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COVIDNet: An Automatic Architecture for
COVID-19 Detection with Deep Learning from

Chest X-ray Images
Lang He ID , Prayag Tiwari ID , Rui Su, Xiuying Shi, Pekka Marttinen ID , Neeraj Kumar ID

Abstract—Up to now, the COVID-19 has been sweeping across
all over the world, which has affected individual’s lives in
an overwhelming way. To fight efficiently against the COVID-
19, radiography and radiology images are used by clinicians
in hospitals. This paper presents an integrated framework,
named COVIDNet, for classifying COVID-19 patients and healthy
controls. Specifically, ResNet (i.e., ResNet-18 and ResNet-50) is
adopted as a backbone network to extract the discriminative
features first. Second, the spatial pyramid pooling (SPP) layer is
adopted to capture the middle-level features from the features
of ResNet. To learn the high-level features, the NetVLAD layer
is used to aggregate the features representation from middle-
level features. Context gating (CG) mechanism is adopted to
further learn the high-level features for predicting the COVID-
19 patients or not. Finally, extensive experiments are conducted
on the collected database, showing the excellent performance of
the proposed integrated architecture, with the sensitivity up to
97%, and specificity of 99.5% of the ResNet-18, and with the
sensitivity up to 99%, and specificity of 99.4% of the ResNet-50.

Index Terms—COVID-19, Spatial Pyramid Pooling (SPP),
Deep Learning, NetVLAD

I. INTRODUCTION

IN December 2019, an unknown outbreak of pneumonia was
reported in a province in mainland China and soon spread

to other cities of China. It was soon found to be related to
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a novel coronavirus named severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2). After that, infected cases with
the coronavirus disease 2019 (COVID-19) were also found in
other countries and was declared a pandemic, infecting about
170 million individuals as well as resulting in more than 3.5
million deaths as of 31 May 20211.

To hold back the transmission of COVID-19 disease, the
efficient approach is to isolate the COVID-19 patients and
healthy people. Also, early detection is significant for blocking
the spread between individuals. Recently, real-time reverse
transcription-polymerase chain reaction (RT-PCR) detection
of SARS-CoV-2-specific ribonucleic acid (RNA) in respira-
tory specimens from infected patients has been adopted for
COVID-19 detection. The development of RT-PCR assays for
SARS-CoV-2 has gained increasing attention, and many com-
mercial assay kits have been designed. However, only 30-60%
throat swab samples can be detected for a positive infected
person, which leads to infecting a great number of healthy
individuals [1]–[3]. Hence, due to the lack of availability for
diagnosing COVID-19, researchers from different fields try
to explore complementary approaches to assist clinicians in
detecting or isolate infected individuals as early as possible.
Several studies investigated CT chest images for detecting
COVID-19. For instance, [4] proposes to use volumetric CT
chest images to estimate whether a person is infected with
the COVID-19 or not. The usage of Chest CT shows high
accuracy for detecting the COVID-19 [5]. While the usage
of X-ray images represents certain relationships of COVID-
19 [6]. Ground glass patterns around the pulmonary vessels
are complicated to distinguish visually [7]. In addition, the
features of symmetric patchy and diffuse airspace opacities
are also considered as important cues for detecting COVID-19
[8]. Therefore, the abnormalities mentioned above can only be
explained by professional radiologists. There is a contradiction
between the massive suspected individuals and the shortage
of trained radiologists for detecting COVID-19. To cut off the
spread of COVID-19, it is necessary to design an efficient tool
to help clinicians and radiologists to detect the COVID-19.

Currently, deep learning (DL) has been adopted in various
fields, e.g., computer vision, medical image processing, natural
language processing (NLP), and proven to obtain excellent
performance [9]. Advanced computer-aided diagnosis (CAD)
methods for medical image analysis are mainly on the state-
of-the-art approaches, e.g., Transformer [10], and TransUNet

1https://www.worldometers.info/coronavirus/

https://orcid.org/0000-0003-2515-8579
https://orcid.org/0000-0002-2851-4260
https://orcid.org/0000-0001-7078-7927
https://orcid.org/0000-0002-8923-2208


IEEE INTERNET OF THINGS JOURNAL 2

[11]. Especially in the work of [11], TransUNet leverages
the advantage of Transformers and U-Net for medical image
segmentation. TransUNet obtains promising performances to
existing methods on several medical applications, e.g., cardiac
segmentation and multi-organ segmentation, and so on.

Since 2019, COVID-19 has been widespread worldwide and
still lingered to affect people’s daily lives. Therefore, many
researchers dedicate their efforts to use computer vision and
DL methods to address severe situations. [12] adopts DarkNet
to distinguish the COVID-19 patients and healthy persons and
obtains the accuracy of 98.08%. In addition, the method of
DarkNet obtains 87.02% from the COVID-19, healthy persons,
and pneumonia individuals. The authors of [13] also introduce
a new architecture for distinguishing COVID-19 based on
chest X-ray (CXR) images that obtained an overall perfor-
mance of 89.6%, and a recall accuracy for COVID-19 cases
with 93% in classifying COVID-19, healthy conditions, bacte-
rial pneumonia, and viral pneumonia. In addition, three deep
architectures (i.e., Inception-V3, Inception-ResNet-V2, and
ResNet) are adopted to differentiate COVID-19 and healthy
persons, and the binary accuracy of 98% is achieved [14]. [15]
proposes a framework that can accurately recognize COVID-
19, which includes two procedures: the Discrimination-DL
and the Localization-DL. The Discrimination-DL can be used
for modeling the lung features from CXR radiographs. And
the Localization-DL was trained with 406-pixel patches and
utilized to recognize X-ray radiographs for localizing and
arranging them into the right lung, left lung, or bipulmonary.
The proposed architecture obtains the accuracy of 98.71%
for Discrimination-DL and 93.03% for Localization-DL. The
contribution of this work is that the DL approach can help
the radiologists in detecting the localization for COVID-19
efficiently and accurately. [16] proposes a determined model
named CCSHNet for detecting COVID-19 and other lung
infectious diseases. The CCSHNet obtains the F1 score of
97.04%. It was found in [17] that ResNet-18 is adopted to
check the disease from chest CT images, which obtained an
accuracy of 92% for diagnosing COVID-19. Moreover, in [18],
a new method employs DL to recognize clinical abnormalities
from CXR at a certain level exceeding professional radiolo-
gists.

Computer-aided detection (CAD) has been used success-
fully in clinical applications. However, the studies mentioned
earlier have been proposed to adopt various DL methods
to detect COVID-19. However, there still exist the follow-
ing issues. Up to the present, some available databases are
collected for research purposes [19]. First, the training data
of COVID-19 is scarce to train the deep models for detect-
ing COVID-19 and healthy persons. Second, the traditional
medical image processing method contains two steps, i.e.,
hand-crafted feature extraction, classification, or regression by
machine learning methods. In this paper, to overcome this
issues, we first re-check and clean the available database.
Then, we leverage the dataset provided by the work of [19],
and double-check the resolution, labels of images to ensure
the robustness of the training models. And then introduce an
end-to-end framework named COVIDNet, which can automat-
ically predict the COVID-19 from CXR images. Due to the

advantage of ResNet [20], we adopt it as a backbone network
to extract the discriminative features in the first place. Second,
the spatial pyramid pooling (SPP) layer is adopted to capture
the middle-level features from the features of ResNet. After
that, to learn the high-level features, the NetVLAD layer is
used to aggregate the features representation from middle-level
features. After performing feature aggregation operation, the
context gating (CG) mechanism is adopted to further learn
the high-level features for predicting the COVID-19 patients.
Finally, extensive experiments are conducted on the collected
database, showing the excellent performance of the proposed
integrated architecture.

To sum up, the contribution of this work is three-fold:
1) An end-to-end architecture COVIDNet is presented that

automatically models the deep learned features for pre-
dicting the COVID-19 based on X-ray images.

2) SPP is adopted to model the middle-level features from
the obtained features of ResNet. And then, NetVLAD
and CG mechanisms are adopted for feature aggregation
to learn high-level features for COVID-19 detection.

3) Extensive experiments are carried out on the collected
database and obtain the proposed architecture’s promising
performance.

The remained of the present paper is structured as follows.
Section II details previous study on COVID-19 detection. Our
method is introduced in Section III. Section IV discusses the
experimental performance. Conclusions and future studies are
planned in Section V.

II. RELATED WORKS

After the outbreak of COVID-19, various AI models are
designed to detect it. The earlier work of [21] introduces a
novel scheme for diagnosing COVID-19 based on CT scans.
The framework adopts UNet++ [22] to detect coronavirus
with CT scans. The authors collected a database consisting
of 40,000 images from 106 subjects to generate the deep
model. The performances showed that the proposed model
could reduce the efforts of radiologists to detect the COVID-
19.

Xu et al. [23] introduces a deep framework with DL to
diagnose COVID-19 from CT scans. Inception network [24]
is fine-tuned with the collected training data.

In addition to CT scans, CXR images are also investigated
for COVID-19 detection. For instance, in [25], Wang et al.
presents a deep architecture COVID-Net from CXR image
to detect COVID-19, healthy persons, and individuals with
pneumonia. In addition, the works of [26], [27] propose a
deep architecture to diagnose COVID-19 from CXR images.
Interestingly, [28] designed healthcare on 5G framework from
CXR and CT images for the COVID-19 detection.

The aforementioned works of this section are mainly fo-
cused on investigating the DL methods for COVID-19 detec-
tion. Though the works have obtained promising performance
using DL to detect COVID-19. However, the limited number
of data can affect the performance of COVID-19 detection.
Hence, the works of [29] show that radiologists pay attention
to the limited data to train the deep DL models for COVID-19
detection. Further, to overcome the issue of the scarce training
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(a) Feature Extraction (i.e., ResNet-18)

(b) Mid-level Feature Aggregation (SPP)

COVID-19

Non-COVID

(c) High-level Feature Aggregation (NetVLAD)

NetVLAD

Fig. 1. The pipeline of the proposed framework for COVID-19 detection. (a) Deep architecture (i.e., ResNet-18) is fine-tuned to extract deep-learned features.
(b) SPP is used to aggregate the middle features from the features obtained of (a). (c) To learn the high-level features, NetVLAD is adopted. Finally, two
fully connected layers are utilized to project the high-level features into a new feature space to obtain the classification of COVID-19 and Non-COVID.

data, the authors of [30] introduce an architecture based on
DL that is capable of obtaining important improvement for
detecting COVID-19 from scarce data samples with CT scans.
Transfer learning and self-supervised contrastive learning are
adopted for modeling unbiased features to address the over-
fitted issue by designing a synergistic approach. Comparable
performance obtained by conducting extensive experiments on
the introduced database. After that, Chen et al. [31] presents
a meta-learning model based on the integrated network for
diagnosing COVID-19 based on chest CT images by a small
size of data.

Existing works using CXR images to detect COVID-19
mainly utilize the traditional CNN framework or pre-trained
deep models, which need a great number of training data
to generate feature representation. By contrast, we not only
leverage the CNN to extract the deep learned features, but
adopt the custom feature aggregation to learn the high-level
features to distinguish COVID-19 cases by limited CXR
images.

III. OUR PROPOSED METHOD

In this sub-section, an overview is made to introduce archi-
tecture in Section III-A, and describe the feature extraction in
Section III-B. SPP is introduced in Section III-C. In Section
III-D, VLAD is described to aggregate the obtained features.
CG mechanism is introduced in Section III-E.

A. System Overview

To illustrate the proposed method, the ensemble framework
is shown in Fig. 1. We first collect the database (the de-
tailed description will be given in Section IV-A) from the
Internet based on the available data (CovidChestxray-Dataset:
2, ChexPert-Dataset). We first adopt deep architectures (i.e.,
ResNet-18, ResNet-50) to extract the discriminative feature

2https://github.com/ieee8023/covid-chestxray-dataset

representations. To mine the informative features and filter
useless features, SPP is adopted to learn the middle-level fea-
tures. After that, to learn the high-level features, NetVLAD is
used. Finally, two fully connected layers and softmax function
are utilized to classify the COVID-19 or Non-COVID. In the
following, we expatiate each part of the proposed framework.

B. Representation of Deep Learned Features

In general, as a result of the limited data samples of
medical images, the studies in this field often fine-tune the
pre-trained deep models to make special tasks. For instance,
a large deep model trained on ImageNet (which consists of a
great number of images) is to adapt for COVID-19 detection
with a limited database. Furthermore, to further make the
COVID-19 detection, transfer learning is adopted. Therefore,
the parameters of the deep model can be learned with good
initial values, and new tasks can be better managed with only
a few small modifications.

In addition, the pre-trained model can be divided into two
ways for detecting COVID-19. In a first way, the model is
adopted to extract the deep features, and a machine learning
model is adopted for classification. The other way is that the
entire network or its sub-networks are fine-tuned to adapt to
the special study. Hence, the weights of the deep model are
considered as the parameter value of the new task and updated
them in the training stage.

As for this situation, the training images of COVID-19
is complicated to collect from hospitals. Hence, to extract
the informative features, ResNet is first used to extract the
informative deep features, followed by using SPP to extract the
middle-level features, and NetVLAD is adopted to aggregate
the high-level features.

In our work, ResNet-18 (the red dotted rectangle in Fig.
1) is used for feature extraction. As shown in Fig. 1, sixteen
convolution layers, two downsampling layers, and two fully
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connected layers are included in ResNet-18. For the ResNet-
18, the convolution layer is 224 × 224 with the kernel size
of 7 × 7. As is known, the kernel size of other layers is
3× 3. Followed by the last convolution layer, an eigenvector
is obtained by full connection. In addition, for the ResNet-
50 with the homologous architect as the ResNet-18, the only
difference is that it contains more layers.

C. Non-Variant Feature Representation–SPP
The main goal of our work is to detect people infected with

COVID-19 from healthy persons. To capture the features for
COVID-19 detection, the deep representation has to capture
discriminative features in different scales; hence a significant
number of instances in all its natural cases are needed in
training.

In our task, to learn the scale-invariant characteristics, an
SPP layer [32] is used to learn multi-scales on the top of the
output of convolution features of ResNet-18 or ResNet-50. The
idea of SPP is to divide the feature map into different divisions
from finer to coarser scales, finalized with an aggregation
of local features. Thus, the SPP layer can improve scale
invariance and avoid the overfitting issue. In our study, we
adopt the original weighting definition on the spatial pyramid
kernel in [33]. Thus, the features with finer resolutions are
associated with a heavier weight, and coarser resolutions with
a lower weight.

The SPP layer can be adopted for COVID-19 detection in
that it can project features from multi-level spatial bins at
multiple scales to calculate the features over the whole slice.
In addition, the SPP layer can promote the capacity of the
proposed model to project the input size with the fixed-length
features for COVID-19 detection.

D. NetVLAD
As a common feature aggregation method, Vector of Locally

Aggregated Descriptors (VLAD) has been widely adopted in
computer vision field. It aggregated the informative patterns
of local descriptors over the image.

Formally, let xi ∈ RN×D be the local image descriptor,
where N and D represent the number and the dimension of
the local descriptors. After performing the VLAD operation,
the output V is a K × D matrix, where K represents the
“visual words” (ck). V is denoted with K × D matrix, and
then convert into a vector to image classification. The (j, k)
element of V can be written as:

V (j, k) =

N∑

i=1

ak(xi)(xi(j)− ck(j)) (1)

where xi(j) and ck(j) represent the j-th dimensions of the
i-th descriptor and k-th cluster center. ak(xi) represents the
membership of the descriptor xi to k-th visual word, i.e., if
ak(xi)=1, which means the cluster ck is close to the descriptor
xi, and vice versa. Specifically, for each column k with D-
dimension of V matrix, which means the sum of residuals
xi− ck for the cluster ck. After that, L2-normalized operation
is performed on the matrix V to keep the data at the same
scale.

To leverage the advantage of the CNN and VLAD, an inte-
grated trainable layer named NetVLAD is introduce in [34].
For the original attribute of VLAD, hard assignment ak(xi) of
descriptors xi is applied to the cluster center ci. Therefore, to
perform the operation discernable, soft assignment operation
is replaced to multiple clusters:

ak(xi) =
e−α∥xi−ck∥2

∑
k′ −α∥xi−ck′∥2 (2)

which arranges the parameters of descriptor xi to cluster ck
according to their proximity, but relative to proximities to
other cluster centers. The range of ak(xi) is from 0 to 1, the
threshold near to 1 means that the closest to cluster center. α
is a positive constant used to weight the decay of the response
by the magnitude of the distance. Special emphasis is put on
that α→ +∞ means the original VLAD as ak(xi) would be
equal to 1 if xi closest cluster is k and 0 otherwise.

conv (w,b)
1x1xDxK

soft-max

VLAD core (c) intra-
normalization

L2 
normalization

soft-assignment

Vx
x

s

(KxD)x1
VLAD
vector

NetVLAD layerConvolutional Neural Network

...

Image

WxHxD map interpreted as 
NxD local descriptors x

Figure 2. CNN architecture with the NetVLAD layer. The layer can be implemented using standard CNN layers (convolutions,
softmax, L2-normalization) and one easy-to-implement aggregation layer to perform aggregation in equation (4) (“VLAD core”), joined
up in a directed acyclic graph. Parameters are shown in brackets.

other cluster centres. āk(xi) ranges between 0 and 1, with
the highest weight assigned to the closest cluster centre. α is
a parameter (positive constant) that controls the decay of the
response with the magnitude of the distance. Note that for
α → +∞ this setup replicates the original VLAD exactly
as āk(xi) for the closest cluster would be 1 and 0 otherwise.

By expanding the squares in (2), it is easy to see that
the term e−α‖xi‖2 cancels between the numerator and the
denominator resulting in a soft-assignment of the following
form

āk(xi) =
ew

T
k xi+bk

∑
k′ e

wT
k′xi+bk′

, (3)

where vector wk = 2αck and scalar bk = −α‖ck‖2. The
final form of the NetVLAD layer is obtained by plugging
the soft-assignment (3) into the VLAD descriptor (1) re-
sulting in

V (j, k) =
N∑

i=1

ew
T
k xi+bk

∑
k′ e

wT
k′xi+bk′

(xi(j)− ck(j)) , (4)

where {wk}, {bk} and {ck} are sets of trainable parameters
for each cluster k. Similarly to the original VLAD descrip-
tor, the NetVLAD layer aggregates the first order statistics
of residuals (xi − ck) in different parts of the descriptor
space weighted by the soft-assignment āk(xi) of descrip-
tor xi to cluster k. Note however, that the NetVLAD layer
has three independent sets of parameters {wk}, {bk} and
{ck}, compared to just {ck} of the original VLAD. This
enables greater flexibility than the original VLAD, as ex-
plained in figure 3. Decoupling {wk, bk} from {ck} has
been proposed in [3] as a means to adapt the VLAD to a
new dataset. All parameters of NetVLAD are learnt for the
specific task in an end-to-end manner.

As illustrated in figure 2 the NetVLAD layer can be vi-
sualized as a meta-layer that is further decomposed into ba-
sic CNN layers connected up in a directed acyclic graph.
First, note that the first term in eq. (4) is a soft-max func-
tion σk(z) = exp(zk)∑

k′ exp(zk′ ) . Therefore, the soft-assignment
of the input array of descriptors xi into K clusters can be
seen as a two step process: (i) a convolution with a set of K
filters {wk} that have spatial support 1×1 and biases {bk},

+

Figure 3. Benefits of supervised VLAD. Red and green cir-
cles are local descriptors from two different images, assigned to
the same cluster (Voronoi cell). Under the VLAD encoding, their
contribution to the similarity score between the two images is the
scalar product (as final VLAD vectors are L2-normalized) between
the corresponding residuals, where a residual vector is computed
as the difference between the descriptor and the cluster’s anchor
point. The anchor point ck can be interpreted as the origin of a
new coordinate system local to the the specific cluster k. In stan-
dard VLAD, the anchor is chosen as the cluster centre (×) in order
to evenly distribute the residuals across the database. However, in
a supervised setting where the two descriptors are known to be-
long to images which should not match, it is possible to learn a
better anchor (?) which causes the scalar product between the new
residuals to be small.

producing the output sk(xi) = wT
k xi + bk; (ii) the convo-

lution output is then passed through the soft-max function
σk to obtain the final soft-assignment āk(xi) that weights
the different terms in the aggregation layer that implements
eq. (4). The output after normalization is a (K × D) × 1
descriptor.

Relations to other methods. Other works have proposed to
pool CNN activations using VLAD or Fisher Vectors (FV)
[13, 22], but do not learn the VLAD/FV parameters nor the
input descriptors. The most related method to ours is the
one of Sydorov et al. [76], which proposes to learn FV pa-
rameters jointly with an SVM for the end classification ob-
jective. However, in their work it is not possible to learn the
input descriptors as they are hand-engineered (SIFT), while
our VLAD layer is easily pluggable into any CNN archi-
tecture as it is amenable to backpropagation. “Fisher Net-
works” [72] stack Fisher Vector layers on top of each other,
but the system is not trained end-to-end, only hand-crafted
features are used, and the layers are trained greedily in a
bottom-up fashion. Finally, our architecture is also related
to bilinear networks [42], recently developed for a different

4

Fig. 2. Illustration of the supervised VLAD. Red and green circles represent
different local descriptors from two images, which have the same cluster. After
the VLAD encoding operation, a residual vector is computed as the difference
between the cluster’s anchor point and the descriptor. The anchor point ck
is the origin of a new coordinate system local to the specific cluster k. For
the traditional VLAD, the anchor is cluster centre () to assign the residuals
across the database. While for the NetVLAD, which can lean an anchor ⋆
that is the small distance between the new residuals.

To perform the expanding operation on the Equ. 2, which
can be re-written as follows:

āk(xi) =
ewT

k xi+bk

∑
k′ e

wT
k′xi+bk′

(3)

Where wk represents a vector with the value of wk = 2αck,
and bk denotes a scalar with the value of bk = −α∥ck∥2.
Then the final NetVLAD layer can be formed by inserting the
soft-assignment (Equ. 3) into the VLAD descriptor (Equ. 1)
as follows:

V (j, k) =

N∑

i=1

ew
T
k xi+bk

∑
k′ e

wT
k′xi+bk′

(xi(j)− ck(j)) (4)

where wk, bk and ck represent the parameters of cluster k. The
same as the original VLAD, the NetVLAD layer can aggregate
the first order statistics of residuals xi − ck on the different
descriptor space via the soft-assignment āk(xi) of descriptor
xi to cluster k. Furthermore, the primary difference is that the
NetVLAD layer contains three parameters, i.e., wk, bk and ck,
while the original VLAD only has one parameter ck. As shown
in Fig. 2, the NetVLAD has greater flexibility when compared
the VLAD. For the parameters of NetVLAD, which are learnt
via an end-to-end manner for different tasks.
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TABLE I
THE NUMBER OF IMAGES IN THE TRAINING AND TEST PARTITION.

Partition COVID-19 Non-COVID
Training Set 420 2000

Test Set 100 3000

Meanwhile, as shown in NetVLAD component (the black
dashed rectangle) of Fig. 1, the NetVLAD layer has the
following attributes. Firstly, the first term of Equ. 4 can be
considered as a softmax function σk(z) = exp(zk)∑

k′ exp(zk′ ) . Hence,
the procedure of the soft-assignment for the input descriptor xi

with K clusters can be explained as follows: 1) a convolution
1 × 1 with the parameters (K filters wk and biases bk),
generating the output sk(xi) = wT

k xi+bk; 2) the output sk(xi)
is performed with the softmax function σk to generate the final
output āk(xi). Finally, normalization operation is adopted for
the final output to obtain a representation Fnetvlad with the
size of (K ×D)× 1.

E. Context Gating (CG)

The CG mechanism is adopted to project the output feature
Fnetvlad into an another representation Fcg as

Fcg = ψ(WFnetvlad + b) ◦ Fnetvlad (5)

where Fnetvlad ∈ Rn represents the input feature vector, ψ
denotes the element-wise sigmoid activation and ◦ represents
the element-wise multiplication. W ∈ Rn×n and b ∈ Rn are
the trainable parameters. The weights vector ψ(WFnetvlad +
b) ∈ [0, 1] denotes a series of learned gates utilized to the
respective dimensions of the feature Fnetvlad.

In our task, the reasons for adopting CG are as fol-
lows. Firstly, non-linear interactions among activations of the
Fnetvlad feature are learned by CG. Secondly, the strengths
of different activations of the Fnetvlad through a self-gating
mechanism are recalibrated by CG.

After performing the aforementioned methods, two fully
connected layers and Cross-entropy function are adopted for
the final classification.

IV. EXPERIMENTS

This section describes the experimental evaluation for the
proposed architecture. In Section IV-A, we introduce the
collected database adopted in this paper. Evaluation metrics
are introduced in Section IV-B2. In Section IV-C, we discuss
the experimental performance for COVID-19 detection.

A. Datasets

To evaluate the introduced architecture, the database of the
work [19] is adopted in our study. The database COVID–Xray–
5k are collected based on the Covid–Chestxray-Dataset and
ChexPert databases. As shown in Table I, the COVID-19 data
samples consist of 100 images of the test partition, and 84
images of the training partition. The non-COVID data samples
include 3000 images on the test set and 2000 images on the
training set. In addition, the radiologist from the affiliated
hospital of Yan’an university, Shaanxi, China, were asked to

Fig. 3. The random selected images of COVID–Xray–5k database. The four
images of the first row represent the COVID-19. The four images of the
second row denote the Non-COVID in the ChexPert database [35]. For the
rest rows, which selected eight images from the ChexPert.

re-check and re-label the data samples to ensure the accuracy
of the COVID-19 detection.

As shown in Fig. 3, sixteen images are selected in for
COVID-Xray-5k database, containing four COVID-19 images
in the first row, four Non-COVID images in the second row
from the ChexPert database, and eight images from ChexPert
in the third and fourth row with one of the 13 diseases.

B. Experimental Setup and Evaluation Measures

This section provides a demonstration of the experimental
evaluation of the introduced architecture for COVID-19 de-
tection. Extensive experiments are performed on the collected
database to estimate the proposed architecture. The aim of the
experiments is twofold.

i. Evaluate the capability for the architecture COVIDNet for
COVID-19 detection.

ii. Apply the designed architecture COVIDNet to the clinical
usage.

1) Evaluation Setup: In our work, to estimate the capability
of the architecture, ResNet-18 and ResNet-50 networks are
fine-tuned with 50 epochs. The batch size is 48. SGD optimizer
is adopted to optimize the Cross-entropy loss function. The
learning rate is set to 0.0001, and the momentum is set to 0.9.
All the images are set to 224 × 224 to input the ResNet-18
and ResNet-50. Our deep models are trained with the PyTorch
platform (https://pytorch.org/). The experiments are performed
on two Titan-X GPU (each with 12G memory).

2) Evaluation Measures: The performance of COVID-19
detection is measured according to the sensitivity, specificity,
and F1-score between the predicted and reported labels. The
sensitivity, specificity, F1-score can be written as follows:
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TABLE II
EVALUATIONS FOR THE VARIOUS COMBINATIONS OF THE ARCHITECTURE USING RESNET-18 WITHOUT PRE-TRAINING ON THE TEST SET OF THE

COLLECTED DATABASE.

Model Setting ROC Sensitivity Specificity Accuracy F1-score
A1: ResNet-18 FC 0.749 73% 71% 70% 70%

B1: ResNet-18 FC SPP 0.725 75% 74% 71% 72%
C1: ResNet-18 FC SPP VLAD 0.714 76% 75% 75% 71%

D1: ResNet-18 FC SPP VLAD CG 0.733 77% 75% 77% 72%

TABLE III
EVALUATIONS FOR THE VARIOUS COMBINATIONS OF THE ARCHITECTURE USING RESNET-50 WITHOUT PRE-TRAINING ON THE TEST SET OF THE

COLLECTED DATABASE.

Model Setting ROC Sensitivity Specificity Accuracy F1-score
A2: ResNet-50 FC 0.721 74% 74% 72% 70%

B2: ResNet-50 FC SPP 0.754 76% 76% 71% 72%
C2: ResNet-50 FC SPP VLAD 0.712 75% 71% 70% 73%

D2: ResNet-50 FC SPP VLAD CG 0.796 77% 71% 71% 73%

TABLE IV
EVALUATIONS FOR THE VARIOUS COMBINATIONS OF THE ARCHITECTURE USING RESNET-18 ON THE TEST SET OF THE COLLECTED DATABASE.

Model Setting ROC Sensitivity Specificity Accuracy F1-score
A3: ResNet-18 FC 0.988 97% 94.2% 97% 96.7%

B3: ResNet-18 FC SPP 0.996 98% 86.6% 99.5% 92.8%
C3: ResNet-18 FC SPP VLAD 0.961 85% 92.4% 99.5% 95.8%

D3: ResNet-18 FC SPP VLAD CG 0.977 90% 96.17% 99.5% 97.9%

Specificity = D/(D +B)× 100 (6)

Where D represents the correctly predicted as COVID-19, B
is the wrongly predicted as Non-COVID.

Sensitivity = A/(A+ C)× 100 (7)

Where A represents the correctly predicted as Non-COVID,
C is the wrongly predicted as COVID-19.

F1− score = 2A/(2A+ C +B)× 100 (8)

C. Results
In this part, the experiments are conducted by ablation study

for evaluating the overall performance of each sub-framework
of the proposed framework. Then a comparison is made with
other methods to show the performance of the framework.

1) Ablation Study: The performance of each sub-
framework of the designed scheme is evaluated on the col-
lected database. To make a clear explanation, as shown in
Table II, III, IV and V, the model setup “ResNet-18 FC”
and “ResNet-50 FC” denotes that ResNet-18 with two fully
connected layers, the rest are like this observation. In addition,
other model setting in Tables II, III, IV and V equips two or
three modules to learn the discriminative patterns among them.

To compare the accuracy for COVID-19 detection, ResNet-
50 without pre-training is also evaluated. As shown in Table
II, for the metric of accuracy, all the combinations obtain
the comparable performance for COVID-19 detection. As
shown in Table III, to further validate the performance of our
method, ResNet-50 without pre-training is also adopted. From
both tables, we can observe that ResNet-18 and ResNet-50
without pre-training can obtain poor performance for COVID-
19 detection.

As shown in Table IV, for the metric of accuracy, all the
combinations obtain the comparable performance of 99.5%
except A3. In addition, for the sensitivity metric, A1 obtains
the best accuracy, and D3 obtains the weak accuracy for
COVID-19 detection. The reason is that an unbalanced test
set (3000 Non-COVID data samples, 100 COVID-19 data
samples) is adopted in our task for COVID-19 detection. In
addition, one can note that A3 obtains the best sensitivity
of 97%, and D3 achieves 90% for COVID-19 detection. The
reason is twofold: 1) The structure of D1 is more complicated
for training the deep models, while for A3, only two append
two fully connected layers are appended; 2) The sacrifice of
data samples also causes the discrepancy of the performance.

However, as shown in Table IV, the specificity demonstrates
another representation for Non-COVID samples. One can note
that D3 obtains the best performance of 96.17% for classify-
ing the Non-COVID images. Also, for A3, it obtains better
performances with 94.2%. From these results, conclusion can
be drawn that the data samples can affect the performance of
COVID-19 detection.

As shown in Table V, to further test the performance for our
method, ResNet-50 is adopted. The same observation found
as the ResNet-18, A4 also obtains the best performance for
the sensitivity of 99%, and D4 obtains the best result of
99.4%. These results indicate that the observation concluded
for the Table IV. These results also show the availability of
the architecture, which can learn the patterns for COVID-19
detection.

To further validate the proposed method for COVID-19
detection, SqueezeNet and Densenet-121 are adopted. As a
result, as shown in Table VI, D4 obtains the best performance
for COVID-19 detection. In addition, of course, the four
methods have a high sensitivity rate exceeding 92% and obtain
a comparable specificity rate.
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TABLE V
EVALUATIONS FOR THE VARIOUS COMBINATIONS OF THE ARCHITECTURE USING RESNET-50 ON THE TEST SET OF THE COLLECTED DATABASE.

Model Setting ROC Sensitivity Specificity Accuracy F1-score
A4: ResNet-50 FC 0.991 99% 85.2% 99.8% 91.2%

B4: ResNet-50 FC SPP 0.999 99% 95.8% 99.8% 97.0%
C4: ResNet-50 FC SPP VLAD 0.995 97% 95.3% 99.8% 97.5%

D4: ResNet-50 FC SPP VLAD CG 0.999 92% 99.4% 99.8% 99.6%

TABLE VI
DIFFERENT DEEP NETWORKS ARE USED FOR COVID-19 DETECTION ON THE TEST SET OF THE COLLECTED DATABASE.

Model Setting ROC Sensitivity Specificity Accuracy F1-score
D3 97.7% 90% 96.17% 99.5% 97.9%
D4 99.9% 92% 99.4% 99.8% 99.6%

SqueezeNet FC SPP VLAD CG 0.969 90% 94% 98.7% 92.1%
Densenet-121 FC SPP VLAD CG 0.92 89% 92% 96.5% 91.8%

TABLE VII
PERFORMANCE COMPARISON WITH DIFFERENT DEEP ARCHITECTURES FOR COVID-19 DETECTION.

Model Setting ROC Sensitivity Specificity Accuracy F1-score
D3 (Ours) 97.7% 90% 96.17% 99.5% 97.9%
D4 (Ours) 99.9% 92% 99.4% 99.8% 99.6%

ResNet-18 [19] 98%±2.7% 90.7%±1.1% 95.3% – –
ResNet-50 [19] 98%±2.7% 89.6%±1.1% – – –
SqueezeNet [19] 98%±2.7% 92.9%±0.9% – – –

Densenet-121 [19] 98%±2.7% 75.1%±1.5% – – –
TLCoV-VGG-16 [36] – – – 97.67% 96.59%

Fig. 4. The confusion matrix of the proposed architect with different
combinations.

Comparison is also provided between our results, using the
combination of ResNet, SPP, and NetVLAD methods, with
those state-of-the-art methods with other deep learning meth-
ods. The results on the database are shown in Table VII. From
the reported results, it can be noted that the proposed methods
obtain comparable performance for COVID-19 detection.

In addition, to further illustrate the right image samples
for Non-COVID and COVID-19, confusion matrices for the
ResNet-18 and ResNet-50 Fig. 4 for the 3100 images on the
test set.

Furthermore, to further visually illustrate the results of
COVID-19 detection, the method of [37] is used to visualize
the deep architectures. As shown in Fig. 5, the first row is the
randomly selected COVID-19 images, and the other row is
the heatmap for the first row. One can note that the proposed
method can detect the most discriminative regions for COVID-
19 detection.

V. CONCLUSION

We present a learnable framework named COVIDNet for
detecting COVID-19 from X-ray images in this paper. In
the framework, ResNet (i.e., ResNet-18 and ResNet-50) is
utilized to the backbone network to extract the discriminative
representations. Second, the SPP layer is adopted to capture
the middle-level features from the features of ResNet. After
that, to learn the high-level features, the NetVLAD layer is
used to aggregate the features representation from middle-
level features. After performing feature aggregation operation,
the CG mechanism is adopted to learn further the high-
level representations for predicting the COVID-19 patients and
NON-COVID. Lastly, we carry out extensive experiments to
estimate the proposed architecture performance for COVID-19
detection, with the sensitivity of up to 97%, and specificity of
99.5% of the ResNet-18, and with the sensitivity up to 99%,
and specificity of 99.4% of the ResNet-50.

In future work, we will augment the database for COVID-
19 detection and also collaborate with the hospitals to track
the COVID-19 patients to study the depression symptoms.
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