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INTRODUCTION
Since its first emergence in late 2019, novel Coronavirus (COVID-19) has drastically changed the world, impacting several aspects of
the modern life. According to the World Health Organization (WHO), as of September 2020, more than 200 countries have confirmed
positive COVID-19 cases, leading to more than 26 million cases and 8 thousands reported fatalities. Considering statistics and impacts
together with the fact that COVID-19 can easily spread if infected cases are not isolated/treated in a timely fashion, sensitive and
accessible diagnosis systems are of significant importance. Being able to identify COVID-19-related respiratory complications,
Computed Tomography (CT), can play an important complementary role to identify the COVID-19 infection with a high sensitivity,
which is a critical asset. Identification (i.e., providing probability of the occurrence of the target class) and Classification (i.e.
classifying each patient into a specific group of clinical diagnosis) are considered as critical steps among different processing tasks
within the COVID-19 Radiomics pipeline, and are the focus of this competition. The 2021 COVID-19 SPGC is on Identification and
Classification of COVID-19 infection region via screening CT scans. CT scans from several patients ,acquired from multiple medical
institutes, along with the slice-level and patient-level labels will be provided for training and validation purposes. The evaluation will
be performed based on test sets provided closer to the submission deadline.

PARTICIPATION GUIDELINES
Detailed competition instructions together with the data sources will be provided at https://users.encs.concordia.ca/ i-sip/2020-SPGC-
COVID19.

SPGC Papers: Participants of the COVID-19 SPGC need to submit a full-length paper, describing their approach and their submitted
models. Submitted COVID-19 SPGC papers can be up to 5 pages: 4 pages for technical content including figures, and 1 extra page
for references. Submitted SPGC papers can (optionally) have a missing results section, to be completed after the SPGC organizers
have completed their evaluations.

TENTATIVE SCHEDULE

Competition Webpage & Preliminary Info: Dec. 1st, 2020 Results Submission: Mar 1, 2021
Data are Available Online: Dec. 25th, 2020 Finalist Teams Announced: May. 25, 2021
Team registration on IEEE COVID-19 SPGC: Jan. 15, 2021 COVID-19 SPGC at ICASSP in Toronto: Jun. 6, 2021
Test Data Will be Released: Feb 15, 2021

https://users.encs.concordia.ca/~i-sip/2021SPGC/index.html
https://users.encs.concordia.ca/~i-sip/2021SPGC/index.html


Figure 1: A, B: Infected and non-infected sample slices in a COVID-19 case; C, D: Infected and non-infected sample slices in a
non-COVID Pneumonia case.

COVID-19 Identification Signal Processing Grand Challenge (SPGC)
Novel Coronavirus (COVID-19) has drastically overwhelmed more than 200 countries around the world affecting millions and claim-
ing more than 8 thousands human lives, since its first emergence in late 2019. This highly contagious disease can easily spread, and
if not controlled in a timely fashion, can rapidly incapacitate healthcare systems. Chest Radiographs (CXR) [1] and Computed To-
mography (CT) scans [2,3] have shown distinctive features and higher sensitivity compared to other diagnostic tests, in particular the
current gold standard, i.e., the Reverse Transcription Polymerase Chain Reaction (RT-PCR) test. In particular, CT scans consist of
multiple cross-sectional images of the body (slices), which are seen together to create a 3D representation of the body. As such, CT
scans can provide a comprehensive/informative illustration of the detailed structure of the lung and infected areas.

1 Objectives
Identification of COVID-19 Infections in Lung CT Images in the multi-institute/multi-disease dataset, is the main objective of
the 2021 COVID-19 SPGC. Identification (i.e., providing probability of the occurrence of the target class) and Classification (i.e.
classifying each patient into a specific group of clinical diagnosis) are considered as the critical steps within the Radiomics workflow,
as typically Radiomics features extracted to perform an efficient identification/classification task can further be used to address other
tasks such as segmentation or localization. Although imaging studies and their results can be obtained in a timely fashion, similar
findings can be seen in viral or bacterial infections or other entities such as Community Acquired Pneumonia (CAP), leading to
misclassification even by experienced radiologists. Automatic and semi-automatic classification methods together with their ability
to minimize manual error and increase consistency of delineating regions are of paramount importance. In the 2021 ICASSP COVID-
19 SPGC, the objective is to develop fully automated frameworks to identify COVID-19 cases using only volumetric chest CT scans
in a large dataset of COVID-19, CAP, and normal cases acquired with various imaging settings from different medical centers. The
specific objective of participants is to classify a set of given CT scans into three classes of COVID-19, CAP, and normal cases. Their
methodology is supposed to work within an extensive area of CT scans including images with different slice thickness, radiation
dose, noise level, etc. In addition to acquisition and visual variations of CT scans, there are many CT scans with manifestations
related to the hearth problems or operations. In order to validate the effectiveness of the proposed methodologies in those CT scans,
participants should also classify such cases into the three mentioned groups (COVID-19, CAP, normal).

2 Patient Dataset
The COVID-19 SPGC dataset contains volumetric chest CT scans of patients positive for COVID-19 infection, Community Acquired
Pneumonia (CAP), and normal patients. The dataset contains all slices in a CT scan provided with the Digital Imaging and Commu-
nications in Medicine (DICOM) format. The original data is provided in the Hounsfield Unit and all CT slices are reconstructed into



images with the size of 512× 512. Fig. 1 illustrates an example of CT images of COVID-19 and CAP patients. COVID-19 cases are
collected from February 2020 to April 2020, whereas CAP cases and normal cases are collected from April 2018 to December 2019
and January 2019 to May 2020, respectively. Diagnosis of COVID-19 infection is based on positive real-time Reverse Transcription
Polymerase Chain Reaction (rRT-PCR) test results, clinical parameters, and CT scan manifestations identified by three experienced
thoracic radiologists. Labels provided by the three radiologists showed high degree of agreement (more than 90%). Diagnosis for
CAP and normal cases was confirmed using clinical parameters, and CT scans. The dataset is acquired in a retrospective study with
the use of automated exposure control and automated tube potential selection. The CT scans are acquired by different scanners in
multiple medical centers, using different settings for slice thickness, effective mAs, and exposure time.

Besides the patient-level labels, a subset of 55 COVID-19, and 25 CAP cases were analyzed by the radiologist to identify and
label slices with evidence of infection. The labeled subset of the data contains 4, 993 number of slices demonstrating infection and
18, 416 number of slices without infection.

The dataset is then divided into training, validation, and test sets which are described as follows:

1. Training and Validation Dataset:

• Training and Validation dataset will be released in Dec. 25th, 2020.

• This dataset includes volumetric CT scans with all slices of 171 patient positive for COVID-19, 60 CAP, and 76 normal
cases.

• All CT scans in this dataset are obtained by a SIEMENS, SOMATOM Scope scanner with the normal radiation dose and
the slice thickness of 2mm.

• 30% of the data is randomly selected as the to validate the results. (The validation data should not be used for the training
purposes.)

• Slice-level labels are available for a subset of 55 COVID-19, and 25 CAP cases.

2. Test Dataset:
The Test Dataset will be released, on a later date in three separate parts, each containing unseen CT scans obtained from a
different medical center with specific characteristics and challenges as follows:

(a) COVID-19, CAP, and normal cases obtained from the same center of the Trianing/Validation set.

(b) Low-Dose CT scans (LDCT) of COVID-19 and normal cases obtained with slice thickness of 2mm.

(c) COVID-19, CAP, and normal with a history of hearth disease or operation in which an abnormal manifestation related to
a non-infection disease is demonstrated in most (not all) of the cases. This dataset is obtained with various slice thickness
and radiations doses.

The detailed description of each dataset including the exposure dose, slice thickness, and the range of values in the Hounsfield
Unit will be presented prior to the competition.

3 Evaluation Criteria
The classification labels provided by the competitors will be compared against the ground truths for all test images using evaluation
metrics which are described below.
The Evaluation Criteria are based on the similarity between the actual and predicted class for each observation as shown in Figure 3
and Figure 3 for three-way and binary classifications respectively, where Ci, j represents the number of predicted class j for the actual
class i. The main Evaluation Criterion is the Accuracy of the model which is the ratio of correctly predicted observations to the
total observations. In the case that two or more competitors achieve the same accuracy, the Sensitivities of the COVID-19, CAP, and
normal classes are considered as the tie-breaker respectively. In the situation that all sensitivities are the same, the Execution Time
and Memory Allocation of the models will be evaluated on one processing unit by the technical committee to rank the competitors
in this event. The description of the evaluation criteria is presented below.
IMPORTANT: Note that in test datasets with three different classes, each CT scan can be classified into one of the three groups,
making the corresponding tasks a three-way (three-class) classification. In test sets with only two groups (COVID-19 and normal),
the models should be modified in a way to produce binary classes at the end. Participants are allowed to use the same model as the
one trained for the three-way classification tasks. However, only COVID-19 and normal labels will be considered in the performance
evaluation and all cases classified as the other class (CAP) will be considered as the classification error.

C1-Accuracy: The ratio of correctly predicted observations to the total observations.

Evaluation Criteria 1: Accuracy =

∑
i Ci,i∑
i,j Ci,j

, (1)



Figure 2: Actual and Predicted observations in a three-way classification.

Figure 3: Actual and Predicted observations in a binary classification.

where i, j ∈ {1, 2, 3} in three-way, and i, j ∈ {1, 2} in binary classifications.

C2-Sensitivity: The ratio of correctly predicted observations of a specific class Ci to the all observations calculated as follows.

Evaluation Criteria 2: Sensitivity(i) =
Ci,i∑
j Ci,j

, (2)

where Sensitivity(i) denotes the sensitivity for the class Ci (COVID-19, CAP, normal).

4 Data Usage Guidelines
The diagram in Figure 4 shows the structure of the Training/Validation dataset which will be shared prior to the competition. COVID-
19, CAP and Normal subjects are placed in separate folders, within which patients are arranged in folders, followed by CT scan slices
in DICOM format. “Stats.csv” is available in the Training/Validation dataset indicating the Train/Valid split and existence of slice-
level labels for each case. As can be observed in the “Stats.csv” file, the first 55 COVID-19 and 25 CAP cases are equipped with the
binary slice-level labels which are accessible through “Slice-level-labels.csv” file. “Slice-level-labels.csv” is a CSV file in which the
existence of infection in a specific slice is indicated by 1 and the lack of infection is shown by 0. In “Slice-level-labels.csv”, the index
names represent the subject ID (e.g. P001) and the columns represent the slice numbers (from 1 to 200). The same file structure is
used for the test dataset. However, unlike the training dataset, the “Stats.csv” and “Slice-level-labels.csv” are not provided for the
test dataset.

Train-Validation

COVID-19 subjects

Subject-ID

Slice-ID.dcm

Cap subjects

subject-ID

Slice-ID.dcm

Normal subjects

subject-ID

Slice-ID.dcm

Stats.csv

Slice-level-labels.csv

Figure 4: Structure of the data included in the Training/Validation dataset.



Figure 5: Different items that must be included in the final submission package as a “.zip” file.

5 Final Submission Guidelines
SUBMISSION PACKAGE: Each team must submit a “.zip” package including 5 main items as specified in Fig. 5 and listed below.

• A “.csv” file for each test set containing the predicted labels for each test case. (overall 3 csv files)

• A “.pdf” file for the report

• A folder including all codes required to run the model and a “.pdf” file including a brief and straightforward guideline to the
technical committee on how to use the code and run the model.

IMPORTANT NOTES:

• The ultimate submitted package needs to be in “.zip” format and named as follows: “COVID19-SPGC” + “underscore” +

“TeamName”.zip (for example, COVID19-SPGC TeamA.zip)

• The name Must be one word (NO spaces) or separated with underscores ( ).

• The name of all components in the submitted package should start with the “TeamName” as shown in Fig. 5. For exam-
ple, the submitted package for “TeamA”, will include the following items: TeamA code; TeamA Test1.csv; TeamA Test2.csv;
TeamA Test3.csv; and TeamA.pdf. The guideline PDF file in the codes folder follows the same rule (e.g. TeamA guideline.pdf).

The specification of all required files is outlined below:

1. Executable/Readable Code: The codes must be prepared based on the following instructions:

• The codes (e.g. “main.py” or “main.m”) must take as an input (or be able to specify) the path to the “test-directory-folder”
which contains all patient folders that are to be analyzed.

• The “test-directory-folder” could be “ICASSP SPGC2021 ValidationData” or “ICASSP SPGC2021 TestData” or any other
folder which has similar contents (with different folder names).

• The “test-directory-folder” only contains patient folders. Each patient folder contains .dcm (DICOM) files related to the patient.

• In the case that your program is modular and contains several files and folders, all files should be placed in the codes folder.

• If you would like to integrate your codes in one “.exe” file, make sure that you submit the codes (containing the implementation
of your methodology) as well. The executable “.exe” file must take as an input the path to the “test-directory-folder”.

• Participants are encouraged to pick appropriate variable names and use comments/descriptions to increase the readability of
their program.

2. Guideline (How to run the code): The guideline should be in the “.pdf” format and include the following items:



Figure 6: An example of the submitted CVS result file.

• Step by step direction on how to run the code and get the result for test cases.

• All required packages and libraries (e.g. OpenCV) including third-party packages (if any) and the tested versions with the
direction on how to install them.

• The name of the file responsible of producing the results and the line of code to modify the test folder directory (‘ICASSP SPGC2021 TestData”).

3. CSV Files: The “CSV” file provides the final classification results for the Test DataSet. The CSV files included in the submission
package must be prepared based on the following specifications:

• One CSV file nust be submitted for each test dataset. Therefore, your submission package should include 3 CSV files.

• Each CSV file must provide the results for all the subjects in the corresponding test dataset.

• The CSV file contents need to be similar to the example provided in Fig. 6. Please note the first row describing the content of
the columns and the title should not be in your submitted CSV file. It is intended only for clarification purposes.

4. Report: The report should be similar to an IEEE conference paper providing: (i) Required background; (ii) Any signal processing,
image processing, and pre-processing algorithms used; (iii) Information regarding the algorithms used to perform the classification
tasks; (iv) Explicitly provide details on the main steps of their methodology; (v) Potential novelties of the processing algorithms, and;
(vi) Present and discuss the evaluation results.

• The report file needs to be in the PDF format

• The report file needs to be prepared based on IEEE ICASSP templates in “double-column”, “single-spaced” format. IEEE -
Manuscript Templates for Conference Proceedings can be downloaded form the following link:
https://www.ieee.org/conferences/publishing/templates.html

• The report file is limited to 5 pages.
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