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Abstract

Wearing face masks has been proven highly effective
in preventing the spread of Covid-19. Hence, face mask
detection has become an emerging object detection task
since the outbreak of the pandemic. However, there are
few works focusing on detecting the correctness of the way
masks are worn and the suitability of the choice of masks’
category. With the extensive usage of CCTV surveillance
cameras, abundant image data of people wearing or not
wearing masks of different categories in different manner
can be collected in real time. In this project, we first
collected images of people wearing different types of
face masks to build our dataset, which contains 6500
images, containing of faces in 5 categories. We adopted
deep-learning-based techniques to detect and classify
faces in real time according to whether they are properly
wearing face masks, and detailed to what type of mask
is worn if one is wearing a mask in a proper manner. To
be more specific, we experimented with the Faster-RCNN
model with different baseline CNN structures and different
ROI selection criterion, as well as the Yolov5 model , and
eventually reached an mAP value of 0.975 with FPS of
109.8.

1. Introduction

Since the outbreak of Covid-19, millions of people
worldwide has been infected by this highly contagious
virus, which also exhibits a higher fatality rate compar-
ing to normal influenza. Studies have proven that prop-
erly wearing face masks is highly effective in protecting
individuals from either spreading or being infected by the
virus [2]. It has also been illustrated that different types
of masks can lead to differentiated protection effectiveness
under various circumstances [6, 12]. For instance, figure
1 from Gurbaxni’s research demonstrated a massive differ-
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ence between the effectiveness of different masks.

Figure 1. protectiveness of different types of mask [6].

Despite its effectiveness, only when chosen properly and
worn correctly can a face mask’s protectiveness be fulling
made use of. However, many people display improper man-
ners of wearing their face masks, such as not fully covering
the nose, or even just hanging it over the neck and leav-
ing the whole face exposed to the air. And due to the vari-
ance between different masks in terms of protection effec-
tiveness, choosing the correct type of mask is also a sig-
nificant factor when evaluating individuals’ anti-epidemic
behaviours.

In this project, we adopted deep-learning-based tech-
niques to detect and classify faces according to whether they
are properly wearing face masks, and detailed to what type
of mask is worn if one is wearing a mask in a proper manner.

In the beginning, we started by choosing some face
mask related datasets, and did manual labeling to obtain
the bounding box coordinates and suit our own classifica-
tion objectives. Initially we planed to categorize faces into
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7 types – ”no mask” and three categories of masks each
for ”proper manner” and ”improper manner”. But we soon
realized that masks improperly worn, regardless of exact
type, show minimal protectiveness in reality. So it would be
more practical to categorize ”improper masks” as one class.
Hence the total number of classes is reduced to 5. Then, we
trained Faster-RCNN [16] with VGG16 [18], ResNet50 [7]
and a modified ResNet50 structure as baseline CNN model
to do object detection. We also trained the latest Yolov5 [8]
on the same training set and compared their performance.
Beyond which, we experimented with a new metric for mea-
suring the similarity of two boxes to replace the traditional
IOU score. Eventually we reached mAP of 0.997 and FPS
of 1.302 in the best Faster-RCNN settings, and mAP of
0.975 and FPS reaching an astonishing 109.8 in Yolov5 set-
tings.

2. Related Works
Face Detection + Face Classification. Face detection

algorithms are quite well studied, hence using a face
detector to locate faces in the image input and then passing
the located area to a separate CNN classifier is a simple
and intuitive way for face mask recognition. Goyal, Hiten,
et al [5] used the Single Shot Detector (SSD) [11] to detect
faces from the input image, and trained a separate CNN
classifier to distinguish ”faces with mask” to ”faces without
mask”. Their approach is illustrated in figure 2. Despite

Figure 2. SSD Face Detector + CNN binary classifier

this was a vanilla approach, it already achieved a decent
performance. Lin, Hong, et al [10] even went beyond
this to build a segmentation model to identify some key
points in the face region, which will be extracted from the
original image to pass through a Face Mask Recognition
Network(FMRN), which is a separate CNN classification
network, to do binary classification. They referred to this
process as ”ROI extraction”, which is essentially improving
the quality of the region to be passed to the CNN classifier.
The problem of these kind of approaches is that the network
cannot be trained as a whole from end to end, since the
task is divided into two stages, i.e. face extraction and
classification. Also it cannot recognize improper masks
effectively, since this scenario is sort of the intermediate
stage between ”face with mask” and ”face without mask”.
In our project, we will train a network as a whole to
simplify the task and the training process.

Real Time Detection with Yolo. Since the idea of ”You
Only Look Once”(Yolo) [14] came out in 2016, the Yolo
family has almost become the standard approach towards
real time recognition problems. Soon afterwards, differ-
ent versions came out one after another. Susanto, Susanto,
et al [20] built a face mask detection device at Politeknik
Negeri Batam using a rather sophisticated model. They first
use Yolov3 [15] to do dense prediction, and pass the ex-
tracted regions to a following Faster-RCNN to do sparse
prediction. Their structure is shown in figure 3. G. Yang et

Figure 3. Yolov3 dense prediction + FasterRCNN sparse predic-
tion

al [24] made use of the latest Yolov5 to build a guest pass
system at the entrance of a shopping mall to ensure only
those who are wearing face masks are granted access. They
achieved real time detection with a reported accuracy of
97.9%. However, similar to other previous works, as men-
tioned in the ”future work” session of their published paper,
they struggle to well identify masks worn in an improper
manner. In our project we will experiment with Yolov5 in a
similar approach, but with our custom classification objec-
tives to remedy the ambiguity for improper masks.

3. Dataset
3.1. Overview

To approach this task, abundant data is needed for the
training and testing of the model. We first collected two
public face mask datasets from Kaggle [4, 13] and one
dataset proposed by an existing research [19]. These
datasets were merged together to feed into our model. Some
examples are shown in figure 4. To be more specific, we
in total collected 6583 images, with 5924 out of which for
training, 462 for validation, and 197 for testing. The distri-
bution of data between all 5 classes can be found in figure 5.
The data is distributed among the 5 classes approximately
in a 1 : 1 : 1 : 2.5 : 1 : 1.5 ratio.

3.2. Manual Labeling

The original labels of the dataset we collected either met
our classification objectives nor provide bounding box in-
formation. Therefore, manual labeling was inevitable. To
help speed up the labeling efficiency, we took advantage of a
labeling software LabelImg [22], whose usage is illustrated
in figure 6, to help us obtain bounding box coordinates in
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Figure 4. examples of proper surgical, proper N95, proper cloth,
improper worn mask, and faces without mask [13] [19]

Figure 5. data distribution between 5 classes

Figure 6. usage of the LabelImg software

order to have fully supervised training.

3.3. Preprocessing

Data Augmentation. Among the images that we
collected, some of them has already been added with

noise or blurring effect, or rotated by some degree to
achieve certain augmentation. In the Faster-RCNN
data loading process, random flips were further added
to improve network robustness. And Yolov5, same as
Yolov4 [3], adopts Mosaic data augmentation, which com-
bines 4 different images into one according to certain ratios.

Warping. Both Faster-RCNN and Yolov5 have certain
input image size requirement. But the warping size warping
issue was handled by the code itself, hence no additional
warping was performed on the data.

4. Methods
We approached this task using both the Faster-RCNN

[16] and Yolov5 [8] model and compared their performance.
The overall structure is shown in figure 7 and figure 11 re-
spectively. Below explicitly describes some detailed infor-
mation.

Figure 7. overall structure of Faster-RCNN

4.1. Faster-RCNN

The Faster-RCNN is the third generation of the RCNN
object detection algorithm family. The key steps include
feature extraction, region of interest proposal and dense
layer classification. Among which, feature extraction from
a CNN and region proposal by the region proposal network
are the two crucial steps. We compared results of different
CNN structures used for feature extraction and applied dif-
ferent region proposal selection criterion on the proposed
regions.

4.1.1 CNN Models

We compared the results of using VGG16 [18],
ResNet50 [7], and a modified ResNet50 for feature
extraction.

VGG16. Having won the ImageNet [17] 2014 chal-
lenge, the idea of replacing conventional larger convolution
kernels by smaller 3 × 3 kernels, proposed by Simonyan
and Zisserman [18] in 2014 not only increased the deepness
of the network for learning more complex features, but
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also cost less parameters to improve efficiency. We chose
a VGG16 model that was pretrained on ImageNet as the
baseline feature extractor for the Faster-RCNN detector.
Our new thinking regarding region proposal selection
criterion was tested using the VGG16 as well.

ResNet50. As deep learning network become deeper and
deeper, it also brings greater difficulties for the training pro-
cess, such as degradation problems. He, Zhang et al [7]
proposed residual connections in 2015 to reform the layers
as learnable residual functions with reference to the inputs,
i.e.

y(x) = f(x) + x

and compact into Identity blocks, which brought about
great performance improvement. The performance of using
ResNet50 as the feature extractor was chosen as one of the
contrast experiment subjects as well.

Modified ResNet50. Inspired by how powerful residual
connections bring, we modified the residual connections to
further explore its effect. Instead of putting residual con-
nections within each identity block separately, additional
connections are added across different identity blocks, such
that smaller residual connections are embedded in bigger
ones. The idea is illustrated in figure 8. We hope this
stronger skip connection structure can bring stronger fea-
ture re-usability. Originally we wanted to experiment this
idea on ResNext [23], whose pre-trained weights, unfortu-
nately, cannot be found. Such a CNN structure was the third

Figure 8. A modified version of ResNet

experiment subject for the feature extraction stage.

4.1.2 Region Proposal Selection Criterion

For models of the RCNN family, filtering the regions pro-
posed from either a heuristic approach or the region pro-
posal network(RPN) is a crucial step for accurate detection.
The selection and filtering criterion is usually based on the
intersection over union(IoU), i.e.

IOU =
overlapping area

union area

However, since this is a pure area based metric, there can
be scenarios where two overlapping situation leads to the
same IoU score, while one of them is clearly a closer match.
Therefore, we attempted with a distance based coincidence
degree measurement

degree = ek(A−B−ϵ)

, where the definition of A, B and ϵ is illustrated in figure
9, and k is a hyper parameter that depends on the expected
size of bounding boxes. It’s quite obvious that the power is a
value between −∞ to 0, hence the overall value is between
0 and 1. The new degree function takes the coordinate re-
lationship into consideration so that we don’t solely focus
on the proportion of overlapping area, but actually measure
the similarity in terms of distance. Also, this function al-
lows us to make use of the characteristic of the exponential
function y = ex that it only increases faster when it ap-
proaches 0 from −∞, and grows rather slowly when it’s
far. This helps to eliminate many inferior regions, since the
score only grows when the distance is close enough to 0,
where the growing rate can be controlled by the parameter
k.

Figure 9. illustration of the ”degree” metric: A = distance between
two overlapping corners(−∞ if there is no overlap), B = distance
between two box centers, ϵ is the diagonal length of the GT bound-
ing box, k is a hyper parameter
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Figure 10. Illustration of Focus Layer [1]

4.2. Yolov5

We adopt a yolov5 model implemented by Ultralytics [8]
and modify it for our facial mask recognition task. It uses
FPN+PAN structure as its backbone and implements the
model with basic components with skip connections inside.
The additional feature helps detecting different scales of
masks and makes the model more robust. The model and
training process are illustrated in figure 11.

4.2.1 Feature pyramid

Feature pyramids architectures are commonly used in
recognition and segmentation tasks nowadays. By aggre-
gating signals from different scales, it can detect objects
of different scales. Comparing to the original Yolo [14]
model, which only adopts a simple GoogleNet [21], Yolov5
is more robust for our mask recognition task to detect dif-
ferent scales of masks. Yolov5 used PANet to construct a
feature pyramid structure, which adds a bottom-up path ag-
gregation strengthening performance.

4.2.2 Focus Layer

Focus layer is an innovative idea in yolov5. It samples ev-
ery other one pixel, concatenates output feature maps for
CNN process. It downsamples the feature map with losing
information. The idea is demonstrated in figure 10.

4.2.3 Basic Components

Yolov5 is composed of a series of basic components. CBL
is a standard CNN block. CSP, ResUnit utilize the idea of
skip connection to aggregate information from both high
levels and low levels and avoid gradient vanishing.

4.2.4 Loss Function

In yolov5, we use a compound loss composed with 3 parts:
objectness loss, classification loss, bounding box regres-
sion loss. The regression loss is CIoU loss, classification

loss(LCLA) and objectness loss(LOBJ ) are binary cross en-
tropy loss (BCE). Suppose the image is divided into an
S × S grid, and the number of anchor boxes in each grid
is B, and the confidence score of the jth anchor box at grid
position i is denoted as Cij , the detailed expression for each
loss function is shown in equation (1) to (6).

LOBJ =
∑

i∈S×S

∑
j∈B

[Cij logCij + (1− Cij) log (1− Cij)]

(1)

LCLA =
∑

i∈S×S

∑
j∈B

∑
c∈classes

[Pij(c) logPij(c)+

(1− Pij(c)) log (1− Pij(c))]

(2)

CIoULoss = 1− CIoU (3)

CIoU = IoU − ρ2

c2
+ αv (4)

α =
v

1− IoU + v
(5)

v =
π2

4
(arctan(

wg

hg
)− arctan(

wp

hp
)) (6)

where ρ is the Euclidean distance between the center points
of the anchor box and ground truth, c is the diagonal dis-
tance of the overlapping area, and w and h are the width and
height for the boxes, with superscript g and p representing
ground truth and predicted boxes respectively.

Losstotal = CIouLoss+ LOBJ + LCLA

5. Experiments
5.1. Contrast Experiment

We conducted contrast experiments on different choice
of CNN models for Faster-RCNN. And we also compared
the performance of the best Faster-RCNN result with that of
Yolov5.

All Faster-RCNN models were trained for 40 epochs
with a learning rate of 1 × 10−5. It was found out that set-
ting the k value of degree function as 0.1 was suitiable for
our dataset. For easier transfer learning, our training were
based on pre-trained model weights from ImageNet. Adam
optimizer was chosen to facilitate faster and smoother opti-
mization. We trained on Google Colab with NVIDA Tesla
T4 GPU support which has a memory size up to 16GB. Ex-
cluding the data parsing time, the total training time for 40
epochs is approximately between 3.5 to 4 hours.

We adopt mean average precision(mAP) and frame per
second(FPS) as dependent variables of the experiment, in

5



Figure 11. The Yolov5 model from ultralytics’s team [8]

other words, our evaluation metric. Here, mAP measures
the accuracy by

mAP =

∑C
i=1 APi

C

, where C is the number of classes, and given that ri is the
recall value at the ith interpolation point,

AP =

n−1∑
i=1

(ri+1 − ri)Pinterpolated(ri+1)

, which is the area under the interpolated Precision-Recall
curve. And FPS measures the efficiency and speed of the
prediction process. The detailed experimental results are
shown in table 1. Note that the IoU score is a part
of the calculation of the mAP score, for the sake of
fair comparison, we adopted the conventional IoU for-
mula when calculating the mAP scores for VGG16 with
degree based box filtering.

Here we summarize some notable observations. First,
Yolov5 shows a significantly higher detection efficiency
compared to any of the Faster-RCNN settings. It can be
easily seen that the FPS of all Faster-RCNN models lie
around 1-2.5, yet Yolov5 achieves an astonishing FPS value
up to 109.8. Second, for all Faster-RCNN models, the FPS

tends to drop as more and more epochs are trained. We
believe a possible reason for this is that with further train-
ing, the region proposal network is able to propose more
and more high quality anchor boxes, and hence fewer boxes
were eliminated before ROI pooling and hence the classifi-
cation layers have more ROIs to process. Third, our modi-
fied ResNet50 achieved almost identical performance as the
original ResNet50, we think this is because the existing skip
connections have already utilized the feature re-usability to
a saturation level, that it’s difficult for additional skip con-
nections to improve. Fourth, since we adopted the conven-
tional IoU formula when calculating the mAP scores for
VGG16 with degree based box filtering, it’s not that mean-
ingful to discuss the accuracy comparison between normal
VGG and the one with degree based box filtering. Since
the normal VGG was trained to meet the conventional IoU
metric while the other one was not. However, as mentioned,
for all Faster-RCNN models, the FPS tends to drop as more
and more epochs are trained. Yet this phenomenon is way
less notable in the case of using degree based box filtering.
The FPS is still dropping, but in a way slower dropping rate.
We speculate that this is due to the stricter selection crite-
rion induced by the degree function that there won’t be a
substantial decrease in the number of region proposals elim-
inated before passing into the classification layer, relieving
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Table 1. Performance of Faster-RCNN under different settings on the test set, independent variables include choice of feature extractor and
region proposal selection criterion

Model VGG16 ResNet50 Modified ResNet50 VGG16 with degree based box filtering Yolov5
Epoch mAP FPS mAP FPS mAP FPS mAP FPS mAP FPS

5 0.859 2.441 0.974 2.033 0.866 1.978 0.864 1.901 0.566 -
10 0.839 2.475 0.968 2.061 0.933 1.602 0.913 1.908 0.845 -
15 0.925 2.412 0.992 1.842 0.962 1.446 0.919 1.805 0.877 -
20 0.954 2.525 0.984 1.968 0.812 1.329 0.867 1.715 0.912 -
25 0.933 2.421 0.972 1.633 0.983 1.383 0.953 1.828 0.957 -
30 0.964 2.387 0.988 1.415 0.942 1.251 0.920 1.923 0.952 -
35 0.965 2.409 0.984 1.435 0.968 1.261 0.927 1.890 0.972 -
40 0.978 1.984 0.997 1.302 0.985 1.303 0.953 1.801 0.975 109.8

the computation pressure of the classification layers.
The training curve of Yolov5 is shown in figure 12. Some

sucessful detection results of Faster-RCNN and Yolov5 are
presented in figure 13.

5.2. Failure Modes

Here we summarize some common failure modes.
Firstly, failing to identify faces in the distance. Some-

times when the face in the input image is far away, or in
other words, appears to be small, the model sometimes can
fail to detect its existence. We believe a major reason for
such kind of failure lies in the limitation of our dataset.
Many of our image data were originally designed for image
classification tasks, and therefore, the faces often occupies
a large proportion of the image. Therefore, the model may
have only been trained strong enough to deal with ”large
faces”. We believe this issue can be better solved if the
training dataset consisted of more dense population with
faces in the distance wearing masks.

Secondly, the confusion between ”improper masks” and
”no mask”. We show a representative wrong detection re-
sult in figure 14. Just opposite to the problem that G. Yang
et al [24] encountered in their research where they find
it difficult to distinguish ”improper masks” to ”face with
mask”, we sometimes encounter a scenario where the model
can detect a face as both ”no mask” and ”improper” at the
same time, just like in figure 14, where the person hangs her
mask on the neck, and the model boxes the face area with-
out the hanging mask as ”no mask” and the larger picture
with a visible hanging mask as ”improper”. This remians a
problem that requires further research to resolve.

6. Conclusion
In this project, we first collected and manually labeled

some datasets for face mask recognition. Then we ex-
perimented with and compared multiple object recognition
frameworks to approach this task. We also attempted to pro-
pose new structures and metric functions, some of which

made a difference while some didn’t. This process helped
us to gain a deeper insight of different CNN architectures
and further understand the effect of each component. As
discussed in section 5.2, despite our overall detection accu-
racy was acceptable, there still lies unsolved issues. If there
were future steps, we would want to first expand the train-
ing dataset to include faces that appear in the distance, we
might also utilize some efficient neural networks to make
our detection closer to real time. If we were able to reach
a more stable detection accuracy and higher FPS, such a
model is suitable in all kinds of guest-pass systems under
this pandemic situation.
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