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Abstract: With the rapid development of medical imaging technologies and biopharmaceutical research, a large
amount of high-dimensional and complex medical and biological image data is continuously being generated.
Achieving high-precision anomaly detection under conditions of complex backgrounds and low contrast has become
an important research problem in the fields of intelligent healthcare and drug development. Traditional anomaly
detection methods often struggle to achieve stable and robust detection performance when dealing with issues
commonly present in medical images, such as uneven illumination, complex structures, and insufficient utilization
of frequency information. To address these challenges, this paper proposes a Transformer-based anomaly detection
method for medical and biopharmaceutical images driven by Retinex state-space duality and frequency consensus.
By integrating spatial-domain and frequency-domain features, the proposed method enhances the model’s ability
to perceive complex abnormal structures. Specifically, the method first employs Retinex state-space duality to
decompose medical images into structural and illumination components, thereby strengthening the structural
representation of anomalous regions while reducing interference caused by illumination variations. Subsequently,
a frequency consensus-driven mechanism is introduced to model feature consistency across different scales in the
frequency domain, enabling adaptive enhancement of key anomalous frequency features. On this basis, a global
context modeling framework is constructed by incorporating a Vision Transformer, which captures long-range
dependencies and potential anomalous patterns in medical images, further improving detection accuracy and feature
representation capability. To verify the effectiveness of the proposed method, extensive experiments are conducted
on multiple medical and biopharmaceutical image datasets, and comparisons are made with several mainstream
anomaly detection models. Experimental results demonstrate that the proposed method outperforms the comparison
methods across evaluation metrics, achieving more stable and accurate anomaly detection in complex medical imaging
environments. This approach provides a technically promising solution with potential application value for automated

image analysis in intelligent pharmaceutical inspection and drug development.
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1. Introduction

With the continuous development of medical imaging technology and biopharmaceutical research, a large number

of pharmaceutical images and biological microscopic images are playing an increasingly important role in disease
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diagnosis [1], drug development [2], and biological experimental analysis. For example, in scenarios such as
pathological slide analysis, cellular structure observation, and evaluation of drug efficacy, image data has become
an important source of information for supporting medical research and clinical decision-making [3]. However,
medical and biopharmaceutical images often exhibit characteristics such as complex structures, low contrast, uneven
illumination, and large variations in the scale of abnormal regions. As a result, traditional image analysis methods
that rely on manual experience or shallow features struggle to achieve stable and high-precision anomaly detection,
which to some extent limits the development of intelligent healthcare and automated biopharmaceutical analysis [4].
In recent years, with the advancement of deep learning technologies, visual models based on convolutional neural
networks and Transformers have achieved significant progress in the field of medical image analysis. Nevertheless,
existing methods still face several key challenges when processing medical and biological images, such as the
interference of illumination variations with structural information representation, insufficient utilization of frequency-
domain information, and limited capability of models to capture global anomalous patterns. These issues can
negatively affect the accuracy and robustness of anomaly detection [5].

To address the above challenges, researchers have gradually begun to explore image modeling methods that
integrate multi-domain information, aiming to enhance the model’s perception of complex anomalous patterns by
combining spatial structural features with frequency features. However, in the task of medical and biopharmaceutical
image anomaly detection, several critical problems remain to be solved, including how to effectively suppress the
interference caused by illumination variations [6], how to mine stable and discriminative frequency features, and how
to strengthen the representation of anomalous regions while maintaining the capability of global semantic
understanding [7]. Therefore, constructing a unified anomaly detection framework that integrates structural
information, frequency information, and global contextual relationships is of great significance for improving the
level of intelligence in medical and biopharmaceutical image analysis [8].

Based on the above research background and challenges, this paper proposes a medical and biopharmaceutical
image anomaly detection method that integrates Retinex state-space duality, a frequency-domain consensus-driven
mechanism, and a Vision Transformer. First, the illumination and structural components of the image are separated
and reconstructed through Retinex state-space dual modeling, thereby enhancing the structural representation of
anomalous regions while reducing the impact of illumination variations. Subsequently, a frequency-domain consensus-
driven mechanism is introduced to model the consistency relationships among features at different scales in the
frequency space, so as to strengthen discriminative frequency information. On this basis, the self-attention mechanism
of the Vision Transformer is utilized to model global features, enabling the capture of potential long-range
dependencies and anomalous patterns in medical images. Through the collaborative modeling of multi-domain
information, this study aims to improve the accuracy and robustness of anomaly detection in medical and
biopharmaceutical images, providing an effective technical approach for automated image inspection in intelligent
medical imaging analysis and biopharmaceutical research.

The main contributions of this paper are as follows.

(1) First, this study introduces a Retinex state-space duality mechanism to alleviate the challenges of
anomaly detection caused by the coupling of uneven illumination and structural information in medical and
biopharmaceutical images. Based on traditional Retinex decomposition, the illumination component and
structural component are modeled in a dual manner within the state space, enabling the coordinated
representation of brightness variations and tissue texture features. In this way, illumination interference can be
suppressed while the structural information of anomalous regions is enhanced. This mechanism improves the
structural representation capability of images during the feature extraction stage and provides more stable and
discriminative feature representations for subsequent Transformer-based models, thereby improving the
accuracy and robustness of anomaly detection in medical and biopharmaceutical images.

(2) Second, this paper proposes an FCD (Frequency Consensus-Driven) mechanism to enhance the model’s
perception of critical frequency features in medical images. The proposed approach models the consistency
among features at different scales in the frequency domain, enabling the extraction of stable and discriminative
frequency information from the image and strengthening the saliency of anomalous regions in frequency

representations. At the same time, the frequency consensus mechanism guides the model to focus on consistent
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frequency patterns during feature learning, reducing the interference of noise and irrelevant information. This
process provides a more stable and effective frequency representation for the global feature modeling of the
Transformer, thereby further improving the accuracy and robustness of anomaly detection in medical and
biopharmaceutical images.

(3) Third, Vision Transformer (ViT) is incorporated into the model framework to enhance the global
modeling capability for complex anomalous patterns in medical and biopharmaceutical images. Unlike
traditional convolutional neural networks that mainly rely on local receptive fields, ViT captures long-range
dependencies in images through the self-attention mechanism, enabling a more comprehensive understanding of
overall structures and potential anomalous features. In this study, ViT is combined with the Retinex state-space
duality mechanism and the frequency consensus-driven mechanism, allowing the model to jointly integrate
spatial structural information and frequency feature representations. As a result, the proposed framework
improves the recognition ability for subtle anomalous regions and further enhances the accuracy and robustness
of anomaly detection in medical and biopharmaceutical images.

The logical structure of this paper is organized as follows.

In Section 2, we introduce the related work and provide an overview of previous studies in this field,
including their advantages and limitations. In Section 3, we present the main methodology of this paper,
including the Retinex state-space duality mechanism, the FCD (Frequency Consensus-Driven) frequency-
domain consensus mechanism, and the Vision Transformer (ViT) module. In Section 4, we discuss the
experimental results, including comparative experiments and ablation studies, and provide visualization
analyses. Finally, in Section 5, we present the discussion and conclusions, where the limitations of the proposed

method are analyzed, the main findings are summarized, and future research directions are outlined.

2. Related Work

In recent years, with the continuous development of medical imaging technology and biopharmaceutical
research [9], medical and biopharmaceutical data have played an increasingly important role in disease
diagnosis [10], pathological analysis, and drug development processes [11]. Through the automated analysis of
microscopic images, pathological slice images, and various types of medical imaging data [12], it is possible to
effectively improve the efficiency of disease identification and reduce the subjectivity associated with manual
diagnosis [13]. Therefore, how to utilize data science and deep learning methods to accurately identify abnormal
regions in medical and biopharmaceutical images has become an important research direction in the field of
intelligent medical image analysis. Especially in imaging environments characterized by complex tissue
structures, low contrast, and strong noise interference, anomaly detection technology is of great significance for
improving the accuracy and reliability of medical image analysis.

In related studies, traditional anomaly detection methods for medical and pharmaceutical images mainly rely
on manually designed features, such as texture features, morphological features, and statistical features,
combined with machine learning models such as support vector machines and random forests for classification
and recognition. These methods achieved certain success in early medical image analysis; however, due to the
complex and diverse structures of medical and biological images, handcrafted features are often insufficient to
fully represent the deep semantic information contained in images, which limits their detection performance to
some extent [14]. With the development of deep learning technology, medical and pharmaceutical image
analysis methods based on convolutional neural networks have gradually become mainstream. Through end-to-
end feature learning, these approaches can effectively improve the accuracy of anomaly detection. For example,
network architectures such as ResNet and U-Net have been widely applied in biopharmaceutical classification
and segmentation tasks, achieving significant progress in tumor detection, cell recognition, and pathological
image analysis [15]. However, convolutional neural networks mainly rely on local receptive fields during
feature extraction, and their ability to model long-range dependencies in images is limited, which to some extent
affects the model’s overall understanding of complex anomalous structures.

To further improve the capability of biopharmaceutical image analysis, researchers have proposed various

deep learning methods for tasks such as anomaly detection, image segmentation, and object recognition, aiming
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to enhance the level of automation in medical image analysis. Dalmonte et al. proposed a Q-Former
Autoencoder framework [16], which utilizes a pretrained visual foundation model as the feature extractor and
employs a Q-Former structure as a bottleneck module to aggregate multi-scale features, while incorporating
perceptual loss to improve reconstruction quality, thereby enabling unsupervised medical image anomaly
detection. The advantage of this method lies in its ability to effectively leverage the high-level semantic
representation capability of pretrained foundation models and achieve satisfactory anomaly detection
performance without requiring large amounts of labeled data. However, the method still relies primarily on
reconstruction error for anomaly identification, which limits its sensitivity to complex structural anomalies or
subtle abnormal regions. In addition, it lacks sufficient modeling of frequency-domain information and
illumination variations. To address the challenges of complex structures and multi-scale feature representation in
medical images, Alrfou et al. proposed the GC-UNet network [17], which introduces a Global Context Vision
Transformer into both the encoder and decoder to integrate global self-attention with local feature modeling,
thereby improving the accuracy of medical image segmentation. The method achieved good segmentation
performance on multiple medical datasets. However, the study mainly focuses on medical image segmentation
tasks, and its capability to identify potential abnormal regions in anomaly detection scenarios remains limited.
Moreover, the model primarily emphasizes spatial structural feature learning and lacks systematic modeling of
frequency features and illumination variations. In terms of improving the efficiency of medical image
processing, Martinez et al. approached the problem from the perspective of computational architecture and
proposed a medical image processing method based on Processing-in-Memory (PIM) [18]. On a real PIM
hardware platform, they implemented several fundamental algorithms, including convolution, threshold
processing, and histogram computation, thereby significantly reducing the computational bottleneck caused by
data movement. This study is of great significance for improving the efficiency of medical image processing.
However, its primary focus lies in computational efficiency and hardware architecture optimization, and the
enhancement of high-level semantic understanding and anomaly detection capability in medical images still
depends on subsequent algorithmic models. Focusing on the problem of drug recognition in the
biopharmaceutical field, Sachin et al. proposed a hybrid deep learning framework that combines YOLOv12n for
pill detection and ConvNeXt-Tiny for multi-attribute classification [19], while introducing a metadata validation
mechanism to achieve high-precision pill recognition and attribute prediction. This method demonstrates high
accuracy and robustness in drug recognition tasks. However, its research mainly focuses on object detection and
classification scenarios and pays limited attention to the identification of abnormal regions in complex medical
images. In addition, its feature modeling primarily relies on spatial-domain information. Based on the
development of object detection technology, Qomariah et al. further utilized the YOLOv8 model to perform
automatic pill counting tasks and evaluated the model performance under different training epochs [20].
Experimental results show that YOLOVS achieves high accuracy and good generalization capability in real-time
detection tasks. Nevertheless, this method mainly targets the detection and counting of regular objects and still
has limited capability in detecting abnormal regions with complex structures and blurred boundaries in medical
and biological images.

Overall, although current anomaly detection methods for medical and biopharmaceutical images have made
significant progress in deep learning and visual modeling, they still face limitations in suppressing illumination
variation interference, modeling the consistency of frequency-domain features, and achieving collaborative
representation of spatial and frequency information. Particularly in complex medical imaging environments,
how to enhance the structural representation of anomalous regions while improving global modeling capability,
and how to fully exploit frequency-domain information to strengthen feature discriminability, remain important
research problems worthy of further investigation. Therefore, it is necessary to construct a unified framework
that integrates Retinex-based structural enhancement, frequency-domain feature modeling, and the global
representation capability of Transformers, in order to further improve the performance and robustness of

anomaly detection in medical and biopharmaceutical images.
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3. Method

To effectively improve the accuracy and robustness of anomaly detection in medical and biopharmaceutical
images, this paper proposes a multi-domain feature modeling method that integrates Retinex state-space duality,
an FCD (Frequency Consensus-Driven) mechanism, and a Vision Transformer. As shown in Figure 1. The
proposed method first separates and enhances the structural and illumination information in images through
Retinex state-space dual modeling, thereby reducing the influence of illumination variations on the recognition
of anomalous regions. Subsequently, a frequency consensus-driven mechanism is introduced to explore stable
consistency among multi-scale features in the frequency domain, thereby strengthening discriminative frequency
features. On this basis, the self-attention mechanism of the Vision Transformer is utilized to model global
features and capture long-range dependencies within images. Through the collaborative modeling of spatial-
domain information, frequency-domain information, and global semantic representations, the proposed method
can more effectively characterize potential anomalous patterns in medical and biopharmaceutical images,

thereby improving the overall anomaly detection performance.
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Figure 1. Overall algorithm architecture.

3.1. Retinex State-Space Duality

As shown in Figure 2, in the task of anomaly detection in medical and biopharmaceutical images, images
are often affected by factors such as uneven illumination, complex tissue structures, and differences in imaging
devices, which may cause the structural information of abnormal regions to be obscured by brightness
variations. To address this issue, this paper proposes a Retinex state-space duality modeling method based on the
Retinex theory. By collaboratively modeling the illumination component and structural component of the image
within a state-space framework, the proposed approach enhances the structural representation of anomalous
regions while suppressing illumination interference. First, according to the classical Retinex imaging model, the
input image can be expressed as the multiplicative relationship between the reflectance component and the
illumination component:

1(x,9)=R(x.y)- L(x, y)

Here, I(x,y) represents the observed intensity of the input medical image at the pixel location (x,y), R(x,y)
denotes the reflectance component that reflects the structural and texture information of tissues, and L(x,y)
represents the illumination component, describing the brightness variations in the imaging environment. To
facilitate subsequent modeling, a logarithmic transformation is applied to this model to obtain an additive
representation:

log/(x,y)=logR(x, y)+logL(x.y)

Here, logR(x, ) represents the expression of structural information in the logarithmic space, while logL(x,y)
denotes the logarithmic representation of illumination information. Through this transformation, the
multiplicative coupling relationship can be converted into a linearly separable form, providing a foundation for

state-space modeling. Furthermore, in order to describe the dual relationship between illumination and structure
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within a dynamic feature space, this paper constructs a Retinex state-space model:
s,=As,_ ,+Bu, +e¢,
y,=Cs,+n,

Here, s, denotes the latent state vector at the ¢ feature layer, which represents the joint state of structure and
illumination; A is the state transition matrix that describes the evolution relationship of states across different
layers; u, represents the input feature vector; B is the input control matrix; C is the observation matrix; and y,
denotes the output feature representation. €, and x, represent the process noise and observation noise,
respectively. Through the above state-space modeling, the variation relationship between image structure and
illumination can be dynamically described in a multi-layer feature space. To achieve dual enhancement between
the structural component and the illumination component, this paper further introduces a structure—illumination

coupling constraint function:

1 2 ype 2
Ldual = fg // VR(XJ’)_ @ 2 \% I(l,]) // dxdy
@L)eQ

Here, Q denotes the image spatial region, VR(x,y) represents the gradient operator of the reflectance
component used to extract structural edge information, V?I(i,j) denotes the Laplacian operator of the input
image reflecting the local variation intensity of the image, and | Q| represents the number of pixels within the
region. This constraint enables the reflectance component to focus more on structural variations in the image,
thereby enhancing the boundary representation of anomalous regions. On this basis, in order to further improve
the stability of structural information, this paper designs a structural enhancement function:

R ()= Rep)
1+4 Zf: ]| VL(x,) ‘

Here, R"(x,y) represents the enhanced structural component, / is a regularization parameter used to control

the degree of illumination suppression, K denotes the number of multi-order gradient scales, and V*L(x,y)
represents the gradient variation of the illumination component at the & scale. This formulation enables adaptive
suppression of brightness disturbances in regions with significant illumination variations, thereby strengthening
the representation of true structural information. Finally, in order to integrate the Retinex state-space dual

representation with deep feature extraction, this paper defines the final feature mapping function:
N
F.= zai ¢i(R* (x,y)) +ﬁi'/’i( L(an/))
i=1

Here, F

and y,(-) represent the structural feature mapping function and the illumination feature mapping function,

. Tepresents the Retinex dual feature representation, N denotes the number of feature layers, ¢, (")
respectively, and «; and S, are learnable weight parameters used to balance the contributions of structural and
illumination information. Through the above Retinex state-space dual modeling, the model is able to achieve the
collaborative representation of structural information and illumination information at the feature level, thereby
more effectively highlighting the structural characteristics of anomalous regions in complex medical and

biopharmaceutical imaging environments.

3.2. Frequency Consensus-Driven

As shown in Figure 3, in medical and biopharmaceutical image anomaly detection tasks, abnormal regions
are often accompanied by texture variations, structural mutations, and inconsistencies in local frequency
distributions. Therefore, relying solely on spatial-domain features is insufficient to fully capture the underlying
anomalous information. To address this issue, this paper proposes a Frequency Consensus-Driven (FCD)
mechanism, which models the consistency relationships among multi-scale features in the frequency domain to
enhance discriminative frequency representations. Specifically, for an input feature map F(x,y), a two-
dimensional Discrete Fourier Transform (DFT) is applied to project the spatial-domain features into the

frequency domain, resulting in the spectral representation:

ux vy )

x=0 y=
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Figure 2. Diagram of Retinex model algorithm.

Here, F(x,y) denotes the feature value of the spatial-domain feature map at position (x,y), and F (u,v)
represents the complex spectral representation at the frequency coordinate (i, v) in the frequency domain. H and
W denote the height and width of the feature map, respectively, and j is the imaginary unit. Through this
transformation, the energy distribution characteristics of the image at different frequency scales can be obtained.
To measure the importance of different frequency components, this paper defines a frequency energy response

function:

A 2 A 2
E@.v)= [(RE@)) +(3(Fw )

Here, E(u,v) denotes the magnitude energy at the frequency (i, v), while R(-) and 3() represent the real and
imaginary parts of a complex number, respectively. This formulation reflects the contribution of different
frequency components to the structural representation of the image. To further explore the consensus
relationships among multi-scale frequencies, this paper introduces a frequency-domain consensus function:

1 & E, (u,
C(u,v)zfz‘ £(Y)
Kk:] z E (l ~)2
wpea k]

Here, C(u,v) denotes the consensus strength at the frequency location (v, v), K represents the number of

multi-scale feature levels, £, (u,v) denotes the frequency energy response at the k scale, and Q represents the
entire frequency space region. This formulation performs consistency alignment of frequency energies across
different scales through a normalization operation, thereby highlighting frequency patterns that exhibit stable
responses across multiple scales. To further enhance the contribution of key frequency features to anomaly
detection, this paper additionally designs a frequency-domain weight modulation function:

exp (yC(u, v))
D ipea® (1CE))

Here, W(u,v) denotes the frequency weight coefficient, and y is a temperature regulation parameter used to

W(u,v)=

control the smoothness of the weight distribution. Through the Softmax normalization mechanism, this function
assigns larger weights to frequency components with higher consensus strength, thereby enhancing their
contribution to feature reconstruction. Finally, the frequency-domain consensus feature representation is

obtained through a frequency-domain weighted reconstruction mechanism:

A J2r ﬂ|m
Foy(x,0)= ﬂ W (u, V) F (1, v)E 5%
Q
Here, F (x,y) denotes the reconstructed spatial-domain feature representation obtained through the frequency
consensus-driven mechanism, W (u, v)is the frequency weighting function, and F (u, v) represents the spectral feature.
This process is equivalent to performing a weighted inverse Fourier transform on the frequency-domain features,

allowing frequency components with high consensus to dominate the reconstructed representation.
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3.3. Vision Transformer

As shown in Figure 4. In this study, a Vision Transformer (ViT) module is introduced into the overall
framework. Through the self-attention mechanism, global modeling of image features is performed, thereby
enhancing the model’s ability to perceive potential anomalous regions. Specifically, for the input feature map
FeR™"C where H, W, and C denote the height, width, and number of channels of the feature map,
respectively, the feature map is first divided into N image patches of size P x P. These patches are then linearly
embedded to obtain a sequence representation.

=E - vec(F,)+p;

Here, F, € R”*7* denotes the i image patch, vec(-) represents the vectorization operation, E € R”*? is the
learnable embedding matrix, D denotes the embedding dimension, and p, is the positional encoding vector used
to preserve the spatial position information of each patch in the original image. Through this process, the input
sequence Z,={z,,z¢,...,zy } can be obtained. In the Transformer encoder layer, global modeling of the sequence
features is first performed through the Multi-Head Self-Attention (MHSA) mechanism, whose basic

computation form is given as follows:

oK'
N

Attention(Q, K, V)= Softmax

Here, Q=2W,, K=ZW, and V=ZW, denote the query matrix, key matrix, and value matrix, respectively,
where W,, Wy, and W, e R”*% are learnable parameter matrices, and d, represents the dimension of the key
vectors. The term \/d: serves as a scaling factor to prevent excessively large inner-product values that may lead
to gradient instability. To further enhance the model’s representation capability, ViT adopts a multi-head
attention mechanism, in which the outputs of multiple attention heads are concatenated:

MSA(Z)=Concat (headl, head,, ..., headh)WO

Here, head, = Attention(ZW/}, ZW},ZW ) denotes the output of the i attention head, 4 represents the number
of attention heads, and W, is the output projection matrix. Through the multi-head mechanism, correlations
among image features can be captured from different subspaces. Subsequently, in each Transformer encoder
layer, a Feed Forward Network (FFN) is employed to further enhance the feature representation capability:

FEN(x)=0(xW ,+b, W, +b,

Here, x denotes the input feature vector, ¥, and W, are learnable weight matrices, b, and b, represent the
bias terms, and o(-) denotes the nonlinear activation function. This structure enhances the discriminative
capability of the features through nonlinear mapping. To improve the stability of the model, ViT introduces
residual connections and layer normalization in each encoder layer, and the update process can be expressed
as follows:

Z,.,=Z,+MSA (LayerNorm(Z,)) +FFN(LayerNorm(Z,))
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Here, Z, denotes the input feature representation of the / layer, and Z,,, represents the updated feature
representation. LayerNorm(-) denotes the layer normalization operation, which is used to stabilize the training
process. By stacking multiple Transformer encoder layers, the model can progressively capture the global
dependency relationships among image patches. Finally, the obtained global feature representation can be

expressed as:

i=1
Here, Z; denotes the feature representation of the i image patch in the output of the L Transformer layer, N

represents the number of image patches, and F, is the final global feature vector. This global representation can

vit
effectively integrate long-range structural information in medical and biological images, thereby enhancing the
model’s capability to identify complex anomalous regions and providing richer and more discriminative feature

representations for subsequent anomaly detection modules.
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Figure 4. Diagram of Vision Transformer model algorithm.

4. Experiment
4.1. Experimental Environment

All experiments were conducted on a machine equipped with an Intel Xeon Gold 6230 CPU running at 2.10
GHz, 256 GB of RAM, and an NVIDIA Tesla V100 GPU with 32 GB of memory. The operating system used
was Ubuntu 20.04. The models were implemented in Python using PyTorch (version 1.12.1), along with
supporting libraries such as NumPy and SciPy for mathematical computations and data processing. The training
and testing of the models leveraged the GPU for efficient matrix operations and parallelized data handling.
Hyperparameter tuning was performed using a grid search, exploring different configurations for learning rates,
batch sizes, and attention head numbers. The final models were trained using a batch size of 512, a learning rate
0f 0.001, and 8 attention heads over 12 transformer layers. The models were trained over 100 epochs, with early

stopping applied if no improvement was observed in the validation loss after 10 consecutive epochs.

4.2. Experimental Data
e ¢PillID Dataset [21]

The ePillID dataset is a low-shot fine-grained benchmark designed for pill identification tasks. It contains
images of various pharmaceutical pills with subtle visual differences in shape, color, imprint, and size. The
dataset focuses on scenarios where only a limited number of labeled samples are available per class, making it

suitable for evaluating few-shot and fine-grained recognition models. Due to the high similarity among pill
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categories and the limited training samples, ePillID presents a challenging benchmark for developing robust pill

identification and classification algorithms.
e C3PI RXxIMAGE Dataset [22]

The C3PI RXIMAGE dataset is a pharmaceutical image dataset used for pill identification and medication-
related visual analysis. It contains images of prescription pills collected from clinical and pharmaceutical
information systems. The dataset includes diverse pill appearances with variations in color, texture, imprint, and
lighting conditions. It is commonly used to evaluate computer vision methods for pill recognition, classification,
and medical image analysis tasks, supporting the development of intelligent pharmaceutical information

retrieval and verification systems.
o Pill Defect Dataset [23]

The Pill Defect dataset is designed for pharmaceutical quality inspection and defect detection tasks. It
contains images of pills with both normal and defective samples, where defects may include cracks, chipping,
surface contamination, deformation, or manufacturing inconsistencies. The dataset is often used to evaluate
machine learning and deep learning methods for automated industrial inspection, particularly in pharmaceutical

manufacturing environments where accurate and reliable quality control is essential.
e PillQC Dataset [24]
The PillQC dataset is a pharmaceutical pill quality control dataset developed for detecting defects in pill

production processes. It includes images of pills with different types of anomalies such as scratches, breakages,
irregular shapes, and surface imperfections. The dataset is intended to support research on automated defect
detection using deep learning and anomaly detection methods, helping to improve the reliability and efficiency

of pharmaceutical manufacturing quality assurance systems.

4.3. Evaluation Metrics

e Precision (P)
Precision measures the proportion of correctly predicted positive samples to all samples predicted as
positive. In medical applications, this reflects the framework’s ability to generate accurate diagnostic labels or

relevant responses without including irrelevant or incorrect information. The formula is as follows:
TP
- TP+FP

TP: True positives (correctly identified findings or answers).

P

FP: False positives (incorrectly identified findings or answers).
A high precision score is vital in medical scenarios where false positives can lead to unnecessary tests,

treatments, or patient anxiety.
e Recall (R)

Recall quantifies the proportion of correctly predicted positive samples out of all actual positive samples. In
medical contexts, it assesses the framework’s ability to capture as many relevant findings as possible. The

formula is as follows:
TP
" TP+FN

FN: False negatives (missed findings or incorrect omissions)

R

Recall is especially critical in medical diagnostics, where missed diagnoses (false negatives) can have severe

consequences for patient outcomes.
e F1-Score (F1)

F1-Score provides a harmonic mean of precision and recall, balancing these two aspects in scenarios where
there is a trade-off. This metric is particularly relevant for evaluating medical tasks like diagnostic classification

or report generation, where both precision (accuracy of findings) and recall (completeness of findings) are

equally important.
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P-R
P+R
A high Fl-score indicates that the framework can maintain a robust balance between precision and recall,

F1=2

making it well-suited for complex multimodal tasks.
e Accuracy (Acc)
Accuracy measures the proportion of correctly predicted samples out of the total number of samples. In the

context of this study, accuracy serves as a baseline metric for assessing overall performance across various datasets.
TP+ TN
TP+ TN+ FP+FN
TN: True negatives (correctly rejected irrelevant findings).

Acc=

4.4. Experimental Comparison and Analysis

From the experimental results presented in Table 1 and Figure 5, it can be observed that the proposed
method achieves significantly better performance than other comparative methods on both medical and
biopharmaceutical image datasets, ePilllD and C3PI RXIMAGE, demonstrating the clear advantages of the
proposed model in anomaly detection tasks. On the ePilllD dataset, the proposed method achieves the best
results across all four evaluation metrics. Specifically, the Accuracy reaches 94.27%, which represents an
improvement of approximately 12.01 percentage points compared with the best-performing comparative
method, X Liu et al., which achieves 82.26%. In terms of Precision, the proposed method attains 94.86%,
improving by 11.75 percentage points over 83.11%. For the Recall metric, the proposed method reaches
93.52%, which is 12.05 percentage points higher than 81.47%. Regarding the comprehensive evaluation metric
Fl-score, the proposed method achieves 94.18%, representing an improvement of 11.90 percentage points
compared with the second-best method, which achieves 82.28%. These results indicate that the proposed
method has clear advantages in terms of accuracy and stability when identifying anomalous samples, enabling it
to more effectively capture complex abnormal features in medical images. On the C3PI RxXIMAGE dataset, the
proposed method also demonstrates a significant performance advantage. The experimental results show that the
proposed method achieves 92.64%, 93.31%, 91.87%, and 92.58% in Accuracy, Precision, Recall, and F1-score,
respectively, all of which are the highest among the compared methods. Compared with the best-performing
baseline method, X Liu et al. (with Accuracy of 84.62% and Fl-score of 84.69%), the proposed method
improves Accuracy by approximately 8.02 percentage points and Fl-score by approximately 7.89 percentage
points. Furthermore, compared with other methods such as Y Lee et al. (Accuracy 74.34%, Fl-score 74.46%)
and B Wang et al. (Accuracy 77.43%, F1-score 77.46%), the proposed method demonstrates a more pronounced

overall performance advantage.

Table 1. Comparative analysis experiment demonstration for ePillID Dataset and C3PI RxIMAGE Dataset.

Datasets

Method ePillID C3PI RxIMAGE

Accuracy Precision Recall F1 Accuracy Precision Recall F1

YY Ou et al. [25] 62.48 63.15 61.27 62.2 65.81 66.42 64.39 65.39
Y Lee et al. [26] 78.12 79.04 77.42 78.22 74.34 75.12 73.81 74.46
Y Chen et al. [27] 68.53 67.59 69.91 68.73 71.07 70.15 72.24 71.18
X Liu et al. [28] 82.26 83.11 81.47 82.28 84.62 85.48 83.91 84.69
M Xu et al. [29] 71.64 72.32 70.86 71.58 68.29 69.04 67.62 68.32
BW et al. [30] 75.11 75.84 74.39 75.11 77.43 78.19 76.74 77.46
Ours 94.27 94.86 93.52 94.18 92.64 93.31 91.87 92.58
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Figure 5. Visual comparison of experiments conducted on the ePillID Dataset and C3PI RxXIMAGE Dataset [25-30].

From the experimental results presented in Table 2 and Figure 6, it can be observed that the proposed
method achieves the best performance on both the Pill Defect and PillQC medical and biopharmaceutical image
datasets, significantly outperforming existing methods across multiple evaluation metrics, which fully verifies
the effectiveness and stability of the proposed approach in anomaly detection tasks [31]. On the Pill Defect
dataset, the proposed method achieves the highest results across all four evaluation metrics. Specifically, the
Accuracy reaches 94.13%, representing an improvement of 10.87 percentage points compared with the best-
performing comparative method X Liu et al., which achieves 83.26% [32]. In terms of Precision, the proposed
method attains 94.82%, improving by 10.67 percentage points over 84.15%. For the Recall metric, the proposed
method reaches 93.26%, which is 10.69 percentage points higher than 82.57% [33]. Regarding the
comprehensive evaluation metric F1-score, the proposed method achieves 94.03%, representing an improvement
of 10.68 percentage points compared with the second-best method, which achieves 83.35%. In addition,
compared with other methods such as Y Lee et al. (Accuracy 79.54%, Fl-score 79.27%) and B Wang et al.
(Accuracy 75.19%, Fl-score 75.42%), the proposed method also demonstrates clear performance advantages.
[34] These results indicate that the proposed model has stronger feature representation capability and higher
recognition accuracy in pharmaceutical defect image anomaly detection tasks. On the PillQC dataset, the
proposed method also demonstrates stable and significant advantages. The experimental results show that the
proposed method achieves 92.57%, 93.19%, 91.64%, and 92.41% in Accuracy, Precision, Recall, and F1-score,
respectively, all of which are the highest among the compared methods. Compared with the best-performing
baseline method X Liu et al. (with Accuracy of 84.73% and Fl-score of 84.85%), the proposed method
improves Accuracy by approximately 7.84 percentage points and Fl-score by approximately 7.56 percentage
points. Furthermore, compared with other methods such as Y Lee et al. (Accuracy 76.15%, Fl-score 76.15%)
and B Wang et al. (Accuracy 78.61%, Fl-score 78.63%), the proposed method also maintains a clear overall
performance advantage.

Considering the experimental results across the four datasets, it can be observed that the proposed method
achieves the best or significantly leading performance across all evaluation metrics and demonstrates strong
stability and generalization ability across different datasets. This indicates that the proposed Retinex state-space
duality, FCD frequency-domain consensus-driven mechanism, and Vision Transformer global modeling strategy
effectively enhance the model’s capability to represent structural features and frequency characteristics of
anomalous regions in medical and biopharmaceutical images [35]. Meanwhile, the incorporation of global
contextual modeling further improves the accuracy and robustness of anomaly detection, enabling more reliable

and efficient anomaly detection performance in complex medical image environments [36].
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Table 2. Comparative analysis experiment demonstration for Pill Defect Dataset and PillQC Dataset.

Datasets

Method Pill Defect Pil1QC

Accuracy Precision Recall F1  Accuracy Precision Recall F1

YY Ou et al. [25] 64.31 65.28 63.44 64.35 68.22 68.91 67.13 68.01
Y Lee et al. [26] 79.54 80.42 78.16 79.27 76.15 77.03 75.29 76.15
Y Chen et al. [27] 71.87 72.43 70.92 71.67 73.49 74.21 72.56 73.38
X Liu et al. [28] 83.26 84.15 82.57 83.35 84.73 85.62 84.09 84.85
M Xu et al. [29] 67.42 68.19 66.83 67.5 65.94 66.57 64.88 65.71
BW et al. [30] 75.19 76.34 74.52 75.42 78.61 79.45 77.82 78.63
Ours 94.13 94.82 93.26 94.03 92.57 93.19 91.64 92. 41
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Figure 6. Visual comparison of experiments conducted on the Pill Defect Dataset and PillQC Dataset [25-30].

From the efficiency analysis results presented in Table 3 and Figure 7, it can be observed that the proposed
method not only achieves superior detection performance on the ePilllD and C3PI RxIMAGE datasets but also
demonstrates clear advantages in computational efficiency and model complexity, highlighting the lightweight
characteristics of the proposed approach [37]. This fully indicates the high efficiency and practical deployability
of the proposed method in real-world medical and biopharmaceutical image anomaly detection tasks. On the
ePillID dataset, the training time of the proposed method is 92.46 s, which is approximately 36.45 s shorter than
Y Chen et al. (128.91 s) and 72.06 s shorter than X Liu et al. (164.52 s). Compared with Y Lee et al., which has
the highest computational overhead (185.67 s), the training time is reduced by 93.21 s, demonstrating
significantly higher training efficiency [38]. In terms of inference time, the proposed method requires only
104.38 ms, which is considerably lower than YY Ou et al. (168.12 ms), Y Lee et al. (192.45 ms), and
B Wang et al. (186.21 ms). Compared with the relatively competitive method Y Chen et al. (154.37 ms), the
inference time is further reduced by approximately 49.99 ms, indicating that the model can achieve faster
real-time detection in practical deployment scenarios. In addition, regarding computational complexity, the
proposed method requires only 12.17 G FLOPs, which is significantly lower than other methods, such as Y
Chen et al. (20.84 G), X Liu et al. (2532 G), and Y Lee et al. (28.16 G), representing a reduction in
computational cost of nearly 40%—60%. In terms of model parameter size, the proposed method contains only
136.52 M parameters, which is significantly smaller than Y Lee et al. (276.41 M), B Wang et al. (265.82 M), and
X Liu et al. (242.79 M). Even compared with the closest model in parameter size, Y Chen et al. (184.26 M), the
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proposed method reduces the parameter scale by 47.74 M. Similar efficiency advantages are also observed on
the C3PI RXIMAGE dataset. The training time of the proposed method is 95.83 s, which is significantly lower
than Y Chen et al. (134.57 s), X Liu et al. (172.18 s), and Y Lee et al. (196.84 s). In terms of inference time, the
proposed method requires only 108.72 ms, demonstrating a substantial speed advantage compared with
159.82 ms (Y Chen et al.) and 198.27 ms (Y Lee et al.). Meanwhile, regarding computational complexity, the
proposed method requires 13.41 G FLOPs, which is significantly lower than those of other methods, such as
21.36 G, 26.84 G, and 29.53 G. In terms of parameter scale, the proposed method contains only 141.26 M
parameters, which is considerably smaller than 254.31 M (X Liu et al.) and 288.17 M (Y Lee et al.), further
demonstrating the efficiency and lightweight design of the proposed model [39].

Table 3. Comparative demonstration of efficiency analysis experiments for ePilllD Dataset and C3PI
RxIMAGE Dataset.

Datasets
ePillID C3PI RxIMAGE
Method
Training Inference Flops Para. Training Inference Flops Para.
Time (s) Time (ms) (G) M) Time (s) Time (ms) (G) ™M)
YY Ou etal. [25] 142.34 168.12 22.47 215.38 155.62 174.53 24.19 228.64
Y Lee et al. [26] 185.67 192.45 28.16 276.41 196.84 198.27 29.53 288.17
Y Chen et al. [27] 128.91 154.37 20.84 184.26 134.57 159.82 21.36 191.53
X Liu et al. [28] 164.52 179.84 25.32 242.79 172.18 185.46 26.84 25431
M Xu et al. [29] 151.28 163.59 23.61 221.54 162.34 167.91 24.72 230.42
BW et al. [30] 176.43 186.21 26.94 265.82 188.75 191.04 27.48 271.69
Ours 92.46 104.38 12.17 136.52 95.83 108.72 13. 41 141. 26
Training Time (s) Inference Time (ms)
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Figure 7. Visual comparison of efficiency analysis experiments for the ePillID Dataset and C3PI RXIMAGE
Dataset [25-30].
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From the efficiency analysis results presented in Table 4 and Figure 8, it can be observed that the proposed
method also demonstrates clear computational efficiency advantages on the Pill Defect and PillQC datasets [40].
The proposed method outperforms existing comparative methods across multiple indicators, including training
time, inference speed, computational complexity, and model parameter scale, further verifying that the proposed
model maintains strong detection performance while also exhibiting favorable lightweight characteristics and
practical deployment value. On the Pill Defect dataset, the training time of the proposed method is 92.34 s,
which is significantly lower than that of other methods. For example, Y Chen et al. requires 125.48 s,
M Xu et al. requires 148.91 s, X Liu et al. requires 162.37 s, B Wang et al. requires 174.56 s, and Y Lee et al.
reaches 187.64 s. Compared with the relatively efficient method Y Chen et al., the proposed method still reduces
the training time by 33.14 s, and compared with Y Lee et al., which has the largest training overhead, the
training time is reduced by 95.30 s, demonstrating substantially higher training efficiency. In terms of inference
time, the proposed method requires only 105.17 ms, which is significantly lower than Y Chen et al. (156.93 ms),
X Liu et al. (178.41 ms), B Wang et al. (184.62 ms), and Y Lee et al. (194.27 ms). Compared with the relatively
competitive method Y Chen et al., the inference speed is improved by approximately 51.76 ms, indicating that
the model can achieve faster real-time inference in practical detection scenarios. Furthermore, regarding
computational complexity (FLOPs), the proposed method requires only 11.42 G, which is substantially lower
than other methods, such as 20.27 G (Y Chen et al.), 25.19 G (X Liu et al.), and 28.31 G (Y Lee et al.),
representing a reduction in computational cost of approximately 40%—60%. In terms of model parameter scale,
the proposed method contains only 135.86 M parameters, which is significantly smaller than Y Lee et al.
(274.52 M), B Wang et al. (262.14 M), and X Liu et al. (243.85 M). Even compared with the relatively
lightweight model Y Chen et al. (182.16 M), the proposed method still reduces the parameter size by 46.30 M.
On the PillQC dataset, the proposed method maintains a consistent efficiency advantage. The training time is
96.71 s, which is significantly lower than 132.54 s (Y Chen et al.), 175.62 s (X Liu et al.), and 196.81 s
(Y Lee et al.). In terms of inference time, the proposed method requires only 109.43 ms, whereas other methods
generally range between 161.47 ms and 198.34 ms, indicating that the proposed method achieves higher
real-time performance during the inference stage. Regarding computational complexity, the proposed method
requires 12.87 G FLOPs, which is significantly lower than 21.84 G (Y Chen et al.), 26.73 G (X Liu et al.), and
29.57 G (Y Lee et al.). In terms of model parameter scale, the proposed method contains only 142.24 M
parameters, whereas other methods generally range from 188.73 M to 286.19 M.

Table 4. Comparative demonstration of efficiency analysis experiments for Pill Defect Dataset and
PillQC Dataset.

Datasets
Method Pill Defect Pil1QC

Training Inference Flops Para. Training Inference Flops Para.

Time (s) Time (ms) (G) ™M) Time (s) Time (ms) (G) ™M)

YY Ou et al. [25] 134.12 162.58 21.46 192.34 145.27 168.91 23.15 204.62
Y Lee et al. [26] 187.64 194.27 28.31 274.52 196.81 198.34 29.57 286.19
Y Chen et al. [27] 125.48 156.93 20.27 182.16 132.54 161.47 21.84 188.73
X Liu et al. [28] 162.37 178.41 25.19 243.85 175.62 185.06 26.73 251.94
M Xu et al. [29] 148.91 165.24 23.48 218.67 158.43 172.18 24.62 227.35
BW et al. [30] 174.56 184.62 26.85 262.14 186.29 190.73 2791 273.46
Ours 92.34 105. 17 11.42 135.86 96.71 109.43 12.87 142.24
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Figure 8. Visual comparison of efficiency analysis experiments for the Pill Defect Dataset and PillQC Dataset
[25-30].

Considering the efficiency analysis results across all four datasets, it can be observed that the proposed
method significantly reduces computational complexity and model size while maintaining high detection
accuracy, and it substantially shortens both training and inference time. These results indicate that the proposed
Retinex state-space duality modeling, frequency-domain consensus-driven mechanism, and Vision Transformer-
based feature modeling strategy effectively improve feature representation efficiency while reducing redundant
computation. As a result, the proposed approach achieves a strong balance between high accuracy and high
efficiency in medical and biopharmaceutical image anomaly detection tasks, demonstrating strong potential for
practical applications.

From the ablation study results presented in Table 5 and Figure 9, it can be observed that the three key
modules proposed in this work—the Vision Transformer (ViT) architecture, Retinex state-space dual modeling,
and the FCD (Frequency Consensus-Driven) mechanism—all play important roles in improving the overall
performance. These modules work collaboratively and jointly contribute to the performance enhancement of the
model in medical and biopharmaceutical image anomaly detection tasks. On the ePilllD dataset, when the ViT
module is removed, the model performance drops significantly, with Accuracy reaching only 64.27%, Precision
65.13%, Recall 63.48%, and Fl-score 64.29%. Compared with the full model, which achieves Accuracy of
94.27% and F1-score of 94.18%, the performance decreases by 30.00 and 29.89 percentage points, respectively.
This indicates that global contextual modeling plays a critical role in extracting anomalous features from
pharmaceutical images. When the Retinex module is removed, the model performance decreases but still
maintains a certain level, with Accuracy of 82.56% and F1-score of 82.53%, representing decreases of 11.71 and
11.65 percentage points compared with the full model. This result demonstrates that the Retinex state-space dual
modeling effectively enhances the separation of image structure and illumination information, thereby
improving the representation capability of anomalous regions. When the FCD frequency consensus-driven
module is removed, the model performance further decreases to Accuracy of 73.18% and F1-score of 73.24%,
representing reductions of 21.09 and 20.94 percentage points compared with the complete model, indicating that
frequency-domain consistency constraints play an important role in stabilizing feature representation and
enhancing anomaly detection capability. A similar trend is also observed on the C3PI RXIMAGE dataset. When
the ViT module is removed, the model achieves Accuracy of 62.81% and F1-score of 62.72%, whereas the full
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model reaches Accuracy of 92.64% and Fl-score of 92.58%, indicating a performance drop of nearly 30
percentage points, which highlights the critical role of Transformer-based global dependency modeling in
understanding complex pharmaceutical image structures. After removing the Retinex module, the model
achieves Accuracy of 78.34% and Fl-score of 78.28%, representing decreases of 14.30 percentage points in
both metrics compared with the full model. When the FCD module is removed, the model obtains Accuracy of
75.62% and F1-score of 75.70%, approximately 17 percentage points lower than the complete model, indicating
that frequency-domain information makes an important contribution to modeling complex textures and
structural features. On the Pill Defect dataset, the complete model achieves the best results with Accuracy of
94.13% and F1-score of 94.03%, whereas the w/o ViT version reaches only Accuracy of 66.42% and F1-score of
66.26%, representing a performance drop of more than 27 percentage points. The w/o Retinex version achieves
Accuracy of 80.17% and F1-score of 80.17%, decreasing by approximately 14 percentage points, while the w/o
FCD version obtains Accuracy of 69.45% and F1-score of 69.53%, representing a decrease of approximately 24
percentage points. On the PillQC dataset, a consistent trend is also observed. The complete model achieves
Accuracy of 92.57% and Fl-score of 92.41%, whereas the w/o ViT version reaches only Accuracy of 61.35%
and F1-score of 61.10%. The w/o Retinex version achieves Accuracy of 84.62% and F1-score of 84.43%, while
the w/o FCD version obtains Accuracy of 71.94% and F1-score of 71.98%.

Ablation: ePilllD Ablation: C3PI RxIMAGE

Accuracy Precision Recall F1 Accuracy Precision Recall F1

Ablation: Pill Defect Ablation: PillQC

Accuracy Precision Recall F1 Accuracy Precision Recall F1

== wloViT w/o Retinex -4~ w/o FCD =@= Ours

Figure 9. Visualization of ablation experiments on four datasets.

Considering the ablation study results across all four datasets, it can be observed that removing any key
module leads to a noticeable performance degradation. Among them, the ViT module contributes the most to
global semantic modeling, the Retinex state-space dual modeling effectively enhances the separation of image
structure and illumination information, and the FCD frequency consensus-driven mechanism improves the
stability and robustness of feature representation through frequency-domain consistency constraints. The
collaboration of these three modules enables the complete model to achieve Accuracy and F1-score above 90%
on all datasets, significantly outperforming all ablated versions, thereby fully demonstrating the effectiveness

and rationality of the overall framework design proposed in this work.
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Table 5. Results of Ablation Studies on Four Datasets.

Datasets
Module ePillID C3PI RxIMAGE

Accuracy  Precision Recall F1 Accuracy  Precision Recall F1
w/o ViT 64.27 65.13 63.48 64.29 62.81 63.54 61.92 62.72
w/o Retinex 82.56 83.41 81.67 82.53 78.34 79.12 77.45 78.28
w/o FCD 73.18 72.46 74.03 73.24 75.62 74.83 76.59 75.7
Ours 94.27 94.86 93.52 94.18 92.64 93.31 91.87 92.58

Pill Defect PillQC

Accuracy Precision Recall F1 Accuracy Precision Recall F1

w/o ViT 66.42 67.18 65.37 66.26 61.35 62.04 60.19 61.1
w/o Retinex 80.17 81.04 79.32 80.17 84.62 85.37 83.51 84.43
w/o FCD 69.45 68.72 70.36 69.53 71.94 71.12 72.86 71.98
Ours 94.13 94.82 93.26 94.03 92.57 93.19 91.64 92.41

5. Discussion and Conclusions

This paper focuses on the task of anomaly detection in medical and biopharmaceutical images and proposes
an anomaly detection framework that integrates Retinex state-space duality, a frequency consensus-driven
(FCD) mechanism, and a Vision Transformer. Through the collaborative effects of spatial structure
enhancement, frequency feature modeling, and global contextual relationship learning, the proposed framework
improves the model’s ability to recognize anomalies in complex medical imaging environments. The
experimental results demonstrate that the proposed method achieves superior performance compared with
several mainstream deep learning approaches across multiple medical image datasets, indicating that the method
can effectively enhance the performance of anomaly detection in medical and biopharmaceutical images.
Although the proposed method achieves promising results in the experiments, several limitations still exist.
First, the Retinex state-space dual modeling and the frequency consensus-driven mechanism increase the
computational complexity of the model to some extent. In scenarios involving high-resolution medical images
or large-scale datasets, this may introduce additional computational overhead, potentially affecting the real-time
performance of the model. Second, this study mainly validates the proposed method on publicly available
medical image datasets, whereas medical images in real clinical environments often involve more complex
imaging conditions and a wider variety of anomaly types. Therefore, the generalization capability of the model
across different devices, imaging modalities, and cross-institutional datasets still requires further investigation.
In addition, the proposed method primarily focuses on image-level anomaly detection and does not yet consider
joint modeling of medical images with other modalities such as clinical information or genomic data. This
limitation may restrict the potential application of the model in comprehensive medical analysis tasks.

Therefore, future research is needed to explore more efficient anomaly detection methods with stronger
generalization capabilities. Further improvements can be pursued from several perspectives. On the one hand,
lightweight network architectures or model compression techniques can be introduced to reduce computational
complexity, enabling the model to better adapt to real-time medical detection scenarios. On the other hand,
multimodal medical data fusion methods can be explored to jointly model medical images, clinical text, and
bioinformatics data, thereby improving the model’s ability to comprehensively understand complex disease
characteristics. Furthermore, self-supervised learning or pretraining with foundation models could also be
incorporated to further enhance the model’s generalization ability and practical application value across

different medical scenarios.
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