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Abstract: Against the background of precision medicine, medical image detection has become a core component of
early disease screening, lesion quantification and therapeutic effect evaluation. Driven by artificial intelligence,
sensor hardware and computational reconstruction algorithms, advanced medical imaging technologies break
through the limitations of traditional equipment in radiation dose, scanning speed and diagnostic accuracy. This
paper sorts out representative cutting-edge directions including medical imaging foundation models,
deep-learning-driven low-dose rapid reconstruction, cross-modal generative imaging, multi-modal image fusion
diagnosis and edge-side distributed intelligent detection. Drawing on the existing technical literature, it analyzes
how these technologies optimize imaging workflows, reduce hardware-dependence and relieve the shortage of
radiologists. Meanwhile, this article interrogates practical bottlenecks including domain shift across devices,
insufficient model interpretability, data privacy risks and clinical validation barriers. The study holds that these
medical image technologies serve only as auxiliary tools for clinicians; final diagnosis still requires physician review.
Exploring interpretable artificial intelligence, small-sample learning and standardized regulatory frameworks will
promote the safe and popularized deployment of new-generation medical imaging solutions.
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1. Introduction

Medical imaging is an indispensable clinical tool for visualizing anatomical structures and pathological changes.
Conventional detection techniques such as computed tomography (CT), magnetic resonance imaging (MRI), X-ray
and ultrasound are widely applied, yet constrained by objective defects: high radiation exposure, long scanning
duration, low sensitivity for tiny lesions and uneven diagnostic capacity between tier-one hospitals and
resource-limited healthcare facilities. In recent years, the integration of high-performance computing and deep
learning has substantially advanced medical image detection, giving rise to a series of advanced technologies
reshaping diagnostic paradigms.

Different from early task-specific medical AI models which require massive annotated data for single-disease
detection, contemporary imaging technologies move toward general-purpose, cross-modal and distributed
intelligence. Such technical evolution bears prominent practical significance under the context of precision
medicine. On one hand, new imaging methods enhance early-stage detection capacity for tumours,
neurodegenerative disorders and cardiovascular diseases. On the other hand, they ease the pressure caused by
insufficient radiological manpower, and support diagnostic capability sinking to primary-care sites.
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Nevertheless, technical innovation does not equal immediate clinical maturity. Medical image intelligence faces
multiple realistic obstacles. Heterogeneous data collected from various scanner brands creates domain shift;
black-box features of deep neural networks bring difficulties in result tracing; patient privacy protection poses
higher requirements for data circulation. Therefore, it is necessary to systematically sort out technical advantages,
clinical values and existing dilemmas of emerging medical image detection technologies, so as to provide references
for subsequent research and industrial transformation.

To facilitate an intuitive overview of the above directions, Table 1 lists several representative medical imaging
models, along with their core techniques, typical applications, key advantages, and current bottlenecks.

Table 1: Representative medical imaging AI models and approaches

Research Direction
Representative Models /

Methods
Core Technology

Main Functions /
Applications

Medical imaging
foundation models

Medical imaging
foundation model

(pre-training + fine-tuning,
e.g., MedSAM, RadFM)

Cross-modal
self-supervised
pre-training

Segmentation / lesion
detection / risk

stratification / diagnostic
report generation

Low-dose rapid
reconstruction

Deep learning-based
low-dose reconstruction
network (e.g., RED-CNN,

DU-GAN)

AI computational
reconstruction

algorithm

Low-dose image
reconstruction, scanning

time reduction

Cross-modal
generative imaging

GAN / Diffusion model (e.g.,
CycleGAN, Stable Diffusion

for medical imaging)
Generative imaging

Modal transformation,
missing image completion

Multi-modal image
fusion diagnosis

Multi-modal feature fusion
network (e.g.,

Attention-based Fusion
Net)

Feature fusion
algorithm

Comprehensive diagnosis
with multi-source image

information

Edge-side distributed
intelligent detection

Lightweight edge detection
model (e.g.,

YOLO-MobileNet,
Tiny-UNet)

Edge computing +
lightweight inference

Real-time lesion detection,
distributed deployment

2. AI-Empowered General Medical Imaging Foundation Models: Breaking Annotation Bottlenecks for Cross-modal
Diagnosis

In traditional medical-image artificial-intelligence research, most models are task-oriented. A dedicated network
needs to be trained separately for lung nodule detection, brain tumour segmentation or breast-lesion recognition.
Such models rely heavily on large-scale manually labelled datasets, and show poor generalization performance
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when facing data from new hospitals or different imaging devices. Medical imaging foundation models represent an
important approach to resolve these pain points [1].

Medical imaging foundation models conduct pre-training on massive unannotated cross-modal datasets covering
CT, MRI, X-ray, pathological digital slices and ultrasound. Through self-supervised learning strategies, the model
automatically learns intrinsic feature patterns of human tissues and lesions without heavy manual marking. After
pre-training, only a small volume of labelled samples are needed for fine-tuning, and the model can rapidly adapt to
diverse downstream tasks: organ semantic segmentation, lesion target detection, risk stratification and preliminary
diagnostic report generation.

From the perspective of cultural-technical analogy, the pre-training-and-fine-tuning mechanism of imaging
foundation models realizes a process similar to "separation-adaptation" in ritual studies: the model departs from
general original imaging feature space in pre-training phase, and enters specialized clinical-task space in fine-tuning.
This greatly cuts labour costs of image annotation andmitigates the shortage of labelled samples for rare diseases.

However, limitations remain. The generalization ability of foundation models is still affected by uneven distribution
of training data. If training datasets lack cases from grassroots hospitals or special ethnic populations, performance
degradation will emerge in real-world deployment. Besides, the logical connection between model feature
extraction and pathological mechanism is not sufficiently explicit, which hinders clinical physicians’ trust in model
outputs [7].

3. Deep-learning-driven Low-dose and Rapid Image Reconstruction: Reducing Physical Burdens of Imaging
Examination

Radiation risk of CT and lengthy scanning time of MRI are long-standing clinical challenges. Deep-learning
reconstruction (DLR) technology provides feasible solutions for these two problems, and has shown promise in early
clinical applications [2].

For CT examination, traditional low-dose scanning will introduce heavy image noise and blur tiny pathological
features. Deep-learning reconstruction algorithms suppress noise and restore edge details from low-dose projection
data. Patients can obtain diagnostic-quality CT images under significantly reduced radiation exposure, which is
especially valuable for paediatric patients and populations requiring repeated follow-up scans [6].

In MRI imaging, traditional full-sampling acquisition requires several to more than ten minutes per examination.
Undersampling combined with deep-learning reconstruction techniques [2] has demonstrated promise in reducing
acquisition time, with research in specific protocols indicating potential acceleration factors of 2–6×. However,
substantial clinical validation of these approaches remains ongoing, and results vary significantly across scanner
vendors, imaging protocols, and anatomical regions. Clinical implementation requires further standardization and
regulatory approval.

It should be noted that reconstruction algorithms carry potential risks of artificial feature generation.
Over-smoothing processing may erase real tiny lesions or create false-positive simulated textures. Clinical
radiologists must remain the final decision-maker when interpreting reconstructed images.

4.Cross-modal Generative Medical Imaging: Modal Conversion and Augmented Data Simulation

Generative artificial-intelligence expands the boundary of medical image detection. Cross-modal generative imaging
can realize bidirectional conversion between different imaging modalities: generating pseudo-CT images from MRI
sequences for radiotherapy planning simulation, or synthesizing virtual MRI images based on CT data. Under
suitable conditions, it avoids repeated multi-modality scanning for patients and lowers cumulative radiation dosage
[3].
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Another vital application lies in medical-dataset augmentation. Rare illnesses suffer from scarcity of real-patient
imaging samples. Generative networks can synthesize high-fidelity simulated lesion images to expand training
datasets, improving model recognition performance for low-incidence diseases. Moreover, generative models can
simulate progressive lesion evolution, helping clinicians observe hypothetical disease progression and assess
potential therapeutic responses.

Even so, generative imaging faces notable constraints. Synthetic images cannot completely replicate complex real
pathological variations. There exists the risk of fabricating non-existent pathological features or concealing real
lesions. Synthetic data also needs strict quality auditing before being used for model training.

5. Multi-modal Image Fusion Detection: From Single-modality Morphology to Multi-dimensional Comprehensive
Evaluation

Single-modality medical images can only reflect partial properties of human tissues. CT excels at displaying bony
structures and high-density lesions; MRI presents soft-tissue details; PET supplies metabolic activity information;
ultrasound captures real-time dynamic changes. Multi-modal image fusion detection technology aligns and jointly
analyses anatomical imaging, functional-metabolic imaging, pathological sections, laboratory test indicators and
genetic data [4].

By integrating multi-source information, fusion detection achieves diagnostic logic beyond simple image
superposition. In oncological diagnosis, it assists tumour staging and micrometastatic-focus identification; in
neurodegenerative disease research, it supports early warning of Alzheimer’s disease before obvious morphological
damages appear. The technical core lies in spatial registration of multi-source images and multi-dimensional
feature fusion algorithms, eliminating information conflicts between different modalities.

Practical barriers include high computational overhead, difficulty in time-space alignment of multi-source data, and
lack of unified evaluation standards for fusion diagnostic outcomes.

6. Lightweight Edge-side Intelligent Detection and Federated Distributed Medical Intelligence: Capability Sinking
under Privacy Constraints

High-performance large medical-AI models originally require cloud-side powerful computing hardware, which
restricts their application in remote resource-limited healthcare sites. Lightweight network models realize model
compression without severe performance loss. They can be deployed locally on portable ultrasound devices, mobile
screening terminals and on-site emergency-care equipment, accomplishing real-time preliminary lesion detection
on edge hardware. Through 5G transmission, local preliminary analysis and remote expert consultation form a
collaborative diagnostic workflow, promoting high-quality imaging services to sink toward primary-care institutions
[5, 8].

In order to resolve data-privacy dilemmas in multi-hospital joint model training, federated learning has become a
critical technical route. Multiple medical institutions participate in model iterative training without exporting
original patient imaging data. Only model parameter updates are transmitted externally, balancing model
optimization and medical-data security.

Non-theoretical challenges cannot be ignored. Edge-device computing power differences will cause model
performance fluctuation; federated learning increases communication overhead; inconsistency of data distribution
among participating hospitals will influence convergence effects of joint training.

7.Conclusion

The medical-image detection technologies reviewed above — imaging foundation models, deep-learning
reconstruction, generative cross-modal imaging, multi-modal fusion diagnosis and edge-side distributed
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intelligence — profoundly transform traditional diagnostic workflows. Table 1 summarizes the key advantages,
limitations and clinical maturity of these five technical directions. These innovations improve detection sensitivity,
reduce examination burdens for patients, and alleviate the gap of diagnostic resources.

Nevertheless, technological advancement cannot bypass realistic constraints: domain shift across heterogeneous
devices, insufficient model interpretability, generative-image simulation risks, data-security requirements and high
thresholds of clinical verification still hinder large-scale standardized promotion. New-generation medical-imaging
artificial-intelligence is positioned as auxiliary support for clinicians rather than diagnostic substitutes.

Looking forward, the development of medical-image detection should advance in three orientations: promoting
interpretable medical-AI research, optimizing small-sample and rare-disease algorithm frameworks, and
constructing unified clinical evaluation and regulatory standards. Only in this way can advanced technologies
steadily translate into tangible clinical benefits for patients.
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