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Abstract

The advancements in deep learning algorithms for medical image analysis have garnered significant attention in recent years. While several studies
have shown promising results, with models achieving or even surpassing human performance, translating these advancements into clinical practice
is still accompanied by various challenges. A primary obstacle lies in the availability of large-scale, well-characterized datasets for validating the gen-
eralization of approaches. To address this challenge, we curated a diverse collection of medical image datasets from multiple public sources, con-
taining 105 datasets and a total of 1,995,671 images. These images span 14 modalities, including X-ray, computed tomography, magnetic reso-
nance imaging, optical coherence tomography, ultrasound, and endoscopy, and originate from 13 organs, such as the lung, brain, eye, and heart.
Subsequently, we constructed an online database, Medlmg, which incorporates and systematically organizes these medical images to facilitate
data accessibility. MedImg serves as an intuitive and open-access platform for facilitating research in deep learning-based medical image analysis,
accessible at https://www.cuilab.cn/medimg/.
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Introduction

Medical imaging is an indispensable means to localize lesions
and aid in the diagnosis and treatment of diseases [1], in which
image interpretation to draw clinical conclusions is typically
carried out by physicians. The computer-assisted diagnosis sys-
tem emerges to expedite the diagnosis process and reduce the
false positive/negative outcomes due to variations in expertise
[2]. With the vast advantage of automated feature learning and
extraordinary performance, deep learning techniques have be-
come widely popular in the field of medical image analysis, in-
cluding image classification for differentiating between
diseased and normal individuals [3-5], organ or lesion detec-
tion to identify the small lesion region within a full image
[6,7], image segmentation to partition an image into multiple
segments for localization or quantification analysis [8-10], and
registration for aligning more images across different modali-
ties or time points into one coordinate system [11,12].
Numerous methods have been developed with impressive per-
formance, particularly in image classification and segmenta-
tion. For example, Zhu et al. proposed an automatically
evolutionary dense convolutional network (DenseNets) named
medical image classification via ensemble bio-inspired evolu-
tionary DenseNets (MEEDNets) [13], which outperforms
other state-of-the-art methods in differentiating between acute
respiratory infectious patients and non-infected individuals, as
well as classifying three types of brain tumors; another model
using a single convolutional neural network (CNN) for classi-
fying skin cancer and benign nevi has demonstrated perfor-
mance comparable to that of dermatologists [4]. One of the
clinical applications demonstrating excellent performance is
open-source artificial intelligence (Al) radiotherapy image seg-
mentation (OSAIRIS) [14], which precisely segments the can-
cerous region from the healthy organ before radiotherapy and
enables specialists to plan radiotherapy treatments twice as
quickly. Despite the explosion of studies focused on applying
deep learning algorithms to medical images, transferring these
models into clinical practices remains challenging [15]. One of
the primary obstacles is the scarcity of large-scale available im-
age data, which are crucial for training, validating, and testing
optimal algorithms.

Several databases gathering a wealth of medical images
have been presented. The Cancer Imaging Archive (TCIA)
[16] shares more than 30 million radiology images of cancers
from around 37,568 subjects, organized by the National
Cancer Institute (NCI). Recently, NCI Cancer Research Data
Commons (CRDC) has released a new data repository,
Imaging Data Commons (IDC) [17], co-locating cancer imag-
ing collections, including TCIA, with cloud-based computing
resources and data analysis tools. The Open Access Series of
Imaging Studies (OASIS) [18,19] platform includes abundant
neuroimaging datasets with diverse modalities, covering
3059 subjects. The Alzheimer’s Disease Neuroimaging
Initiative (ADNI, http://adni.loni.usc.edu) database collects
magnetic resonance imaging (MRI) and positron emission to-
mography (PET) images from over 1700 individuals with
cognitive impairment or Alzheimer’s disease. OpenNeuro
[20] enables users to openly share brain initiative data and
have integrated 1066 datasets involving more than 40,000
participants across multiple modalities. Other online plat-
forms, such as the National Institute of Mental Health Data
Archive (NDA, https://nda.nih.gov/) and the Image and Data
Archive (IDA) [21,22], also integrate brain-related images
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and support their registered users to share their research
data. A national chest imaging database (NCCID) [23] com-
prises a diverse collection of chest images from over 7000
patients, accompanied by detailed clinical information. This
database was developed to improve healthcare delivery for
acute respiratory infectious patients. Furthermore, there are a
fraction of Al algorithm-related competitions publishing
large-scale image datasets, e.g., musculoskeletal radiographs
(MURA) containing 40,561 multi-view radiographic X-ray
(XR) images from 14,863 studies and 12,173 patients [24].
Similarly, large online platforms like Kaggle (http://www.kag
gle.com) and Grand Challenge (https://grand-challenge.org/)
host data science competitions, which facilitate the develop-
ment of Al algorithms and store a wealth of medical image
datasets. Notably, Grand Challenge features various chal-
lenges specifically addressing medical problems, making it a
valuable resource for researchers accessing medical image
datasets. However, we observed that most of these datasets
or databases primarily focus on individual organs/diseases, or
single imaging modalities, which hinders the advancement of
generalized deep learning models. It is quite necessary to de-
velop a comprehensive and specialized platform encompass-
ing a wide range of medical images from diverse modalities,
organs, and geographic areas.

For this purpose, we proposed MedImg, an online medical
image database that integrates diverse medical image datasets
from multiple public sources. MedImg organizes all available
data by organ and imaging modality, allowing users to easily
browse, retrieve, and download all images. Moreover, for
each dataset, the platform provides detailed information and
sample images for preview. The MedImg online database can
be freely accessed at https://www.cuilab.cn/medimg/.

Data collection and overview
Data collection and integration

This work aims to provide a comprehensive collection of
medical images to support advancements in deep learning-
based medical image analysis. Considering data privacy and
ethics concerns, we utilized the keyword of “medical image”
to search for publicly licensed medical image datasets.
Besides, datasets that only contain scalar data are excluded.
Ultimately, 105 datasets meet the inclusion criterion and are
downloaded, primarily derived from Grand Challenge and
Kaggle, platforms known for hosting Al technique-related
competitions. Of these, 84 datasets include well-annotated
labels, although not all medical image analysis tasks require
annotations. In addition, these datasets were built between
2007 and 2024, with a majority established after 2015. This
timeframe aligns with the surge in deep learning applications
for image analysis, which, in turn, has driven the release of
more medical image data. The details of all included datasets
are summarized in Table S1, such as dataset name, data type,
image format, modality, organ, number of image files, and
deep learning task.

Data statistics and summary

These datasets cover various modalities, including XR, com-
puted tomography (CT), and MRI. As shown in Figure 1A,
XR is the most prevalent modality in medical image datasets,
comprising one-fourth of the total data. XR offers a more
cost-effective and accessible form to visualize the internal
structure of the body compared to CT and MRI. Other
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A. The distribution of imaging modalities of datasets. The most frequent modalities covered by these datasets are XR, CT, and MRI. B. The distribution of
datasets across organs. The medical images in Medlmg are mainly focused on the lung and brain. C. The distribution of analysis tasks of the medical
images. Image classification and image segmentation are the most common tasks. D. Distribution of the number of image files per dataset. XR, X-ray;

CT, computed tomography;
coherence tomography.

MRI, magnetic resonance imaging; US,

common types of medical images, such as histopathology
slide (HS), ultrasound (US), endoscopy (ES), optical coher-
ence tomography (OCT), and electrocardiography (ECG),
are also represented. Moreover, video and audio data of con-
tinuous disease monitoring are included as well. Figure 1B
shows that the lung, brain, breast, kidney, liver, prostate, and
skin are the primary organs of focus in medical image analy-
sis. These organs are frequently affected by complicated pre-
cancerous conditions and cancers, which represent a leading
cause of death [25], and as such, motivate the growth of
cancer-related images involving all body parts. On the other
hand, numerous datasets containing images of the heart, eye,

ultrasound; HS, histopathology slide; ES, endoscopy; OCT, optical

and knee are also available, since imaging technologies are
the primary means of lesion detection for these organs. Table
1 provides an overview of datasets from various modalities
for each organ. It can be observed that the heart shows the
most data modalities, including CT, ECG, MRI, and US, ex-
cept for those datasets with mixed or unclear sources.
Additionally, the number of image files per dataset varies sig-
nificantly across modalities and organs (Figure S1). More
specifically, the median number of files per dataset exceeds
10,000 for ECG and dermatology images, while video data-
sets show a median closer to 100. Among organs, skin data-
sets exhibit the highest median number of files, while liver
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Table 1 Summary of datasets organized by modalities and organs
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Organ Modality File count No. of datasets Format Task
Brain CT 5519 2 ipg, png Classification, segmentation
EEG 1297 1 csv Regression
MRI 18,499 7 jpg, nii Classification, detection, segmentation
Breast MRI 104,851 2 dem Classification, segmentation
Us 1048 2 bmp, png Classification
XR 2700 2 jpg, pgm Classification
Eye FP 3235 2 ipg, ppm Classification
OCT 2073 3 jpg, mat Segmentation
Heart CT 205 1 jpg Classification
ECG 50,551 2 hea Classification
MRI 50 1 nii Segmentation
UsS 47,098 N avi, nii, png Classification, segmentation
Kidney CT 15,654 4 jpg, nii Classification, detection, segmentation
Knee MRI 736 1 pck Classification
XR 13,292 3 ipg, png Classification
Liver CT 50 1 mhd Segmentation
Us 7 1 mp4 Tracking
Lung CT 270,584 6 dem, jpg, mhd, nii, png Classification, detection, segmentation
MRI 253 1 nii Classification
XR 620,532 18 jpg, png Classification, detection, segmentation
Prostate MRI 7575 2 mha, nii Regression, segmentation
Skin SKIN 36,182 2 ipg Classification
Teeth XR 3653 1 png Classification
Whole body CT 133,338 4 dem, png, tif Classification, detection, registration, regression
Others CT 746 1 nii Segmentation
DEV 1205 2 ipg, png Classification
ES 121,874 4 jpg, tif Segmentation
HS 487,110 15 bmp, hdfS, jpg, png, tif Classification, detection, registration, segmentation
uUs 2839 1 png Segmentation
XR 6629 2 dem, jpg Classification, detection
Audio 36,201 5 hea, jpg, wav, webm Classification
Video 85 1 avi Regression

Note: CT, computed tomography; EEG, electroencephalogram; MRI, magnetic resonance imaging; US, ultrasound; XR, X-ray; OCT, optical coherence
tomography; ECG, electrocardiography; DEV, device; ES, endoscopy; HS, histopathology slide; FP, fundus photography.

datasets have the lowest number. For different deep learning
tasks, the pipeline of preprocess, structure of model, and im-
age annotation are totally distinct [26]. As depicted in
Figure 1C, over half of the datasets are employed for the im-
age classification task, followed by segmentation accounting
for 32%, which are the two most common deep learning
tasks in medical image analysis. The remaining data are
designed to perform lesion detection, regression, and image
registration tasks. The number of image files in different
datasets ranges from 7 to 327,680, with the distribution of
number of image files in each dataset shown in Figure 1D. A
large dataset is essential for training an excellent deep learn-
ing model [27]. Of these datasets, 35% (37 datasets) contain
over 5000 image files and 23% (24 datasets) hold more than
10,000 images. In sum, we incorporated a relatively compre-
hensive medical image repository with a coverage of 14 mo-
dalities, 13 organs, 1,995,671 images.

Database implementation and utility

In order to provide researchers with an intuitive and efficient
manner to access all the data, we established an online data-
base, which stores and organizes all medical images in a hier-
archical structure. This allows users to quickly browse,
search, and download images. The MedImg database (https:/
www.cuilab.cn/medimg/) is deployed based on Apache
Tomcat server. The front end is implemented with Hypertext
markup language 5 (HTMLS) and Cascading style sheets
level 3 (CSS3); the interactive function and visualization are

implemented with jQuery; and the back end is powered by
Python Django framework. In addition, we implemented a
regular data update checking mechanism to keep up with the
updates of the included datasets. The Medlmg database can
be accessed from multiple devices such as personal computer
and mobile phones without registration.

The MedImg online database features four main pages, in-
cluding “Home”, “Search”, “Browse”, and “Download”
pages. A brief introduction related to MedImg and its update
information are contained in the “Home” page. The naviga-
tion tree on the left side of the “Browse” page is organized by
data type (i.e., images, videos, and series), medical imaging
modality (CT, MRI, OCT, etc.), and organ successively, as il-
lustrated in Figure 2A. The checkboxes in the front of naviga-
tion terms enable users to batch obtain certain types of
datasets. When the user clicks on a leaf of the navigation tree,
the right side of this page presents the details and several rep-
resentative samples of the corresponding dataset (Figure 2B).
The detailed information includes a brief introduction for
this dataset, the data format, sample size, organ, source, sta-
tus of annotation, and last updated date. Moreover, we offer
users access to various relevant open-source deep learning
codes compatible with the current dataset. Figure 2B exhibits
the preview results of different datasets in image, audio, and
video formats, respectively. Moreover, this dataset can be
downloaded from either the detail panel or by clicking
“Download Selected” in the left navigation area. The
“Search” page enables users to quickly find medical images
of interest (Figure 2C). Users can directly input a keyword in

920z Aieniga4 0| Uo Jasn SyD'Jejus) onewojulolg @ olwouas) Aq /058£Z8/8901ezb /s z/8101ue/qdb/woo dno oiwapede//:sdiy Wwoll papeojumod


https://www.cuilab.cn/medimg/
https://www.cuilab.cn/medimg/

Zhong B et al / MedIlmg: A Database of Medical Images

A

4[] @ series
. EEG
- ECG
4-[] @8 Heart
£ PTB-XL ECG dataset
€ China Physiological Signal Challenge in
& AUDIO
4 W & Images
& SKIN
“ i HS

4w @ Others

€ Histology dataset

B Image

CoNIC2022 [
i Yoes ot sbeea 238 s source: rand hatnce

For the challenge, we will be using the Lizard dataset, which is the current largest
known publicly available dataset for instance segmentation in Computational
Pathology. The dataset consists of Haematoxylin and Eosin stained histology
mages at 20x objective magnification (~0.5 microns/pixel) from 6 different data
sources. For each image, an instance segmentation and a classification mask is

provided

Medical Image Segmentation is a computer vision task that involves dividing an

medical image into multiple segments, where each segment represents a different

S ACROBAT2022

object or structure of interest

mage. The goal of medical image

Video

& VISEM Video Dataset ] L
[ vioeo [ otrer | [ Not Labeled ] & fies | source: Kaggle]

A multimodal video dataset of human spermatozoa

S WSSS4LUAD

segmentation is to provide

and accur

ically for the pt

representation of the objects of

diagnosis, treatment

€ Glas MICCAI 2015 Gland Segmentation
£ Chromosome karyotype Images
& Colorectal Histology MNIST
£ CoNIC2022
£ Malaria Bounding Boxes
£ Nuclei Segmentation In Microscope Cell
€ MonuSeg-2018
£ Mendeley LBC Cervical Cancer
£ Breast Cancer Semantic Segmentation (I
€ Microscopic Hyperspectral Choledoch D
& PatchCamelyon
€ Colorectal Cancer WSI
& MRI
g i Lung
. & Heart
£ Heart MRI Image DataSet Left Atrial Seg
i Breast
. Knee
i Prostate
. Brain
& DEV
[ Jelay
- XR
- Es
- Us
T
= EVE
4[] @ Videos
+ - Us
-] @ Liver
b i Heart
- [] & HMC-QU Dataset
|- 11 & Echocp
&€ cardiacUDC_dataset
& VIDEO

Download Selected

<

C

Q\

Y

O

planning, and quantitative analysis.
Recommended Resources: SSLAMIS, nnUNet, DUCK-Net

Click here for more task details.

Bowel sounds [

[upio Joters (ot sbeiea] 160 e | Source: Kagoe]

We have collected data using a new device with a dedicated contact microphone. We then created a dataset from 19 subjects w

> 000/0:10

In all documents and papers that use or refer to the Visem dataset or report
experimental results based on the Visem dataset, a reference to the dataset
paper have to be included: https://dl.acm.org/doi/10.1145/3304109.3325814

Trine B. Haugen, Steven A. Hicks, Jorunn M. Andersen, Oliwia Witczak, Hugo L.
Hammer, Hanna Borgli, P?l Halvorsen, Michael A. Riegler, VISEM: A Multimodal

Audio

Last Check: 2024-10-08

h 1605 files of length 2 s. Finally, we create

321,000 records of length 10ms that medical doctors labelled. Datasets contain 2 types of files: XXXwav (audio file, 44.1kHz, 24bit) and XXX.cvs (labels shows where is bowel

sound)

Medical Image Classification is a task in medical image analysis that involves classifying medical images, such as X-rays, MRI scans, and CT scans, into different categories
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or the presence of specific structures or diseases. The goal is to use computer algorithms to automatically identify and classify medical images
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Figure 2 Overview of the Medimg online database

A. Navigation tree of the “Browse"” page. Users can download an individual dataset or a class of datasets via clicking on the “Download Selected”
button. B. The details and preview for different types of datasets. The details per dataset includes modality, analysis task, source, last updated date, and
number of files. C. The main modules of “Search” interface in MedIimg. Users can input a keyword or filter by multiple fields, including modality, organ,
data type, and analysis task. Meanwhile, users can click on the pie chart segments to access datasets belonging to specific categories.

the input box of “Dataset Name”. With an advanced search,
users can retrieve the datasets based on multiple criteria, in-
cluding the modalities of images, organ source of images,
data format, labeled or unlabeled data, and the task of

medical image analysis. The real-time response retrieval result
is displayed at the bottom of the current page. Users can ac-
cess the detail of this dataset by clicking on the dataset name
link. It is noteworthy that users can separately download
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individual dataset or datasets of a specific class of their de-
mand. Definitely, the online database allows users to down-
load all data directly from the “Download” page, although
this might take some time due to the large size of the data.
The functionality of MedImg online database has been sum-
marized in Table S2.

Concluding remarks and outlook

Large-scale and well-annotated datasets are fundamental to
the advancement of deep learning methods in medical image
analysis. It is difficult to assess an algorithm’s generalization
when using limited data, especially if it originates from a sin-
gle community. Despite the high cost of manually labeling
image data, institutions and researchers increasingly recog-
nize the importance of well-characterized datasets for im-
proving deep learning algorithms and have begun to publish
and share their data. To address the need for accessible and
diverse resources, we have presented a comprehensive online
database, MedImg, which houses medical images from vari-
ous body parts and modalities. This open-access, user-
friendly platform contains 105 datasets, encompassing more
than 1.9 million images, and serves as a valuable resource for
researchers to obtain benchmark datasets. We anticipate that
MedImg will contribute to the development of more general-
ized and robust deep learning-based algorithms for medical
image analysis.

Undoubtedly, there are still several limitations. First, it is
short of clinical information in current database, which is bene-
ficial to the accuracy of Al-based diagnosis. Second, manual
curation and normalization of all datasets using a standard pro-
tocol are necessary for simplifying the preprocessing step for
users. We will continue to expand the MedImg database by in-
corporating new medical image datasets.

Data availability

The Medlmg database is freely available at https://www.cui
lab.cn/medimg. It has been submitted to Database Commons
[28] at the National Genomics Data Center (NGDC), China
National Center for Bioinformation (CNCB), which is pub-
licly accessible at https://ngdc.cneb.ac.cn/databasecommons/
database/id/10214.
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