PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

CDMIQA: A Cross-Domain Perceptual Method and Benchmark Dataset for
Medical Image Quality Assessment

Leilei Huang', Yue Sun', Mingxiang Wu?, Wei Ke!, Siyi Xun', Muzhen He? *, Tao Tan' *
Macao Polytechnic University, China
2ShenZhen People’s Hospital, China
3Fujian Provincial Hospital, China

{p2527042, yuesun, wke, p2214963, taotan} @mpu.edu.mo,
wu.mingxiang @szhospital.com, dr_muzhen @fjmu.edu.cn

Abstract

Medical image quality assessment (IQA) serves as
a critical safeguard for precise clinical diagnosis
and treatment. However, existing methods still
face challenges arising from data scarcity and het-
erogeneity across imaging domains, which con-
fine solutions to domain-specific designs and limit
their cross-domain generalization ability. In re-
sponse, we construct a multi-domain and multi-
organ dataset comprising 9,105 2D and 3D med-
ical images across three imaging domains and 18
organs, annotated by radiologists. Building upon
this, we propose a cross-domain universal med-
ical IQA method termed CDMIQA, which inte-
grates efficient feature extractors with Hierarchi-
cal Perceptual Encoding Modules to capture and
refine multi-level perceptual features while miti-
gating interference from noise and artifacts. No-
tably, the Adaptive Semantic Perception Module is
designed to extract semantic features; it enhances
adaptability to domain-specific images by dynam-
ically encoding quality variations across different
imaging domains and organs. Furthermore, a Top-
down Feature Fusion Module is utilized to pro-
gressively aggregate features under the guidance
of semantic information, reinforcing the model’s
feature representation capability. Experimental re-
sults on the proposed dataset demonstrate that our
method outperforms standard competitors and ex-
hibits superior generalization ability across diverse
domains. Our code and dataset are available at
https://github.com/Leilei- Huang-work/ CDMIQA.

1 Introduction

With the rapid development of medical imaging technologies
such as Computed Tomography (CT) and Magnetic Reso-
nance Imaging (MRI), the dependence on high-quality med-
ical images for clinical diagnosis and treatment continues
to increase. Suboptimal image quality not only reduces the
confidence of physicians in their diagnoses and raises the
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risk of clinical misdiagnosis [Chow and Paramesran, 2016;
Lévéque et al., 2021; Cavaro-Ménard et al., 2010], but also
significantly limits the performance of artificial intelligence
(AI)-assisted diagnostic technologies, such as medical image
segmentation and lesion detection. Therefore, there is an ur-
gent need to develop efficient medical image quality assess-
ment (IQA) algorithms to support precise clinical diagnosis
and treatment.

Objective IQA methods can be categorized based on
the information available from reference images into Full-
Reference (FR), Reduced-Reference (RR), and No-Reference
(NR) IQA. Since it is often difficult to obtain a perfect ref-
erence image for medical images in real-world applications,
NR IQA has unique research value in medical imaging [Xun
et al.,, 2025]. Traditional NR IQA methods mainly rely
on hand-crafted feature design to address specific distortion
types [Saad et al., 2012; Mittal et al., 2012a; Mittal et al.,
2012b]. However, these methods face limitations due to their
reliance on prior knowledge for manual feature design, mak-
ing it challenging to represent the complex distortion charac-
teristics of multi-domain medical images.

In recent years, deep learning methods have demonstrated
excellent performance in natural IQA. This has motivated nu-
merous studies to adapt these techniques for medical imaging
environments [Li et al., 2018; Oszust et al., 2020a)]. How-
ever, the distinctive characteristics of medical images—such
as modality-specific noise and artifact patterns, complex
anatomical structures, and the often subtle manifestations of
pathological changes—introduce challenges that go beyond
those encountered in natural-image assessment. This necessi-
tates the development of specialized deep learning models for
different domains, most notably CT-IQA [Gong et al., 2019;
Lee et al., 2022; Shi et al., 20241, Retinal-IQA [Zago et al.,
2018; Fu et al., 2019; Shi et al., 2022], and MRI-IQA [Qi et
al., 2021; Simi et al., 2021; Stepiefi and Oszust, 2023]. De-
spite the promising potential of these models, two key factors
hinder their performance and generalization in more complex
and diverse clinical environments. Primarily, high-quality an-
notated datasets remain scarce, characterized by limited sam-
ple sizes and restricted to single-domain distributions. Fur-
thermore, the development and benchmarking of most meth-
ods are still constrained by the inherent deficiencies of these
existing datasets, which primarily focus on single-task eval-
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uation, severely limiting their broader applicability in clini-
cal applications. To address the aforementioned challenges,
we first construct a new large-scale cross-domain and cross-
organ medical IQA benchmark dataset. Building upon this
dataset, we propose a cross-domain perceptual IQA that can
dynamically adapt to different medical imaging domains. In
summary, the primary contributions are as follows:

* We propose CDMIQA, a cross-domain perceptual im-
age quality assessment method specifically designed to
address the challenges posed by heterogeneity across
diverse medical imaging domains. By dynamically
adapting to domain-specific characteristics, CDMIQA
demonstrates exceptional cross-domain adaptability and
robust generalization performance.

We construct a large-scale medical IQA benchmark
dataset with 9,105 2D and 3D images from MRI,
CT, and Retinex domains, covering 18 organs with
radiologist-quality annotations.

Since medical imaging often involves various complex
artifacts and noise, Hierarchical Perceptual Encoding
Modules are introduced to capture low, medium, and se-
mantic features to mitigate the interference of artifacts
and noise and enhance the robustness of the quality as-
sessment task.

To enable dynamic adaptation across multi-domain and
multi-organ medical IQA tasks, we propose an Adap-
tive Semantic Perception module to extract semantic fea-
tures that capture domain and organ-specific character-
istics for improved generalization. Additionally, we in-
troduce a Top-down Feature Fusion Module to progres-
sively aggregate features under the guidance of semantic
information, reinforcing the model’s feature representa-
tion capability.

2 Related Work

2.1 Medical IQA Datasets

Despite the availability of domain-specific Medical IQA
datasets for CT [Lee et al., 2025], MRI [Oszust et al., 2020b;
Stpieni er al., 2021], and Retinex imaging [Zhou er al., 2018],
critical limitations persist. CT datasets, such as those in [Lee
et al., 2025], typically lack 3D volumetric scans and multi-
window configurations (e.g., lung and soft tissue windows).
While MRI datasets like DB1 [Oszust e al., 2020b] and
DB2 [Stpiefi et al; 2021] share T2-weighted images across
multiple organs, there remains a notable absence of Tl1-
weighted multi-organ Medical IQA datasets. Furthermore,
existing datasets are often developed in isolation, constrained
to single domains or anatomical regions. To bridge these
gaps, we present a large-scale MIQA benchmark comprising
9,105 2D and 3D images across three domains—MRI, CT,
and Retinex—covering 18 organs and including both lung
and soft tissue window settings. All images are annotated
with expert-level quality labels.

2.2 Medical IQA Methods

Recent state-of-the-art (SOTA) deep learning-based medical
IQA methods have been extensively explored in three do-

mains: Retinex, MRI, and CT. We review representative
works from each domain. In Retinex-IQA, [Zago et al., 2018]
proposed a method where a combination of unsupervised fea-
tures from saliency maps and supervised deep features from
CNN:s is utilized to predict the quality level of retinal images.
Subsequently, [Shi er al., 2022] proposed an automatic reti-
nal image analysis framework that combines a VGG16-based
transfer learning model with automatic feature generation to
assess image quality and distinguish between abnormality-
related and artifact-induced degradations in color fundus im-
ages. To evaluate MRI image quality, [Qi et al., 2021] pro-
posed a 3D content-adaptive hyperparameter network that
captures global spatial information in MRI images and im-
proves performance by enhancing the network’s adaptive ca-
pacity via parameter reinforcement. Furthermore, [Stepieri
and Oszust, 2023] proposed a method that fuses two com-
plementary deep architectures to extract MRI-specific per-
ceptual quality features. It leverages multi-level represen-
tations via a joint network and enhances performance using
features from a retrained single model. Notably, in the realm
of CT-IQA, [Shi et al., 2024] simulated the active inference
process of an internal generative mechanism using Denois-
ing Diffusion Probabilistic Models (DDPM) to predict pri-
mary content. Dissimilarity maps were computed from devi-
ations between distorted and predicted images, and both were
fed into a transformer-based IQA model. However, the re-
liance'on DDPM introduces significant computational over-
head, limiting its applicability to real-time medical diagnosis.
Although these methods have demonstrated promising per-
formance, most deep learning-based IQA models are task-
specific, lacking generalizability and versatility in complex
clinical applications.

3 Method

3.1 Dataset Construction

As illustrated in Fig. 1, we constructed a cross-domain, di-
verse medical IQA dataset tailored for heterogeneous qual-
ity evaluation needs. This dataset comprises 9,105 images
across both 2D and 3D domains, encompassing MRI, fundus,
and CT images. It covers 18 distinct organ types, including
the lungs, brain, and spine. The dataset aggregates data from
five sources: Source A (CT 3D): We collected 2,427 routine
3D chest CT scans from the in-house dataset of Shenzhen
People’s Hospital. Ten radiologists evaluated each series on
a 1-5 scale assessing clarity, noise, and contrast, and the fi-
nal Mean Opinion Scores (MOS) were obtained by averag-
ing these ratings. Source B (MRI T1): We collected 300
MRI T1-weighted images from the in-house dataset of Fujian
Provincial Hospital. These images were acquired during clin-
ically indicated routine diagnostic examinations of the shoul-
ders, knees, brain, and lumbar spine. Three radiologists inde-
pendently evaluated the quality of each image on a scale of 1
to 5, with the average MOS serving as the final label. Source
C (MRI T2): DB1 [Oszust et al., 2020b] and DB2 [Stpien et
al., 2021] datasets. Source D (CT 2D): LDCTIQA2023 [Lee
et al., 2025] dataset. Source E (Fundus): Kaggle DR Im-
age Quality dataset [Zhou er al., 2018]. All domain-specific
images were annotated by radiologists or trained medical pro-
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Figure 1: Examples of the proposed dataset. 3D lung window and soft tissue window images are included in Chest-3D; 2D soft tissue window

images are included in LDCTIQA2023 [Lee e al., 2025].

fessionals. This large-scale benchmark enables cross-domain
training and standardized evaluation of medical IQA methods
in diverse clinical scenarios.

3.2 Proposed IQA method

Overall Architecture

As illustrated in Fig. 2, initially, the input 2D and 3D images
are processed by the preprocessing module. For 3D volumet-
ric data, a Key Slice Selection Module is employed to extract
six representative slices, prioritizing areas with high diagnos-
tic value. These selected slices, along with the 2D images, are
processed by a pre-trained Vision Transformer (ViT) classi-
fier [Dosovitskiy et al., 2020] (which achieves a classifica-
tion accuracy of 99.7% on the proposed dataset) to gener-
ate a prompt set P,,,. This set.encompasses spatial structure,
imaging modality, anatomical region, and scan type, facilitat-
ing dynamic adaptation across diverse image domains. For
feature extraction, the framework utilizes a hybrid backbone:
VGG16 [Simonyan and Zisserman, 2014] extracts low-level
features F';, and mid-level features F'); from its second and
third blocks, respectively, while a Vision Transformer recov-
ers semantic information from F'j;. Considering the impact
of various noise types and artifacts (e.g., Gaussian noise, mo-
tion artifacts, and metal artifacts) on the quality degradation
of medical imaging [Zhang and Metaxas, 20241, we introduce
Hierarchical Perceptual Encoding Modules to refine features
at multiple levels, effectively mitigating interference in IQA
tasks. Specifically, the SPAM leverages spatial and pixel at-
tention mechanisms to encode F'y, enhancing the represen-
tation of salient local regions to yield F,. In parallel, the
MSPM utilizes a multi-branch parallel convolutional archi-
tecture to encode F'y;, capturing multi-scale structural infor-

mation F;. Furthermore, the Adaptive Semantic Percep-
tion- Module incorporates two key components: (1) an Adap-
tive Attention Allocation mechanism, which uses the multi-
scale spatial attention map from MSPM to prioritize informa-
tive regions while suppressing noisy backgrounds; and (2) a
Domain-Aware Prompt strategy, which encodes the prompt
set P,, into a unified context-aware weight matrix W. This
matrix acts as a multi-domain prior injected into the self-
attention mechanism, guiding the Transformer to generate the
semantic feature map F'g, thereby enabling dynamic adapta-
tion across multi-domain and multi-organ IQA tasks. Finally,
a Top-down Feature Fusion module integrates F'g, F M, and

F'1 sequentially to enhance feature representation. The fused

- F
feature map F', is then fed into an MLP to regress the final
predicted quality score S.

Hierarchical Perceptual Encoding Modules

SPAM. To effectively capture low-level visual features in
medical images, we propose a Feature Enhancement Mod-
ule (SPAM) incorporating both Spatial and Pixel Attention
mechanisms. SPAM aims to enhance the representation of
salient local regions while suppressing noise and artifact in-
terference. The module employs two levels of attention: spa-
tial attention, which accurately identifies regions affected by
local distortions, and pixel attention, which emphasizes key
details and mitigates noise and artifacts. Specifically, a given
low-level feature map F; € R *"1X%1 s first normalized
through Layer Normalization (LN), then processed through
spatial and pixel attention mechanisms individually. The out-
puts of these attention operations are combined via element-
wise summation to produce the final enhanced feature map
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Figure 2: The framework of our proposed method. (A) Overall architecture. Hierarchical Perceptual Encoding Modules: ((B) SPAM, (C)
MSPM, (D) Adaptive Semantic Perception Module) and (E) Top-down Feature Fusion. Feature F'r, and F)s are extracted from the 2nd and

3rd blocks of VGG16[Simonyan and Zisserman, 2014].

Fy. Formally, this process can be expressed as follows:
Fp = SA(LN(Fp)) © PA(LN(FL)), (D

where LN(-) denotes Layer Normalization, and SA(-) and
PA(-) represent spatial attention and pixel attention.

MSPM. In medical imaging, key features such as organ struc-
tures and tissue boundaries exhibit clear multi-scale charac-
teristics. To effectively capture these structural variations
across different scales, we propose the Multi-Scale Struc-
tural Perception Module (MSPM), which utilizes a multi-
branch parallel convolutional architecture. The central idea
of MSPM is to employ multiple convolutional layers with
different kernel sizes—namely 1 x 1, 3 x 3, and 5 X 5—in
parallel, enabling the extraction of multi-scale features simul-
taneously. Each convolutional branch focuses on distinct spa-
tial details, facilitating comprehensive encoding of structural
information across scales. Specifically, a given intermediate
feature map F'j; € R°*"2X%2 is processed through these
parallel convolutional layers to generate multi-scale feature
representations (F'17 Fé” , Féw ). These features are concate-
nated along the channel dimension to form a rich multi-scale
feature map. To enhance the spatial focus, the combined fea-
tures undergo spatial pooling using both max pooling and av-
erage pooling, followed by a 5 x 5 convolution. The result-
ing feature is then modulated via element-wise multiplication
with a sigmoid-activated multi-scale spatial attention map to

emphasize salient regions. The formulation of this process is
as follows:
Fi' = C5(Fy)

Fi' = Cs(Fy @ FY')
F' =C\(Fy o Fy)

2

Mgp=o0 (C5 (Pool (Concat (FiwaFZJSVI’Féw>>))

FM = Concat (F]u @Msp,Fi\/[,Féw,Fé\/[>
3)

where M g p represents the multi-scale spatial attention map,
Concat(-) represents the concatenation operation, Pool(:)
represents the avg-pooling and max-pooling operations. C,,
represents the convolutional layer with kernel size n €
{1,3,5}, and o (-) represents the Sigmoid activation function.
Adaptive Semantic Perception Module. Accurate extraction
of semantic information is pivotal for medical image qual-
ity assessment. However, the inherent heterogeneity of med-
ical imaging data (e.g., varying modalities, anatomical re-
gions, and scanning protocols) challenges the generalization
capability of standard CNNs. Furthermore, non-diagnostic
noise and artifacts tend to accumulate with increasing net-
work depth, corrupting high-level semantic features. To ad-
dress these issues, we replace the final convolutional stage
of VGG16 with a Vision Transformer-based module. Lever-
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aging the global receptivity of Transformers and scalability,
we introduce two novel components: an Adaptive Attention
Allocation mechanism to suppress noise and artifacts, and
a Domain-Aware Prompt strategy to incorporate structured
prior knowledge.

1) Adaptive Attention Allocation. This allocation block is
designed to mitigate accumulation of noise and artifacts that
typically arises with increasing network depth. This mech-
anism is conceptually inspired by clinical diagnostic prac-
tices, wherein radiologists dynamically modulate their at-
tention across image regions—prioritizing informative areas
while suppressing irrelevant or noisy background informa-
tion. First, we sort the tokens based on the multi-scale spatial
attention map M gp in ascending order of saliency. We then
evenly divide them into n sub-regions denoted as G;, where
i € {1,2,...,n}, thereby forming an allocation attribution
map G. The intermediate features F'y;, after being projected
and encoded with positional encoding into Z, are partitioned
into subsets Z; corresponding to G;. Subsequently, these
feature subsets are dynamically aggregated based on group-
specific aggregation rates 8;. Crucially, regions with higher
importance are assigned a smaller aggregation rate (imply-
ing fewer tokens are merged) to preserve fine-grained details,
whereas background regions undergo higher aggregation to
reduce redundancy. The adaptive attention allocation mecha-
nism is formulated as follows:

Q=2Zw®

K=A(Z,G,0WwW¥x
V=AZ66w"

A(Z, g, 9) = Cat;-l:l (FC (ZY, 02))

where A(-) represents the adaptive aggregation module,
which performs importance-based aggregation via fully con-
nected layers. Cat(-) denotes the concatenation operator. The
input features Z are projected into Query @, Key K, and
Value V. Note that only K and V are aggregated, while Q
maintains full resolution during attention calculation, signifi-
cantly reducing computational complexity while filtering out
background noise.

“
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Prompt Vectors

i

Figure 3: The Overview of the Domain-Aware Prompt Strategy.

2) Domain-Aware Prompt. To enhance generalization across
diverse medical domains, as illustrated in Fig. 3, we sub-
sequently propose a Domain-Aware Prompt strategy. This
module constructs structured prior knowledge using a set of

four orthogonal prompt vectors P,,,, where m € {«, 3,7,d}.
Specifically, the spatial prompt P,, encodes spatial structures
(2D slices, 3D volumes), the modality prompt Pg charac-
terizes imaging physics (CT, MRI, Fundus), the organ re-
gion prompt P, identifies anatomical regions (e.g., brain,
abdomen, Knee), and the type prompt Ps describes imag-
ing parameters (lung window, soft tissue window, T1/T2 se-
quences). These vectors are initialized as one-hot vectors in-
dicating distinct prompt options. First, each vector is inde-
pendently mapped through a separate MLP to obtain a prompt
embedding. Subsequently, perception parameters c,, are ap-
plied via matrix multiplication to generate specific weight
matrices w,,,. These matrices are then fused into a unified
weight matrix W via element-wise multiplication to capture
the joint distribution of domain attributes. This process is ex-
pressed as follows:

P, € Rim>1
E,, = MLP,,(P,); E,, € R™!
Cm € Rle

W =wy0wsg®w, O ws,

&)

Wy = Emcma
W e R4

where k,, denotes the number of options for prompt type
m, and d denotes the feature dimension of the transformer
block. The unified weight matrix W is integrated into the at-
tention' mechanism through a parametrized bilinear weighting

scheme, formalized as:
QWKT)

Zg = Softmax | ———= | V. 6

s ( Nz (6)

Subsequently, the feature map undergoes r layers of Multi-
Head Self-Attention (MHSA) equipped with these mecha-
nisms, followed by a MLP module. The residual connection
is defined as:

{ % =MHSA (LN(Z5 ") + Z5

7 T r (7)

Zs=MLP (LN(Z%))+ Z
Finally, Zg is reshaped to form semantic feature map, de-
noted as F'g € Re3*hsxws,

Top-down Feature Fusion

We designed a Top-down Feature Fusion strategy, which se-
quentially integrates features from semantic, mid-level, and
low-level representations. Guided by semantic features, this
approach enhances the perception of key regions and facili-
tates cross-layer information complementarity. Specifically,
we first perform the fusion of high-level semantics with mid-
level features. We generate an enhanced representation Fg
by applying convolution and upsampling to the semantic fea-
ture F'g. This generates a gating mask ®g:

w5 o (e (e () <4 (5)

Subsequently, F'j, is modulated by the weights ®g, and the
fused features are obtained as:

~F . N
F, =Fyo0®s+ Fg 9)
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Dataset \ Metric BRISQUE NIQE CNNIQA DBCNN MANIQA TOPIQ Q-Instruct Proposed
Chest.3D SRCCt  0.2234 0.1022  0.4641 0.4675 0.7072 05223  0.2702 0.7325
(CT 3D) PLCCT  0.3926 0.0872  0.4990 0.4882 0.7455 05482  0.4075 0.7616
RMSE|  0.5032 0.7938  0.2530 0.2752 0.1276  0.2321 - 0.1251
LDCTIQA | SRCCT 07466 03999 08661 0.9582 09402 09432  0.7694 0.9732
2023 (CT 2Dy | PLCCT  0.7852 -04398 08866 0.9535 0.9482 08512  0.8583 0.9801
RMSE|  0.1825 25408  0.1036 0.0681 0.0692  0.0882 - 0.0577
SRCCT  0.3259 0.1801  0.5663 0.6532 0.6775 05905  0.4253 0.7195
MRI T1 PLCCT  0.3558 0.2092  0.5886 0.6801 0.6882  0.6238  0.4705 0.7102
RMSE|  0.8082 0.9055  0.5593 0.4339 0.4210  0.5072 - 0.3938
DBI SRCCT  0.2898 02018  0.6231 0.6594 0.8032 07157 03235 0.7572
(MRI T2) PLCCt  0.5011 03072 0.7532 0.7979 0.8259  0.7985  0.4179 0.7836
RMSE|  0.5658 0.6785  0.4411 0.4282 0.4021  0.4283 - 0.4357
DB2 SRCCT  0.8599 03504  0.9012 0.9236 09229 09202  0.6059 0.9305
(MRI T2) PLCCT  0.9013 03927  0.9189 0.9352 0.9402 09315  0.6592 0.9433
RMSE|  0.4076 0.8231  0.3754 0.3185 0.2958  0.3287 - 0.2791
Kaggle DR | SRCCT 06882 03225  0.7842 0.7532 08552 07329 . 04234 0.8722
Fond PLCCT  0.6463 04126  0.7734 0.7449 0.9322  0.6988  0.4019 0.9216
(Fundus) RMSE|  0.4215 0.6988  0.3002 0.3629 0.1795  0.2901 - 0.1702

Table 1: Performance comparison on the Proposed dataset. Best results are highlighted in bold.

The fusion from mid-level to low-level features follows a sim-
ilar process. First, the mid-level feature F'y is aligned with

the low-level feature F', consistent with the previous step,
to compute the weight ®,,. Subsequently, a weighted sum

. R
is performed to obtain the fused feature F'y . Finally, F'5 is
passed through a global average pooling layer and MLP to
generate the final quality score S:

8 =FC; (FCias (FCaso (AvePool (F3 ))))  (10)

where FC,, denotes a fully connected layer with n output
channels. The network is trained using Lo loss.

4 Experiments

4.1 Implementation Details

All experiments were conducted on a server equipped with
an Intel Xeon W-2245 CPU and two NVIDIA RTX A6000
GPUs. The proposed model was implemented using the Py-
Torch 1.10 with Python 3.9. During the training phase, the
batch size was set to 32, and the learning rate was fixed at
2 x 10~%. The model was optimized using the Adam opti-
mizer with a weight decay of 0.05 for a total of 50 epochs.
The dataset was randomly split into training and testing sets
with a ratio of 8:2. To evaluate the generalization capability
across domains, data from all sub-domains were aggregated
to train a unified model. Furthermore, to quantitatively eval-
uate the performance of the proposed method, three widely
used metrics were employed: Spearman Rank Correlation
Coefficient (SRCC), Pearson Linear Correlation Coefficient
(PLCC), and Root Mean Squared Error (RMSE).

4.2 Performance Comparison

To evaluate the performance of the proposed method, we se-
lected seven representative IQA metrics for comparison, in-
cluding traditional methods (BRISQUE [Mittal et al., 2012al,

NIQE [Mittal et al., 2012b]), deep learning methods (CN-
NIQA [Kang et al.; 2014], DBCNN [Zhang et al., 2018al,
MANIQA [Yang et al., 2022], TOPIQ [Chen et al., 2024]),
and the multi-modality large language model Q-Instruct [Wu
et al., 2024]. In the implementation, all comparative IQA
methods were executed using the source codes released by
the authors. The experimental results on domain-specific
datasets, summarized in Table 1, demonstrate that the pro-
posed method consistently outperforms existing IQA met-
rics. Specifically, the method ranks first on Chest-3D, LDC-
TIQA2023, DB2, and Kaggle-DR, and second on DBI, in-
dicating a high degree of consistency with human subjec-
tive perception. Traditional IQA methods relying on hand-
crafted features (e.g., BRISQUE, NIQE) exhibit the poorest
performance due to their limited representational capacity.
In contrast, deep learning-based methods achieve consider-
ably better results, largely attributed to their superior abil-
ity in feature extraction and representation learning. Fur-
thermore, although Q-Instruct has achieved remarkable capa-
bilities in low-level visual image quality assessment through
large-scale fine-tuning, there remains significant room for im-
provement in medical image quality assessment. Notably,
MANIQA, a transformer-based IQA method renowned for
its global feature modeling capability, attains SOTA perfor-
mance on DB1. However, these methods remain inferior
to the proposed method, primarily because they lack cross-
domain adaptive evaluation mechanisms.

4.3 Ablation Study

To investigate the contribution of each individual component,
we conducted ablation experiments separately on the five sub-
sets. The variations include: (1) without the SPAM module
(w/o SPAM); (2) without the MSPM module (w/o MSPM);
(3) without the Adaptive Semantic Perception module (w/o
ASPM); and (4) without multi-level features, using only the
final level (w/o MultiLevel). Table 2 lists the results in terms
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Figure 4: The ranking results of MRI-SR algorithms on two subsets of IXI T1 dataset, according to FRIQA scores and NRIQA scores.

Components All Dataset
SRCC PLCC RMSE
w/o SPAM 0.8005 0.8204 0.2806
w/o MSPM 0.7927 0.8133 0.3032
w/o ASPM 0.7801 0.7974 0.2867
w/o MultiLevel 0.6531 0.6731 0.3760
w/ ALL Comp 0.8308 0.8501 0.2436

Table 2: Average ablation results on the proposed dataset.

of PLCC, SRCC, and RMSE for these variations. It can be
observed that eliminating any quality component leads to a
drop in the final average performance across all datasets, indi-
cating that each component contributes to improving the over-
all performance. In particular, the w/o MultiLevel method
shows a significant performance drop. This emphasizes the
importance of multi-level fusion in medical image quality as-
sessment, as it captures a wider range of distortion charac-
teristics and aligns with the cognitive process of multi-level
visual information fusion and analysis in human vision.

4.4 Performance Evaluation on MRI Image
Super-Resolution Task

An excellent medical IQA method is essential not only for
predicting image quality but also for evaluating medical im-
age reconstruction techniques, such as super-resolution (SR).
FR-IQA methods, known for their robustness, currently dom-
inate SR performance benchmarking. However, their re-
liance on pristine reference images limits their applicabil-
ity in real-world clinical settings, where such references are
often unavailable. Thus, we evaluated the effectiveness of
the proposed method specifically for assessing MRI SR per-
formance. Our experiments benchmarked ten prominent
MRI SR algorithms: Bicubic, ESGAN [Wang et al., 2018],
RDN [Zhang et al., 2018c], FAWDN [Chen et al., 2020],
MambalR [Guo et al., 2024], SRformer [Zhou et al., 20231,
ART [Zhang et al., 2022], RCAN [Zhang et al., 2018b],
SwinIR [Liang er al., 2021], and HAT [Chen et al., 2023].
The gold standards were established using FR-IQA metrics:
Peak Signal-to-Noise Ratio (PSNR) and Structural Similar-

ity Index (SSIM). We selected 400 LR—HR image pairs from
the IXI T1 dataset, which were further divided into two equal
subsets of 200 pairs for separate evaluation using PSNR and
SSIM. As shown in Fig. 4, the quality scores produced by our
NR-IQA method show stronger consistency with those ob-
tained via PSNR and SSIM, successfully distinguish the per-
formance rankings among the different SR algorithms, mir-
roring the rankings derived from PSNR and SSIM. These
results-demonstrate that the proposed method represents a
promising alternative as a no-reference benchmark metric for
medical image super-resolution tasks, particularly in scenar-
i0s where reference images are unavailable.

5 Conclusion

We propose CDMIQA in this paper, a cross-domain percep-
tual image quality assessment method designed to handle the
challenges of heterogeneous quality assessment across di-
verse medical imaging domains. First, we construct a multi-
domain, multi-organ medical IQA dataset annotated by ra-
diologists to enhance generalization ability and serve as a
benchmark. Based on this, CDMIQA incorporates backbone
networks and Hierarchical Perceptual Encoding Modules to
extract and refine multi-level perceptual features while sup-
pressing interference from artifacts and noise. Notably, we
propose Adaptive Semantic Perception Module, which in-
tegrates an Adaptive Attention Allocation mechanism and a
Domain-Aware Prompt strategy to extract semantic features,
dynamically distributes attention to focus on critical regions
while injecting domain-specific priors into the model, thereby
enabling dynamic adaptation across diverse imaging domains
and organs. Finally, a Top-Down Feature Fusion Module is
introduced to aggregate these multi-scale feature representa-
tions under the guidance of semantic information, ensuring
precise and robust quality prediction. Experimental results
on the constructed dataset demonstrate superior performance
and robust generalization of our method. In the future, we ex-
pect to extend CDMIQA into a multi-task learning paradigm
that produces both global quality scores and localized degra-
dation maps to offer superior guidance for clinical diagnosis
and Al-assisted diagnostic technologies like medical image
reconstruction and segmentation.
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