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ABSTRACT Properly wearing a face mask has become an effective way to limit the COVID-19 transmission.
In this work, we target at detecting the fine-grained wearing state of face mask: face without mask, face with
wrong mask, face with correct mask. This task has two main challenging points: 1) absence of practical
datasets, and 2) small intra-class distance and large inter-class distance. For the first challenging point,
we introduce a new practical dataset covering various conditions, which contains 8635 faces with different
wearing status. For the second challenging point, we propose a novel detection framework about conditions
of wearing face mask, named Context-Attention R-CNN, which enlarge the intra-class distance and shorten
inter-class distance by extracting distinguishing features. Specifically, we first extract the multiple context
feature for region proposals, and use attention module to weight these context feature from channel
and spatial levels. And then, we decoupling the classification and localization branches to extract more
appropriate feature for these two tasks respectively. Experiments show that the Context-Attention R-CNN
achieves 84.1% mAP on our proposed dataset, outperforming Faster R-CNN by 6.8 points. Moreover,

Context-Attention R-CNN still exceed some state-of-the-art single-stage detectors.

INDEX TERMS COVID-19, conditions of wearing face mask, detection framework, new dataset.

I. INTRODUCTION

COVID-19 has seriously threatened the safety of human life,
and quickly spread to the majority of countries worldwide.
Fortunately, the surgical face masks could cut the spread
of coronavirus [1]. The World Health Organization (WHO)
recommends that people should wear face masks if they
have respiratory symptoms, or they are taking care of the
people with symptoms [2]. Furthermore, many public service
providers ask customers to use the service only if they wear
masks [3]. Therefore, detections on conditions of wearing
face mask have become a valuable and meaningful computer
vision task.

However, most of current researches and mask detection
applications target at solving the two-classes detection prob-
lem: masked face and not-masked face, which ignores the
problem of whether a face mask is worn correctly. The lack
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of research will lead to virus spreading by people who wear
face mask in an incorrect way.

To address the limitations existed in previous works,
we target at detecting more fine-grained conditions of wear-
ing face mask: face without mask, face with a wrong mask,
face with correct mask. For such a purpose, a practical valu-
able related dataset is needed, which is another limitation
in current works. Therefore, we propose a clean, practical
and challenging dataset. Specifically, we collect the most
raw images from the MAFA [4], and supplement some mask
incorrect images(rare in the real world) by downloading
images from the internet. In order to make the dataset more
various and practical, we classify the MAFA dataset to several
subclasses, and collect the raw images from each subclass.
Besides, we label objects in raw images with bounding boxes
and clean the dataset by manual inspection.

Detecting conditions of wearing face mask is a challenging
task. The reason is that large appearance variations in intra-
classes and small apperance variations between different
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FIGURE 1. Red:Faces without face masks; Green:Faces with correct face
masks; Yellow: Face with an incorrect face mask; The Region-of-Interests

generated by region proposal operation show the challenge of this task:
different classes are very highly similar, same classes are very different.

classes, which leads to difficulties in learning distinguish-
ing features for detection(See Fig. 1). From the example
images shown in Fig. 1, we can find that the local Region-of-
Interests(Rols) in different classes may have no difference,
but have relatively obvious distinction when we consider the
surrounding context feature(Fig. 1 roi-2 vs. roi-3). On the
contrary, the surrounding context features of some Rols
(Fig. 1 roi-4 vs. roi-5) have no significant difference, but have
obvious difference we when consider the inside local spatial
region. Based on this observation, there are two problems
should be solved: (1) how to extract context features? (2) how
to balance these context features from multiple dimensions
for generating more distinguishing features? In this paper,
we propose the Context-Attention R-CNN, which aims to
solve the above problems and further achieve accurate detec-
tion on conditions of wearing face mask. Firstly, we introduce
a context feature extractor to get the multiple receptive-field
context feature for the Rols. Secondly, we use an atten-
tion mechanism to explicitly balance the multiple context
features. Specifically, channel attention is used to weight
the multiple context features while latter spatial attention
is adopted to balance the spatial features for each context
feature. Due to the difference between localization and clas-
sification task, we decouple the conventional coupled archi-
tecture for more accurate performance.

The contributions of this paper are summarized as follows:

1) We propose an accurate conditions of wearing face
mask detection framework named Context-Attention
R-CNN, which extend the two-classes face mask
detection problem into triple-classes detection prob-
lem and detect conditions of wearing face mask more
fine-grained.

2) We present a challenging, practical, and fine-grained
dataset about conditions of wearing face mask, which
can be used as a valuable data resource for studying
new detectors.

3) An effective practice in controlling spread of the
COVID-19. The Context-Attention R-CNN is effective
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and practical in detecting properly wearing face
mask and preventing the transmission of COVID-19
infection.

The rest of this paper is organized as follows: related work
is reviewed in Section II. The details of data construction and
proposed model are shown in Section III. Experiments are
presented in Section IV. Finally, this paper is concluded with
a summary in Section V.

Il. RELATED WORK

A. FACE DETECTION

Generic face detection. As one of the early most famous face
detector,the Viola-Jones proposed the boosted-based cascade
architecture with simple yet fast Haar features [5]. The work
of [6] introduced an ensemble of decision trees to detect
faces. It implemented a fast detection speed through com-
paring pixel intensities between different nodes. A unified
face detector was presented by [7], which combined detection
and alignment in a model. In [8], a hierarchical DPM-based
framework was developed to achieve face detection and key-
point localization.

In addition to the above conventional face detectors,
the convolutional neural network(CNN) based models show a
remarkable progress in recent years. In [9], the proposed face
detector adopted the feature aggregation model [10], while
the features were extracted by CNN. The authors of [11]
proposed attribute-related CNN to predict the confidences
for candidate windows. Recently, a region-based CNN face
detector was proposed in [12], which also took the contextual
information into account. The work of [13] developed a novel
grid loss to solve the occlusion issues in face detection task.
For the same purpose, [4] proposed locally linear embed-
ding module to get a similarity-based descriptor. Combined
with dictionaries mechanism, it achieved an accurate per-
formance on occlusion face task. Besides, a novel super-
vised transformer network was designed to relieve the pose
variations problem [14]. [15] design a cascaded framework,
which consist of three stage,to progressively improve the
face detection performance. The authors of [16] proposed
an multiple-branches framework to focus on the accurate
detection of small faces. The framework fuses the feature
maps of different branches for detecting hard small faces. [17]
introduces a receptive field block to extract the robust feature
map. Combined with cascaded CNN, it achieves continuous
improvements on multiple related dataset.

Masked face detection. The masked face detection refer to
the face mask detection task, which is emerged along with the
outbreak of COVID-19. Its goal is to check a person whether
wear face mask to cut the spread of the COVID-19 virus.
[18] proposed RetinaMask detector based on the single-stage
generic detector named RetinalNet. The RetinaMask also
took the context information into account, and try to extract
the robust feature. The work of [19] presented a hybrid detec-
tion framework which combined the deep neural network and
conventional machine learning algorithms. [20] implement
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FIGURE 2. Examples of our dataset.

TABLE 1. Comparisons of previous works.

non-hand-masked faces

-

= B ik
masked incorrect face

masked correct face

Judge Whether Judge Whether .
Method Wearing Facemask | Wearing Correctly Advantages Disadvantages
1. Strong ability to extract robust feature. 1. More training time.
RetinaMask [18] YES NO 2. Efficient. 2. More complicated post-processing and sensitive to
3. High precision and recall on specific dataset. the related hyper-parameter.
1. Ensemble various classical classifiers for better performance. 1.Restricted to the scene that one person per image,
Hybrid model [19] YES NO 2. High precision on specific dataset. and the face covering the most region of image.
3. Simple to deploy. 2. Training process is relatively complex.
1.More reasonable number of anchor boxes. 1. Medium performance.
ResNet-YOLOVZ [20] | YES NO 2. High speed. 2. The confidence of the predicted results is relatively low.
1.Non-End-to-End.
. 2. Strong rely on pre-processing.
RTFR [21] YES NO 1. Easy to deploy 3. Only local feature was used, which will lead to errors in
some complex cases.
SCRNet [22] YES YES 1. Good performance on low quality image. ; g:r‘n-zpll(;cr?‘ll:lfe(:‘i:::lils)rvovie;s4Ioca] face was cropped.
1. Strong ability to extract the distinguish feature map.
Ours YES YES 2. High average precision on the practical dataset. 1.More hyper-parameters(i.e. pre-defined anchor boxes).
3. End-to-end pipeline, easy to implement (including training and test) and deploy.

the medical face mask detection by combining the ResNet-
50 and the classical single-stage generic detector YOLOV2.
It improves detection performance by using mean IoU to set
the proper number of anchor boxes. [21] first divide the input
image to several segments.Then use the VGG16 model to
predict the final results.

Facemask-wearing conditions detection. Reference [22]
divides the task to four steps: preprocessing image, crop face
regions, super-resolution operation, predict the final condi-
tion. The main novel point is that it apply the super resolution
to improve performance for low-quality images. However,
it is a non-end-to-end framework, which will make the train-
ing process complex.In addition, only the local feature was
used when predict the final results.

The above first two face detection tasks target at detect-
ing the clean face or face mask, and it did not care about
fine-grained conditions of wearing face mask. Therefore,
the related researches can provide some heuristics for our
task, but are not suitable to directly detect the conditions
of wearing face mask. To show the advantages and disad-
vantages of our proposed and the most related works(maske
face detection and facemask-wearing conditions deteciton),
we summary these works in Table. 1.
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From the above development of face detectors, we can
find that the CNN-based face detectors have outperformed
traditional detectors. In addition, some state-of-the-art face
detectors are inspired by the generic object detectors.
Inspired by the above development, we propose the Context-
Attention R-CNN based on the CNN generic object detec-
tors. We will review the generic object detectors in the next
subsection.

B. GENERIC OBJECT DETECTION

Two-stage detectors. The two-stage detectors consist of two
main stages: the first stage try to provide the candidate
region proposals, while the second stage predict the classi-
fication scores and localization offsets for these proposals.
The R-CNN [23] could be treated as the first most classical
region-based detetion framework. The Rols in R-CNN was
proposed by the Selective Search [24]. For each Rol, the
R-CNN used the CNN-based extractor to extract the feature
map. In order to saved redundant computation, Fast R-CNN
[25] and SPPNet [26] extracted the feature for a whole image,
and shared the whole feature for all Rols. For a faster speed,
the Faster R-CNN [27] introduced a region proposal network
to automatically propose the candidate region proposals,
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and shared the feature with the second stage. Through the
fully convolutional architecture in Rol-head, the R-FCN [28]
further improved the inference speed. In order to imple-
ment the high quality object detector, Cascade R-CNN was
introduced to predict the classification score and regres-
sion offsets with a cascade way [29]. In order to relieve
the sensitivity of anchor box hyper-parameter, [30] intro-
duce a dimension-decomposition region proposal network
(DeRPN) to independently predict the width and height of
object.

Single-stage detectors. The single-stage detectors discard
the region proposal stage, and directly predict the classifica-
tion scores and localization offsets for anchor boxes.YOLO
[31] adopted the predefined grids on image as prior regions
to predict the classification scores and localization offsets in
a single stage. SSD [32] designed a CNN-based architecture
to directly predict the final results on different layer feature
maps. It still used the prior anchors as the candidate pro-
posals, but discarded the time-consuming operations existed
in first stage of two-stage detectors. Later, YOLO9000 [33]
was introduced which still used the prior anchors to improve
the accuracy of framework. In addition, some training tricks
were used to boost better performance. For addressing the
imbalance problem existed in one-stage detectors, RetinaNet
[34] proposed a novel loss, named focal loss, to automatically
adjust the importance of training samples.Similar to two-
stage detectors, RefineDet [35] introduced Anchor Refine-
ment Module(ARM) to filter some easy negative samples,
and designed Object Detection Module(ODM) to predict the
final scores and offsets. Different from two-stage detectors,
it did not conduct the time-consuming Rol-wise operation
in the first stage. Therefore, it was treated as single-stage
detectors.

Many recent face detectors are inspired by the generic
object detection algorithms. Though the single-stage detec-
tors were more efficient, two-stage detectors usually show
a superior generalization ability when transfer to specific
detection task. Therefore, we propose the Context-Attention
R-CNN based on the generic two-stage region-based
detector.

lll. METHODOLOGY

A. BACKGROUND

The purpose of our paper is to detect the fine-grained condi-
tions of wearing face mask, and further make contributions
to the limitation of COVID-19. This is a challenging task.
Firstly, the practical related dataset is absent. Secondly, there
is a fact that subtle appearance variations between differ-
ent classes and large apperance variations in intra-classes.
To address these challenging issues, we first present a clean
and practical dataset about conditions of wearing face mask.
Based on the proposed dataset, we develop a detection frame-
work, named Context-Attention R-CNN, which can achieve
high quality detection performance by capturing the distin-
guishing feature.
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B. DATA CONSTRUCTION

In this section, we will describe details of the related dataset
construction. Firstly, we introduce the process of data collec-
tion. And then, the dataset annotation and statistics will be
described.

1) DATA COLLECTION

Our dataset contains a total of 4672 images, in which
4188 raw images are selected from the MAFA public dataset
[4]. The MAFA is a masked face dataset, which contains
30, 811 images and 35, 806 masked faces. Faces in the
dataset have various degrees of occlusion and mask types,
which includes man-made objects with pure color, man-made
objects with complex textures, or face covered by hand etc.
Although raw images in the MAFA are diverse, the dataset
only focused on detecting masked face, which is not suitable
for our target.

We create a new dataset which specificlly contributes to
detect conditions of wearing face mask. In order to make
the collected images as diverse as possible, we first divide
the MAFA raw images into five types: clean face, hand-
masked face, non-hand-masked face, masked incorrect face,
masked correct face. Examples of the five types are shown in
the Fig. 2. Based on our definition, non-hand-masked faces
contain a face masked by man-made objects with complex
textures like scarf, sunglasses or mobile phone etc.The first
three types can be seen the without_mask class in our task.
Therefore, we ensure that the selected face images cover
all of the first three types. The rest 484 images of our
dataset are downloaded from the internet, which mainly are
mask_incorrect instances due to this class is rare in MAFA.

2) DATA ANNOTATION

We use the popular open-source labeling tool (labellmg)
[36] to annotate the raw images. For the annotaion for-
mat, we choose the PASCAL VOC format [37], which is
a popular, classic annotation format for object detection
task. It has a series of evaluation tools for evaluating the
model performance. As for the label names, we use the with-
out_mask, mask_correct and mask_incorrect to represent the
face without a face mask, a face with a face mask in a
correct way and a face with a face mask in an incorrect way
respectively.

3) DATA STATISTICS

In this section, we statistic the distribution of bounding
box ground truth from the three aspects: Firstly, as shown
in Fig. 3(a), statistics represent the distribution of classes
based on the number of classes in an image. We notice that the
number of images who have three classes are the least. Sec-
ondly, as shown in Fig. 3(b), we divide the size of bounding
boxes into small, medium and large based on the standard of
Microsoft COCO [38]. The number of small size is much less
than the other sizes.Thirdly, as shown in Fig. 3(b), the number
of mask_incorrect is much less than the others classes,which
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FIGURE 3. Data statistics of our dataset.

‘Region Proposal Module

512« H*W ! proposals

regression

S T G S

i| classification ,_‘ | 2o
CNN »}L | B

(b)
| |
2,540
2,000 |- 1,871 i
1,534 ]
1,078
1,000 | - -
490
23
111
0 [ . L] ED |

T T T
without_mask mask_correct mask_incorrect
Conditions of wearing face mask

0 0small |0 mediallDlarge ‘

'Decoupling branches

! roi pooling Attention. *I "I hI ffset

! ; — offsets

| L_;ﬁ NMS
i

; |
512+ 14 14,

1 T —>
:Attentlon

'
'

'

> '
scores :

|

'

1

'

1 fcl fc2 fc3

Multiple Context Feature Extractor

512*H*W

FIGURE 4. The overall pipeline of Context-Attention R-CNN. Based on the backbone feature extracted by CNN, the region proposal module outputs
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each region proposal can be generated by the roi-pooling operation. Finally, the decoupling classification-localization branches, which consists of an
effective attention module and three fully-connected layers, predict the classification scores and localization offsets. After Non-Maximum

Suppression(NMS), the final results can be obtained.

is areflection of reality. Based on the Fig. 3, we can know that
our dataset is imbalance in the number of class per image,
distribution of size and the number of bounding box in an
image. It is a trully reflect of reality situation and make more
challenge for the detection task.

C. CONTEXT-ATTENTION R-CNN

Based on region-based two-stage detection framework,
we proposed a novel detection framework about conditions
of wearing face mask, named Context-Attention R-CNN,
which contains three novel components. Firstly, a Multiple
Context Feature Extractor is used to extract multiple context
information for Rols. Secondly, the decoupling classification-
localization branches are proposed to predict the accurate
class scores and localization offsets. Thirdly, channel-spatial
attention is used as a key component in decoupling branches.
The overall pipeline is shown in Fig. 4.
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1) MULTIPLE CONTEXT FEATURE EXTRACTOR

We implement the multiple context feature extractor(MCFE)
by adopting the atrous convolution [39] with different dila-
tion rates. Comparing to convolution with different kernel
size, the atrous convolution have fewer parameters and still
can extract the feature map with multiple Receptive-Field
context information by adopting multiple different dilation
rates. With a proper padding size, we can make the feature
map outputted by convolution kernel with different dilation
rates have the same size. Then we combine the feature maps
from different atrous convolutional layers by cross-channel
concatenation. If the size of input feature mapis C x H x W,
and the number of different dilation rates is K, we set %
convolution kernels for each dilation convolution. Thus the
output of the MCFE is K x % x H x W. For example,
we using the VGG16 [40] as the backbone to extract the basis
feature(i.e.,conv5-3) in this paper, the size of basis feature

is 512 x H x W. With the dilation rates are set to 1, 3, 5,
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7(K = 4), the size of context feature map extracted by MCFE
is4 x 128 x H x W. (see Fig. 5)

2) DECOUPLING CLASSIFICATION-LOCALIZATION
BRANCHES

Many existed two-stage detectors shared the feature for local-
ization and classification branches. However, the localization
mainly focus on location information while the classification
branch try to capture the high level semantic representation.
The shared feature is intrinsic not optimal for this two specific
tasks.

In this paper, we decoupling the classification and localiza-
tion branches, share the same architecture but do not share the
parameter. For each branch architectures, an attention module
first capture the effective context feature from the roi-pooling
feature map. Then a series of fully-connected layers is used to
predict the final offsets or class scores. Next, we will describe
the detail of branch architecture.

Multiple Context Feature Attention. The Multiple
Context Feature Attention (MCFA) consists of channel-
attention(CA) and spatial-attention(SA), whose target is to
capture the effective context feature and depress some noise
context features from two aspects of semantic and spatial.

Channel attention. The channel-wise attention module is
used to weight the channel features for balancing the different
Receptive-Field(RF) context features and different channel
features inside each RF feature. Let roi-pooling context fea-
ture maps as Fo € RO F. = [f,f,,... ], §i €
R(C/KOXRXR represent a context feature block with specific
dilation rate, where C, K, R refers to the number of chan-
nel, dilation rates and roi-pooling size respectively. Then,
the weighted context feature can be formulated as:

Fca = CA(Fe) ® Fe ey

where CA denotes channel-wise attention module which out-
put weights for all channels, and ® represents channel-wise
multiplication. For details of CA, we adopt the architecture
used in CBAM [41],

CAF,) = o(fc2(relu(fc1(AveragePooling(F))))
+ fc2(relu(fcl(MaxPooling(F¢)))))  (2)
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where o denotes sigmoid function, and fc operation is imple-
mented by a convolutional layer with 1 x 1 kernel size.

Spatial attention. The spatial attention aims to assign more
attention to important spatial feature and depress the noise
feature. Instead of applying a parameter-shared spatial atten-
tion for all channels of CA feature, we adopt K spatial
attention modules for K channel feature blocks respectively.
Let multiple RF context feature weighted by CA as Fca €
REXRXR Fp = . 85, ....f 1. € R(C/KIXRXR represents
a weighted context feature block with specific dilation rate.
Then the CA context feature weighted by SA can be formu-
lated as:

Fsa = Concatenate(SA1(f)) @ fj, SAx(f;) @ £,
. SAk(f/k) ® f/k) 3)

where SA; denotes spatial-wise attention module which out-
put weights for ;. ® represents spatial-wise multiplication
and Concatenate denotes channel-wise concatenate. For
details of SA, we adopt the architecture used in CBAM [41],

SAi(f}) = o(Conv(Concatenate(Mean(f;), Max(f})))) (4)

where o denotes sigmoid function. Mean and Max means
operation that extracts pooling features across the channel.

Note that our work explores the usage of attention mecha-
nism on this task, and adopts the existing spatial and channel
attention proposed in CBAM [41]. Other attention formulas
may have a better potential, but are not the study scope of this
work.

Prediction of offsets and scores After MCFA, we exploit
a series of fully-connected layers to predict the final local-
ization offsets and classification scores. Let Fg, , Fg, as the
context feature are weighted by MCFA for localization and
classification branch respectively. Then, the final prediction
of localization offsets and classification scores can be formu-
lated as:

offsets = fc3(relu(fe2(relu(fc1(Fgy))))) @)
scores = softmax(fc3(relu(fe2(relu(fc1(Fgy))))))  (6)

where the fc; in different branches are not shared. Following
Faster R-CNN, we use the same transformed offsets expres-
sion. Let us denote region proposal to be [xp, yp, hp, wp] and
final predicted box to be [x,y, h, w]. The offsets equal to
[£x, ty, th, ty], where

e = (x — xp)/wp @)
ty=(©— )’p)/hp (8)
ty = log(w/wp) )
tp = log(h/hy) (10)

IV. EXPERIMENTS

We will describe the detail of our experiments in this
section. Firstly, we introduce the dataset and evaluation
criterion in Section IV-A. Then the implement details of
Context-Attention R-CNN and training process are shown
in Section IV-B. The Section IV-C reports the performance
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TABLE 2. Comparisons with state-of-the-art detectors.

Detector Backbone without_mask mask_correct mask_incorrect mAP
Faster R-CNN [27] ResNet-50 0.738 0.858 0.722 0.773
Faster R-CNN [27] ResNet-50-FPN 0.789 0.889 0.807 0.828
Cascade R-CNN [29] ResNet-50 0.809 0.893 0.794 0.832
RetinaNet [34] ResNet-50-FPN 0.780 0.862 0.800 0.814
SSD300 [32] VGG16 0.749 0.880 0.809 0.812
SSD512 [32] VGGI16 0.771 0.882 0.823 0.826
Context-Attention R-CNN(ours) VGG16 0.785 0.887 0.852 0.841

TABLE 3. Ablation studies of three core components in our Context-Attention R-CNN. The check mark means which components an experiment has.

Multiple Context Feature Extractor ~ Attention Module — Decoupling Branches — without_mask mask_correct mask_incorrect mAP
v v 0.785 0.887 0.852 0.841

v 0.775 0.884 0.830 0.830
v 0.778 0.888 0.797 0.821
v v 0.779 0.890 0.842 0.837

about our method and state-of-the-art works. Finally, the abla-
tion study is described in Section IV-D.

A. DATASET AND EVALUATION

Basic Dataset. All experiments in this paper are conducted
on the proposed dataset. As mentioned above, this dataset
contains 4672 images which includes three types of object:
without_mask, mask_correct, mask_incorrect. We randomly
split it into two subsets: training set(3504 images) and test
set(1168 images).

Evaluation. For evaluation, we choose the standard mean
average precision (mAP) [37], which is widely used for evalu-
ating the performance of object detectors. In this paper, we set
the IoU (Intersection-over-Union) thresh as 0.5.

B. IMPLEMENTATION DETAILS

Network architecture.We use the VGG16 [40] pre-trained
on ImageNet [42] as the backbone network. In order to better
display the advantages of spatial attention, we set the size
of roi-pooling as 14 x 14. In decoupling branches, we set
the dimension of fully-connected layers as 2048. In addition,
the kernel size of spatial attention is 3 x 3.

Image Preprocessing. In train and test phrase, the image
is first resized to 600 x 1000. Then pixel values of
the resized image are normalized to [-1,1]. Additionally,
the horizontally-flip operation is used to augment the training
samples.

Training. We train Context-Attention R-CNN with batch
size 1 for 11 epochs. A stochastic gradient descent (SGD)
optimizer with 0.9 momentum was used. The start learning
rate is 0.001, and is decreased by a factor 10 after 10 epoch.

C. COMPARISON WITH STATE-OF-THE-ART DETECTORS
In this section, we compare our method with the state-of-the-
art generic object detectors. In order to make a comprehensive
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comparison, we report the results of single-stage detectors
and two-stage detectors. The results are shown in Table. 2.
Without bells and whistles, our Context-Attention R-CNN
outperforms these classical generic object detectors. Specif-
ically, our Context-Attention R-CNN achieves 84.1% mAP
with VGG16 backbone. Compared with two-stage detec-
tors, our Context-Attention R-CNN outperforms the ResNet-
50 Faster R-CNN by 6.8 points. As a two-stage detectors,
ResNet-50 Cascade R-CNN can be seen a strong baseline.
Context-Attention R-CNN still achieves 0.9 points higher
than ResNet-50 Cascade R-CNN. As for single-stage detec-
tors, SSD512 shows the best performance, but it is still
1.5 points lower than Context-Attention R-CNN. Some visual
examples generated by Context-Attention R-CNN can be
seen in Fig. 6.

Some phenomena should be noticed. Specifically, the per-
formance rank in the generic detection task (such as COCO,
VOC) is changed when transfer into our task. Therefore,
the task-related design is important. In addition, compared
with single-stage detectors, the two-stage detectors still show
more robust ability. It may be due to the imbalance issues
existed in single-stage detectors.

D. ABLATION EXPERIMENTS

To understand the effectiveness of each component in
Context-Attention R-CNN, we conduct the ablation studies
whose results are shown in Table. 3. Specifically, we study
three components: multiple context feature extractor, atten-
tion mechanism and decoupling branches.

Multiple Context Feature Extractor. Without MCFE,
the explicit context information cannot be extracted, and
the latter module will act on the raw roi-pooling feature.
We can find that it decreases the mAP from 84.1% to 83.0%.
Therefore, even though the roi-pooling implicitly contain
some context information and the attention mechanism can
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FIGURE 6. Some visual examples generated by Context-Attention R-CNN. The Green bounding boxes represent faces with correct face masks; The Red
bounding boxes represent faces without face masks; The Blue bounding boxes represent faces with an incorrect face masks.

further strengthen the representation, the performance is still
decreased without the explicit context features.

Attention Mechanism. Attention module can bring
2.0 points higher mAP than the architecture without atten-
tion. For mask_incorrect class, the attention module brings
5.5 points improvement. The mask_incorrect class some-
times is highly similar to mask_correct.It suggests that
the attention module is a very important component and
plays an important role in extracting the distinguishing
feature.

Decoupling Branches. Compared with the conventional
shared branches, the decoupling branches can improve the
mAP from 83.7% to 84.1%. This indicates that it is bet-
ter to extract the different feature map for different task
branch. In this paper, we decouple the branches but share
the same network architecture. It is a noticed direction
that explore the different architectures for localization-
classification branches.

V. CONCLUSION

In this paper, we first propose a practical and challenging
dataset, which aims to reflect the conditions of wearing face
mask in the era of COVID-19. Then we analyze the main
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challenging points in this task. Based on these analyses,
we further develop Context-Attention R-CNN, a framework
to detect conditions of wearing face mask, which con-
tains three novel points: multiple context feature extrac-
tor, decoupling branches and attention module. With these
components, the Context-Attention R-CNN brings signifi-
cant improvements for region-based detector. The extensive
experiments show that Context-Attention R-CNN outper-
forms many state-of-the-art detectors, including two-stage
detectors and single-stage detectors. We believe that this
dataset and Context-Attention R-CNN can make contribu-
tions for preventing the COVID-19 virus from spreading.
Besides the coronavirus, our work is applicable to protect
against other infectious diseases which can be spread by
such things as coughing, sneezing, or even speaking at close
range. In the future work, we will explore the imbalance
problems and a better attention architecture for more accurate
detection on conditions of wearing face mask. In addition,
there was always one problem with CNN-based detectors:
sensitive to hyper parameter.Therefore, the hyper parameter
optimization(e.g. anchor box) is another important research
direction, which can relieve some issues araised by hyper
parameter.
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APPENDICES
See Table 4 and Algorithm 1.

TABLE 4. Experimental Setup.

Development Environment  Details

CPU Intel(R) Xeon(R) CPU E5-1603 0
@ 2.80GHz
GeForce GTX TITAN X

GPU Memory: 12G

Nvidia Driver Version 418.56

CUDA Version 10.1.105

Pytorch 1.6.0

Python 3.79

Linux Version

Ubuntu 16.04

Algorithm 1 Context-Attention R-CNN

Input: Animage /
Output: A set of predicted object coordinate B, A set of

predicted object classification scores C

: Generate backbone feature by by the CNN f.;;, (such as

VGG, ResNet etc.): by = fenn(D);

: Generate proposals P and objectness scores S by the

region proposal module RPM: P, S = RPM (by);

: Get N proposals Py and corresponding scores Sy pro-

cessed by Non-Maximum Suppression NMS operation:
Py, Sy = NMS(P, S)

: Get the multiple context feature mcy by multiple context

feature extractor MCFE: mcy = MCFE(by);

5: Initialize B=0,C = O
6: for each p, € Py do

Get roi pooling feature rpy by roi pooling operation
RPO: rpy = RPO(p,,, mcy);

8:  if branch is classification then
9: Apply channel-attention CA and spatial-attention

SA:cy = SA(CA(rpy));

10: Get the final classification score c¢ by fully-
connected layers fcs : ¢ = softmax(fcs(cy));

11: C = C.append(c)

12:  endif

13:  if branch is localization then

14: Apply channel-attention CA and spatial-attention
SA:ly = SA(CA(rpr));

15: Get the final offsets o by fully-connected layers fcs
10 = fes(p);

16: Get the final coordinate b by the offsets transform
funciton trans_fun:b = trans_fun(p,, 0);

17: B = B.append(b);

18:  end if

19: end for

20: Get the final predicted B and C: B, C = NMS(B, C);

21: return B, C
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