature chan-
nels in remaining stages scale proportionately with C), and
the numbers of FuseSSM blocks cascaded across individual
encoder-decoder stages E −D (i.e., the number of FuseSSM
blocks across K encoder and K decoder stages). In general,
prescribing higher values for these design parameters increases
model complexity. As learning-based models are subject to
an intrinsic trade-off between allowed degrees of freedom
versus learning efficacy, we wanted to examine whether the
selected design parameters for DenoMamba offer a favorable
compromise. For this purpose, models were built by separately
varying the values of K, C, and R while remaining parameters
were kept fixed. Specifically, we varied K in {3, 4, 5}; C in
{16, 32, 48}; and E −D in {1: [1, 2, 2, 3] - [2, 2, 1, 2], 2:
[2, 3, 3, 4] - [3, 3, 2, 2], 3: [4, 6, 6, 8] - [6, 6, 4, 2]}. Table
X lists performance metrics of DenoMamba on the 25%-dose
dataset. We find that K = 4, C = 16, and E −D = 1 yield
near-optimal performance, validating the proposed selection of
design parameters.

V. DISCUSSION

A. Scope and Practical Implications

Focusing on the image denoising task for CT scans in
the current study, we aimed to recover high-quality images
from noisy LDCT acquisitions, where existing solutions suffer
from several limitations. Previous CNN models offer a high
degree of local precision, albeit they are relatively insensitive
to long-range relationships between distant anatomical regions
in medical images [25]. While transformer models benefit from
the long-range contextual sensitivity of self-attention opera-
tors, they inherently suffer from quadratic model complexity
with respect to sequence length [32]. Meanwhile, common
approaches to mitigate this complexity result in inevitable
losses in spatial precision [74]. To address these limitations,
here we introduced DenoMamba that leverages the emergent
framework of state-space modeling to enhance performance
and efficiency in LDCT image denoising.

DenoMamba employs a novel SSM-based architecture to
improve capture of complex contextual information, and
thereby enable more nuanced separation of signal from noise

components in CT images. Our demonstrations indicate that
it achieves superior performance in LDCT denoising against
state-of-the-art CNN, transformer and SSM methods, with
apparent quantitative and qualitative benefits in image quality.
By effectively denoising images at significantly reduced radia-
tion doses, DenoMamba offers a compelling solution to lower
patient radiation exposure without compromising diagnostic
utility. This can facilitate more broadspread adoption of CT
in clinical scenarios requiring screening of at risk popula-
tions (e.g., pediatric or cancer patients) or repeated scans on
the same patient (e.g., continual disease monitoring, chronic
disease management). Furthermore, the intrinsic efficiency
benefits of DenoMamba can be critical for real-world clin-
ical deployment, where processing speed and computational
resources are often constrained.

B. Limitations and Future Work

Several technical limitations can be addressed in order to
further boost the performance and practicality of DenoMamba.
A first line of improvements concerns the nature of denoising
tasks targeted during model training. Here, a separate model
was trained for LDCT denoising at each reduction level for
radiation dose to maintain high performance. Note that this
may lower practicality if highly variable reduction levels
are expected to be administered in practice. In those cases,
DenoMamba can be trained on LDCT images at varying
reduction levels, and model specialization to specific radiation
doses could be enhanced by adaptive normalization approaches
on feature maps [75], [76]. This could improve practicality by
building a unified model that can be deployed at various dose
reduction levels.

A second line of improvements concerns the datasets on
which DenoMamba is trained to perform LDCT denoising.
Here, we performed supervised learning relying on the avail-
ability of paired LDCT-NDCT images from the same set of
subjects [33]. Note that, in practice, the curation of such paired
datasets can be challenging as it would require repeated CT
scans on a given subject at separate radiation doses. In cases
where the amount of paired training data that can be collected
is limited, a large training set can be curated by instead
adopting cycle-consistent learning procedures on unpaired sets
of LDCT and NDCT images [77], or self-supervised learning
procedures to train models directly on LDCT measurements
[38], [64]. In this study, we primarily conducted experiments
on 2D cross-sectional CT images, consistent with many LDCT
denoising studies in the literature. While processing slices
independently may introduce intensity discontinuities across
the anatomical volume, our visual assessments did not reveal
notable inconsistencies across consecutive 2D cross-sections.
Furthermore, the 2D and 3D variants of DenoMamba demon-
strate generally comparable performance metrics, as shown in
Tables VIII and IX, suggesting that our 2D results are not
significantly affected by such potential artifacts. Nevertheless,
future work is warranted to more thoroughly evaluate the
relative advantages of 3D versus 2D processing for LDCT
denoising tasks.
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A third line of improvements concerns the loss terms
employed to train DenoMamba. Tissue signal components in
CT images characteristically carry diminishing energy towards
higher spatial frequencies, whereas noise components often
have a relatively balanced distribution across frequencies. This
promotes denoising methods to regularize frequency-related
attributes for signal-noise separation, resulting in an intrinsic
trade-off between the level of noise suppression and preser-
vation of high-frequency details. Here, we performed model
training via a simple pixel-wise loss term based on mean
absolute error between denoised and reference images. While a
degree of blurring was apparent across competing methods, we
observed that DenoMamba generally offers similar or superior
spatial acuity to baselines in the examined datasets. That
said, it might be possible to attain further improvements in
recovered image quality by using more sophisticated loss terms
including adversarial, score-based or cross-entropy losses [29],
[78], which may offer enhanced sensitivity to structural details.
Particularly within the context of score-based methods that in-
volve iterative sampling procedures, the long-range contextual
sensitivity of DenoMamba combined with task-driven bridge
formulations might offer benefits over conventional denoising
diffusion models based on CNN backbones [30], [79], [80].
Further work is warranted for a systematic evaluation of
the utility of various loss functions on the performance and
reliability of DenoMamba.

VI. CONCLUSION

Here we introduced a novel fused SSM for recovery of
high-quality images from noisy LDCT scans. The proposed
DenoMamba model leverages an hourglass architecture im-
plemented with novel FuseSSM blocks. Each FuseSSM block
extracts contextual features across spatial and channel dimen-
sions via spatial and channel SSM modules, respectively, and
performs fusion of contextual and low-level input features
via a CFM module. This design enables DenoMamba to
leverage contextual relationships in LDCT images without
compromising local precision, and thereby to offer superior
performance against state-of-the-art LDCT denoising methods.
Therefore, DenoMamba holds great promise for performant
LDCT image denoising.
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