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Abstract. In recent years, artificial intelligence technology has achieved remarkable breakthroughs
in the field of healthcare. CNN, with its powerful image feature extraction capability, has become a
vital technical pillar in the field of medical image analysis. At the model level, this paper systematically
combs the innovative characteristics of typical CNN architectures and their adaptive improvements
in the medical imaging field, clarifying the technological development context. At the application level,
it focuses on four core tasks of medical image analysis, i.e., classification, boundary detection,
registration, and text-integrated analysis. Datasets corresponding to each task and their acquisition
methods are also meticulously organized, providing technical guidance and data support for related
research.
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1. Research Background

In recent years, artificial intelligence technology has demonstrated revolutionary potential in the
healthcare field. Among them, machine learning significantly improves the automation level of
medical image analysis by automatically extracting multi-level features from data to establish
prediction models!!!. As an important branch of machine learning, deep learning can mine potential
pathological feature representations from massive medical imaging data by constructing deep neural
networks with multiple nonlinear transformations. Among numerous deep learning architectures, the
Convolutional Neural Network (CNN) has become the most influential technical framework in
medical image analysis due to its unique local connection and weight sharing mechanisms!?!. This
paper focuses on the technological development of CNN and its medical applications. At the model
level, CNN has undergone continuous evolution from early classic architectures (such as LeNet and
AlexNet) to modern deep networks (such as ResNet and EfficientNet), with core innovations
embodied in network depth optimization, attention mechanism integration, and lightweight designll.
This paper systematically combs the architectural characteristics of these key models and their
adaptive improvements for medical image analysis, providing readers with a clear technological
development context.In terms of medical applications, CNN research mainly revolves around four
core tasks:

(1) Image classification: such as chest X-ray disease classification based on the CheXpert dataset,
focusing on transfer learning strategies (e.g., DenseNet-121)14);

(2) Lesion detection: such as lung nodule detection using the LUNA16 dataset, discussing
optimization methods for frameworks like Faster R-CNN and YOLOD!;

(3) Anatomical structure segmentation: such as brain tumor segmentation based on the BraTS
dataset, studying performance of models like nnUNet in multi-modal MRI!;

(4) Image registration: such as CT registration for DIRLAB dataset, analyzing balance between
accuracy and efficiency of unsupervised methods like VoxelMorph!!.

For each type of task, this paper not only summarizes representative algorithms but also conducts
detailed comparisons of dataset types, scale characteristics, and their impacts on model training.
Medical image analysis faces unique challenges such as small-sample learning, class imbalance, and
annotation noise, making the rational selection and utilization of datasets crucial to solving these
problemsll.
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2. The Birth and Basic Principles of CNN

Following the structure and working principles of biological neurons, McCulloch and Pitts
proposed a simplified McCulloch-Pitts (M-P) neuron model in 1943®). This model, the basic element
of neural networks, paved the way for the development of CNN. Based on the basic neuron, the LeNet
and LeNet-5 models”’ were born, marking the beginning of CNN models. The AlexNet!'%! and
GoogLeNet!!'' models became milestones in CNN history by continuously optimizing CNNU21,
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Fig. 1 The Basic Structure of CNN

2.1 Convolutional Layer

The convolutional layer in CNN achieves feature extraction through the mechanisms of local
connection and weight sharing, and its core operation can be described using strict mathematical
formulas. For a two-dimensional input feature map X € RHin*WinxDin and a convolution kernel K €
RFn>xkwxDinxDout the convolution operation can be expressed as:

Din—1kp—1kyy—1
Y(@,j,d) = Z Z z X(s-i+m—-p,s-j+n—p,c)-K(mn,c,d)+ by,
n=0

c=0 m=0
Here, Y € RHou*WourxDout ig the output feature map, s is the stride, p is the padding, and b is
the bias term for the d-th output channel®. The size of the output feature map is jointly determined
by the input size  (H;,,, W;,,), the convolution kernel size (kp, k,,,), the stride s , and the padding p.
The calculation formula™ is:
VVin + Zp B kw

L PP o

s s
The convolution kernel size (kp, k,,) determines the size of the local receptive field. A larger

convolution kernel can capture broader regional features but will increase the computational load.
The stride s controls the sliding interval of the convolution kernel on the input feature map. When
the stride is greater than 1, it will produce a downsampling effect, significantly reducing the spatial
size of the output feature map. To maintain the consistency of the input and output sizes, a padding
operation is usually adopted. In the "valid" mode, no padding is performed, while in the "same" mode,
symmetric padding is used to make the output size the same as the input size. At this time, the padding
amount needs to satisfy p = |(k, — 1)/2] 31,

The Receptive Field (RF) is an important concept in the CNN, representing the input region range

corresponding to each neuron on the output feature map. RF; of the [-th layer can be calculated by:
-1

RF, = RF_y + (kP — 1) x HS"'

i=1

Among them, k,(ll) is the height of the convolution kernel in the [-th layer, and s; is the stride of
the i-th layer!®. As the network depth increases, the receptive field of deep-layer neurons will expand
exponentially, enabling high-layer neurons to capture semantic information in a larger range of the
input image.

The convolution depth D, is determined by the number of convolution kernels. Each
convolution kernel will perform an independent convolution operation on the input feature map to
generate one channel of the output feature map. In the case of multi-channel input, the depth
dimension D;, of each convolution kernel must match the number of channels of the input feature
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map. By performing convolution operations on all input channels and summing up the results, a
single-channel output feature map is finally generated. By adjusting these parameters, the structure
of the convolutional layer can be flexibly designed to achieve a balance between computational
efficiency and feature expression ability!'4!.

2.2 Pooling Layer

The pooling layer is an important component in CNN. Its main function is to reduce the spatial
size of the feature map through down-sampling, thereby reducing the computational complexity and
enhancing the robustness of the model. The pooling layer realizes the compression of spatial
dimensions by performing aggregation statistics on the local regions of the input feature map.
Common pooling operations include Max pooling!® and Average pooling!!*l. The pooling layer plays
multiple crucial roles in a CNN, and its core values are mainly reflected in the following aspects.
First, the pooling layer significantly improves computational efficiency through dimensionality
reduction. Second, the pooling layer, especially max-pooling, can endow the model with good
translation invariance. By retaining the most prominent features in the local region, the network
becomes more robust to geometric transformations such as small translations and rotations of the
input data. Moreover, the pooling operation also has a certain regularization effect. Since it reduces
the dimension of intermediate features, it objectively suppresses overfitting and enhances the
generalization ability of the model. In addition, as the network depth increases, the stacked use of
pooling layers can gradually expand the receptive field of high-level neurons, enabling them to cover
a larger range of the input image, thus helping to capture more global semantic information. It is
worth noting that although the pooling operation will lose some spatial detail information, this
selective discarding of information instead makes the network pay more attention to discriminative
high-level features. In modern network architectures, although there is a trend of replacing traditional
pooling layers with operations like strided convolutions, the pooling layer, due to its simplicity and
efficiency, remains an indispensable component in many classic models, especially when balancing
computational efficiency and feature robustness!'®l.

2.3 Fully Connected (FC) and Output Layers

The FC layer is a core component in a neural network. Its role is to fully connect all neurons of
the previous layer with each neuron of the current layer, achieving global integration of features and
high-order nonlinear transformations. The mathematical expression is y = o(Wx + b),where x €
R™ is the input feature vector, W € R™*™ is the weight matrix, b € R™ is the bias vector, and o(-) is
the activation function (such as ReLU, Sigmoid). This layer integrates features from all spatial
positions and channels of the previous layer through dense connections, and is suitable for the
decision-making stage of classification tasks. The output dimension can be flexibly adjusted to
achieve dimension transformation of the feature space. However, when the input size is too large, it
is prone to overfitting.

The design of output layer depends on the type of task. For classification tasks, the Softmax output
is suitable for multi-classification, outputting the probability distribution of classes, where K is the
number of classes!'”!:

e’
Pi = W,l = 1, ,K

The Sigmoid output is suitable for outputting the probability of a single node in binary
classification tasks.For regression tasks, the linear output directly outputs continuous values without
an activation function y = wlx + p.['7)

The FC layer maps the local features extracted by the convolutional layer to a global representation,
and the output layer converts it into the prediction form required by the task. Both participate in
backpropagation, and through the chain rule, they achieve the gradient transfer from the loss function
to the low-level features.
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Table 1 Comparison between the FC Layer and the Output Layer

Characteristics FC Layer Output Layer

Feature integration;

dimension transformation Task-adapted prediction

Function

Typical activation functions ReLU/Tanh Softmax/Sigmoid/Linear
Number of parameters Need optimization Small
Task dependence General-purpose Dependent on task type

Table 2 Comparison of Common Activation Functions

Activation Multi- _
Function Class Feature Description
When the input is greater than 0, the output is the same as the input;
ReLU (Rectified Yes when the input is less than or equal to 0, the output is 0. Calculation

Linear Unit) is simple, and can effectively alleviate gradient vanishing problem,
but may cause some neurons to “die”’[18] .
The output range is (0,1), which can map the input to the (0,1)
interval. It is often used in the output layer of binary classification

Sigmoid Yes problems, but it has gradient vanishing problem and high
computational complexity[19] .
Tanh (Hyperbolic The output range is (-1,1), which is a variant of Sigmoid. The output
Tangent Yes  range is more symmetric than that of Sigmoid, also having gradient
Function) vanishing problem[20] .
The output range is (0,1), and the sum of all outputs is 1. It is often
Softmax Yes used in the output layer of multi-classification problems and can

map to a probability distribution[21] .

It is an improved version of ReLU. When the input is less than or
equal to 0, the output is the product of a very small slope and the
input, avoiding the “death problem” of ReL U, but has more
parameters[22] .

When the input is greater than 0, the output is the same as the input;
when the input is less than or equal to 0, the output is a(e”x-1),

Leaky ReLU Yes

ELU (Exponential

Linear Unit) Yes where a is a hyperparameter, which can alleviate the gradient
vanishing problem, but the computational complexity is relatively
high[23] .

SELU (Scaled An improved version of ELU, with self-normalization
Exponential Yes characteristics (can keep mean and variance stable) and relatively
Linear Unit) high computational complexity[24] .

PReLU. An improved version of Leaky ReLU. Slope parameter can be
(Parametric Yes e 2%

learned, and the flexibility is higher, but more parameters[25] .
ReLU)
Table 3 Summary of CNN Structure
Part Name Function Main Characteristics
Tnput Layer Receive input data Image data (height x width x number of
channels)
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Convolutional Use convolutional kernels to slide and
Extract local features
Layer output feature maps
. Down-sample and reduce . .
Pooling Layer dimension Max pooling or average pooling
Activation Layer Introduce non-linearity Apply activation functions element-by-
element
Flatten feature maps for Neurons are fully connected to the
FC Layer . . . .
classification or regression previous layer
Output Layer Output final results Classification or regression tasks
. Measure the difference between Cross-entropy loss for classification,
Loss Function .
model output and true labels mean squared error for regression
. Update network parameters to Update parameters through
Optimizer . : :
minimize the loss function backpropagation

3. Improvements of CNN

In 1998, LeCun et al. proposed LeNet-5, which established the basic architecture of CNN. This
network integrated convolutional layers, pooling layers, and FC layers for the first time and was
successfully applied to the handwritten digit recognition task®. In 2012, AlexNet proposed by
Krizhevsky et al. achieved a breakthrough in the ImageNet competition by introducing ReLU
activation functions, Dropout technology, and multi-GPU parallel training, solving the problems of
gradient vanishing and overfitting!'8l. In 2014, the VGG network developed by Simonyan and
Zisserman adopted 3%3 small convolution kernels and a 16-19-layer deep structure, proving the
performance improvement brought by depth!?®); in the same year, GoogLeNet proposed by Szegedy
et al. achieved parallel parallel extraction of multi multi-scale features through the Inception module,
greatly reducing the number of parameters!'!. In 2015, He et al. proposed ResNet, which broke
through the depth limitation through a residual learning framework and achieved stable training of a
152-layer deep network for the first time!?’]. In 2017, Huang et al. further proposed DenseNet, which
used dense connections to enhance feature reuse !!”). In 2018, significant progress was made in
lightweight architectures for mobile devices: MobileNetV2 by Sandler et al. introduced depthwise
separable convolutions and inverted residual structures!?®], while ShuffleNet by Zhang et al. achieved
efficient computation through group convolutions and channel shuffling!®”). The Deep Residual
Shrinkage Network proposed in 2019 enhanced the noise resistance through soft thresholding
operations®”). In the same year, ESPNetV2, designed specifically for edge devices, significantly
reduced the computational complexity by using depthwise separable dilated convolutions!!, and in
the lightweight direction, FBNet V1 achieved lightweight model optimization through differentiated
neural architecture search!®?,

In 2020, Vision Transformer (ViT) successfully applied the self-attention mechanism to visual
tasks for the first time, leading the transformation of CNN towards a general-purpose architecture 331,
In 2021, Touvron et al. proposed MoCo v3, a self-supervised learning method, further enhancing
performance in unsupervised learning tasks®®*. In 2022, ConvNeXt brought the performance of
traditional CNN close to that of ViT through modernization modifications such as 7%7 large
convolution kernels and LayerNorm!. In 2025, the OverLoCK architecture imitated the human
visual mechanism to achieve long-range dependency modeling!®®l. Recently, methods for
automatically designing neural network architectures have emerged, greatly reducing the impact of
manual intervention. For example, in 2018, Liu et al. proposed Neural Architecture Search7),
evaluate performance through training and gradually optimize the architecture design through
strategies like reinforcement learning, Bayesian optimization.
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Model Improvement
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Figure 2: Classic Models of CNN and Its Variants

4. Applications of CNN in Medicine

In recent years, CNNs have made remarkable progress in medical applications and have become
important tools in the fields of medical image analysis and auxiliary diagnosis. Ker et al.'s 2017
research systematically reviewed the early applications of artificial intelligence in medical imaging!®%.
In 2019, the research team of Han and Deepak et al. supplemented relevant research results from
different perspectives>® **l respectively. Building on previous studies, this paper focuses on sorting
out the latest research progress from 2019 to 2025, mainly concentrating on classification, boundary
determination, registration, and natural language text processing.

4.1 Classification

In medical image classification tasks, CNN, with its powerful feature learning ability, can
effectively distinguish between benign and malignant lesions and achieve automated identification of
multiple diseases. This technology establishes a reliable classification model by extracting multi-level
features of images, providing important auxiliary decision-making support for clinical diagnosis. In
2020, Kandel et al. systematically studied the impact of hierarchical fine-tuning strategies in transfer
learning on classification performance. Through verification with a histopathology dataset, they
found that moderately fine-tuning the top-level network blocks can not only maintain the robustness
of the model but also significantly reduce the computational cost!*!!. Aiming at the clinical difficulty
of brain tumors, in 2021, Irmak innovatively constructed a three-level CNN classification system. By
automatically optimizing hyperparameters through a grid search algorithm, it achieved an accuracy
rate of 92.66% in the five-type tumor classification task, and its performance surpassed traditional
architectures such as ResNet!*?!. In the same year, the Das team introduced a genetic algorithm into
diabetic retinopathy classification, realizing the automated design of key parameters such as the
number of CNN layers and the size of convolution kernels, and achieved an AUC of 0.9933 on the
Messidor dataset!*’],

With the development of technology, new network architectures continue to emerge. In 2022, the
GATE-CNN model proposed by Mishra innovatively integrated the graph attention mechanism. On
three brain tumor MRI datasets, the average accuracy rate reached 98.96%, significantly
outperforming baseline models such as traditional multi-input CNN*4. For time-series signal
classification, in 2022, Huang used fuzzy integration to fuse the decision results of multiple CNN
models and optimized the confidence weights through particle swarm optimization, effectively
improving the single-trial recognition accuracy of motor imagery EEG signals!*’). The combination
of intelligent optimization algorithms and new network architectures has enabled CNN to
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continuously break through performance bottlenecks in medical classification tasks. On this basis, in
2023, Ghosh et al. further optimized the automated network design method and proposed the TPEvo-
CNN model, which innovatively combined differential evolution and genetic algorithms for CNN
architecture search!*’l. At the same time, to the key clinical requirement of model interpretability,
Aswath et al. designed a three-branch self-explanatory TS-CNN. Through the collaborative learning
of global-local-fusion branches, achieving a dual improvement in performance and interpretability in
skin lesion classification task[*”!,

The latest research trends show that model efficiency and multi-modal feature fusion have become
new breakthrough directions. In 2024, the Eff-CTM network proposed by the Liu team
groundbreakingly integrated the advantages of CNN, Transformer, and MLP. Through a multi-stage
feature extraction strategy, while maintaining lightness, it significantly improved the classification
accuracy of diseases such as pneumonia and colon cancer!*®). It is worth noting that in 2025, Amoury
applied particle swarm optimization to brain tumor MRI classification. The PSO-CNN model
obtained through automated architecture search achieved a classification accuracy rate of 99.19%,
pointing out the direction for the development of lightweight and high-precision diagnostic
systems[*’].

Table 4: Datasets Used for Classification

Dataset Year Link Publish  Use
BCIC-IV-2a 2008 Unavailable [64] [45]
ImageNet 2010 Unavailable [62] [41]
Messidor 2014 Unavailable [63] [43]
PatchCamelyon ) . . .
Histopathology 2015 http://www.bioimaging2015.ineb.up.pt/dataset.html - [41]
RIDER 2015 https://doi.org/10.7937/K9/TCIA.2015.VOSN3HNI1 - [42]
REMBRANDT 2015 https://doi.org/10.7937/K9/TCIA.2015.5880ZUZB - [42]
Brain 1 2015 https://doi.org/10.1371/journal.pone.0140381 - [42]
TCGA-LGG 2016 https://doi.org/10.7937/K9/TCIA.2016.LALTD3TK - [42]
Chest-Xray 2018 https://data.mendeley.com/datasets/rscbjbr9s;j/2 - [48]
I sslrélggi g 2018  https://www.cvmart.net/dataSets/detail/729?channel id=op10 [70] [48]
COVID-191 2020 Unavailable [65]  [46]
COVID-192 2020 https://data.mendeley.com/datasets/8h65ywd2jr/3 - [46]
COVID-193 2020 Unavailable [66]  [46]
COVID-194 2020 Unavailable [67]  [46]
Pneumonia 2020 Unavailable [68] [46]
PAD-UFES-20 2020 Unavailable [69]1 [47]
Skin cancer 2001 https ://www.kaggle.cpm/datasets/ fgncomc/ skin-cancer- i [46]
malignant-vs-benign
Chaoyang 2021 https://bupt-ai-cz.github.io/HSA-NRL/ [71] [48]
MRI 1 2021  https://www .kaggle.com/saadalbawi/brain-tumor-mri-dataset - [44]
MRI 2 2021 https://www.kaggle.com/datasets/masoudnickparvar/brain- i [49]

tumor-mri-dataset

4.2 Boundary Detection

In medical image analysis, precise boundary detection is of crucial significance for clinical
diagnosis and treatment. Especially in surgical planning such as tumor resection, accurate delineation
of lesion boundaries directly affects the formulation of surgical plans and treatment outcomes. In
2022, Shi et al. proposed a hybrid method combining multi-channel CNN and fuzzy active contour
model, achieving good robustness in lung tumor segmentation’!. In the same year, to further improve
segmentation performance, Chen’s team developed Posterior-CRF, combining features learned by
CNN with the traditional CRF framework®", Aiming at the limitations of U-Net, Wang et al.
proposed the O-Net hybrid architecture by integrating the advantages of Swin Transformer and CNN,
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making breakthrough on the Synapse multi-organ CT dataset!®?]. With the development of weakly
supervised learning, the ScribFormer model proposed by Li’s team in 2024 innovatively adopted a
three-branch structure, effectively solving the problem of global shape information learning under
scribble annotations!®¥. At the same time, HCT-Unet developed by Fan et al. achieved a Dice
coefficient of 82.23% in multi-organ segmentation tasks and even set a new record of 91% in heart
segmentation'®¥. These studies jointly promote the development of medical image segmentation
technology.

Table 5: Datasets Used for Boundary Detection

Dataset Year Link Publish Use

CT Arteries 2009 https://www.sciencedirect.com/science/article/pii/S1556086415316786 [72] [51]

ISLES 2017 http://refhub.elsevier.com/S1361-8415(21)00356-X/sbref0020 [73] [51]
ACDC 2018 Unavailable [77] [53]
ISIC2017
skin lesion 2018 Unavailable [75] [52]
challenge
MSCMRseg 2019 Unavailable [78] [53]
WMH 2019 http://refhub.elsevier.com/S1361-8415(21)00356-X/sbref0014 [74] [51]
Synapse
multi-organ 2021 Unavailable [76] [52]
segmentation

4.3 Registration

Medical image registration is of great significance in clinical diagnosis and treatment. Especially
in scenarios such as neurosurgical navigation and spinal surgery planning, precise alignment of
anatomical structures directly affects the surgical outcome. Deep learning-based registration methods
can directly learn spatial transformation parameters from image data, significantly improving the
registration efficiency and accuracy, and also demonstrating adaptability to multi-modal images.

In 2022, Song et al. propose a hybrid registration network combining Transformer and CNN by
integrating global and local information through an encoder-decoder architecture!>). On this basis, in
2023, Zhu’s team introduced a similarity attention mechanism and developed a 3D registration
method based on multi-scale CNN, demonstrating excellent robustness in challenging tasks such as
large-range registration of abdominal CTP%). In the same year, the Information Complementary
Network (ICN) proposed by Deng further improved the Dice coefficient by 3% in 3D brain MRI
registration through grid block embedding and dual-path decoder design. At the same time, the
number of folding points was reduced by 50%, significantly improving the smoothness of the
deformation field®”). The demand for real-time performance has promoted the development of
hardware acceleration technologies. Subsequently, aiming at the real-time registration needs in
ultrasound-guided surgery, Aydin’s team developed the FUIR-CNN system based on FPGA
acceleration, providing a feasible solution for real-time intraoperative registrationl>®!,

Table 6: Datasets Used for Registration

Dataset Year Link Publish  Use
Brain 2 2005 Unavailable [80] [56]
OASIS 2007 Unavailable [79] [5575]
Brain 3 2014 Unavailable [81] [56]
Brain 4 2017 Unavailable [82] [56]
Abdominal 2019 https://arxiv.org/abs/1902.09063 - [56]
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Chest 2020  https://www.cancerimagingarchive.net/collection/lidc-idri/ - [56]
LiTS 2023 Unavailable [83] [57]
Breast Ultrasound —,y, ; Unavailable 84]  [58]
Lesions
BUSI 2020 Unavailable [85] [58]
B-Mode Common
Carotid Artery 2023 http://splab.cz/en/download/databaze/ultrasound - [58]

Ultrasound Image

4.4 Natural Language Text Processing

Traditional medical report analysis relies highly on manual reading and annotation, which is
inefficient and subject to subjective bias. In recent years, CNN combined with natural language
processing technology has shown unique advantages in clinical text analysis: Through its hierarchical
feature extraction capability, CNN can effectively capture key diagnostic information in medical texts,
including structured content such as disease characteristics, examination results, and treatment plans.
This automated label extraction technology not only greatly improves the efficiency of clinical data
annotation but also provides a new paradigm for building high-quality medical image-text and related
datasets. In 2019, Yao et al. pioneered the combination of UMLS medical entity embedding with
CNN and verified the effectiveness of the knowledge-guided CNN model in the i2b2 challenge!.
Aiming at the complexity of Chinese medical question answering, in 2020, the Zhang team proposed
a BiGRU-CNN hybrid architecture. By fusing the local feature extraction of CNN and the sequence
modeling advantage of GRU, it achieved a breakthrough improvement in question-answering
matching accuracy on the cMedQA dataset(¢"!,

With the in-depth application of electronic health records (eHR), in 2023, the Yang team
developed two innovative models, AT-CNN and IT-CNN, providing a feasible solution for the real-
time processing of clinical texts [®!). These studies collectively demonstrate the diverse applications
of CNN in medical text processing.
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