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Abstract. This paper presents a method for detecting and classifying masked faces in digital images using 

the Single Shot Multibox Detector (SSD). The location of faces in an image and their category, indicating 

whether the detected face is wearing a medical mask, wearing it improperly, or not wearing one, are found 

based on the proposed method.  This detection is used for security to find the location of faces in a certain 

category.  SSD is a single-stage detector that utilizes various boxes of different sizes in its architecture to 

detect the location of the target in the image and also the category of the object within the boxes.  The various 

boxes are used to detect different face sizes in the image.  The experiments are conducted on three datasets, 

they are AFLW (Annotated Facial Landmarks in the Wild) with 1865 images, MAFA (Masked Face 

Analysis) with 3616 images, and MakeML with 853 images.  The mAP (Mean Average Precision) of the 

method in the detection is 41.52%.  

1 Introduction 

The rapid spread of the infectious disease in 2019, 

specifically Covid-19, led to the policy of wearing 

masks in public places to reduce the number of Covid-

19 infections among the population.  Nowadays, even 

though Covid-19 has ended, the habit of wearing masks 

in public places has become more general, as it will 

prevent the spread of other viruses, such as flu viruses.  

The habit of wearing a mask is sometimes misused for 

criminal activities, as the criminal cannot be identified 

by CCTV since their faces are almost always covered by 

the mask.   

 Therefore, monitoring mask usage is still important 

and essential for ensuring public safety, especially in 

crowded areas, such as hospitals, malls, offices, and 

others [1].  However, manual monitoring is time 

consuming, therefore, automatic detection to detect the 

faces with mask, without mask, and improper way of 

wearing mask, is required, and this detection become an 

important research topic [2]. 

 Face mask detection is now a challenging task, since 

it is not only to detect the location of the faces that using 

mask, but also to identify the category of mask-wearing 

conditions, i.e. whether the face using a mask properly 

(cover the mouth and half part of nose), without using a 

mask, and improper way of wearing a mask (not 

covering the whole mouth area).  Several deep learning-

based object detection algorithms such as R-CNN[3], 

[4], YOLO [5], Retina Net, and Single Short Multibox 

Detector, have been widely used for general object 

detection, and among them SSD is known for its 

efficiency, that perform the detection (localization and 

classification) work simultaneously, making it suitable 

for real-time scenarios [6], [7]. 

Despite the increasing number of mask face detection 

methods, many research studies focus only on binary 

classification, determining whether the detected objects 

wear a mask or not [8], our proposed model detects 

multiclass category.  

 Therefore, the research contribution in this article 

consists of two parts.  First, in addition to the binary 

classification of faces within the bounding box (whether 

the face wears a mask or not), we also consider the 

possibility of faces using a mask improperly (not 

covering the entire mouth area).  Second, our proposed 

model is trained using a combined dataset from AFLW, 

MAFA, and MakeML to increase the dataset size, 

allowing the model to learn the target pattern from a 

huge number of samples. 

2 Single shot multibox detector  

Single Shot Multibox Detector (SSD) is one of the 

detection algorithms that is based on the One-stage 

detection, which the region proposal and the detection 

stages are performed within the same network 

architecture [6].  This occurs since the target of the 

network contains information not only the candidate 

location of the detected object, but also the class of the 

detected objects.    

2.1 SSD architecture 

Since the target of SSD contains the complete 

information of the objects (candidate locations and the 

class) and cannot be represented with one dimensional 

vector, therefore in SSD the layers of the fully connected 

layers are not required, there are only convolution layers 

in this architecture, as shown in Fig. 1. 
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Fig. 1. SSD Architecture [6]. 

There are six type of feature map’s size, they are, 38 × 

38, 19 × 19, 10 × 10, 5 × 5, 3 × 3, and 1 × 1.  Feature 

maps with size 38 × 38, 3 × 3, and 1 × 1, have four 

bounding boxes in each cell.  Therefore, there are in total 

5776 bounding boxes for 38 × 38, and 36 bounding 

boxes for 3 × 3 feature map, and four boxes for 1 × 1 

feature map.  Meanwhile for the feature maps with size 

19 × 19, 10 × 10, and 5 × 5 has six bounding boxes for 

each cell. Therefore, there are 2166, 600, and 150 

bounding boxes for each type of feature map’s size. 

 In an SSD architecture, there is a base network 

before the main convolution layers, i.e., VGG-16, as 

seen in Fig. 1. However, only convolution layers of 

VGG-16 are used in SSD as seen in Fig. 2. 

 

 

Fig. 2. VGG-16 architecture for the SSD backbone. 

2.2 Default Box 

One-stage detection approach means that the approach 

provides a mechanism to produce the region proposal to 

indicate the candidate location of the target object.  SSD 

has the default box for the region proposal. The default 

box will be the anchor that will scan the feature maps to 

produce the candidate location of the object.  There are 

several default boxes sizes based on its scales, as stated 

in (1) and (2). All default boxes have the same center 

coordinate as written in (3). 

 

𝑠𝑘 = 𝑠𝑚𝑖𝑛 +
𝑠𝑚𝑎𝑥 − 𝑠𝑚𝑖𝑛

𝑚 − 1
(𝑘 − 1) (1) 

𝑤𝑘
𝑎 =

𝑠𝑘

√𝑎𝑟⁄  ; ℎ𝑘
𝑎 =

𝑠𝑘

√𝑎𝑟⁄  ; 𝑠𝑘
′ = √𝑠𝑘𝑠𝑘+1 (2) 

𝑐𝑒𝑛𝑡𝑒𝑟 = (
𝑥 + 0.5

|𝑓𝑘|
 ,

𝑦 + 0.5

|𝑓𝑘|
) (3) 

where: 

𝑠𝑚𝑎𝑥 = 0.9 ; 𝑠𝑚𝑖𝑛 = 0.1 ; 𝑠𝑘: 𝑠𝑐𝑎𝑙𝑒 𝑜𝑓 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑚𝑎𝑝   
𝑎𝑟: 𝑎𝑠𝑝𝑒𝑐𝑡 𝑟𝑎𝑡𝑖𝑜, {1,2,3,1/2,1/3};  𝑠𝑘

′ : 𝑠𝑐𝑎𝑙𝑒 𝑓𝑜𝑟 𝑎𝑟 = 1 

𝑤𝑘
𝑎 , ℎ𝑘

𝑎 ∶  𝑤𝑖𝑑𝑡ℎ 𝑎𝑛𝑑 ℎ𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝑑𝑒𝑓𝑎𝑢𝑙𝑡 𝑏𝑜𝑥 𝑒𝑎𝑐ℎ 𝑎𝑟  

𝑘 = 1. . 𝑚, and m is the number of types of feature map’s 

size; 𝑥, 𝑦 : grid cell’s coordinate, and |𝑓𝑘| is the feature 

map’s size 

 The size of created default boxes based on the 

formula is shown in Fig. 3, and the example of the 

default boxes in each feature map’s size is depicted in 

Table 1. As seen in the table, that the different size of 

feature maps makes the default boxes detect different 

size of the target objects. For bigger feature map’s size, 

the default boxes detect the small objects in the image, 

meanwhile, the smaller size of feature map’s size, the 

default boxes will have the responsible to detect the 

larger size of the objects in the image.  

 

 

Fig. 3. Default boxes. 

Table 1. Default boxes in each feature map’s size. 

Default Boxes Feature Map’s Size 

 

 

38 × 38 

 

19 × 19 

 

10 × 10 

 

5 × 5 

 

3 × 3 

 

1 × 1 
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2.3 Encode Bounding Box 

During the training phase of SSD, the target consists of 
candidate object locations. These candidate locations are 
defined as the offset or delta between the ground truth 
and the determined bounding boxes or known as encode 
the bounding boxes.  Since in this research, the detection 
target consists of three classes (categories), i.e., face with 
a medical mask, face without a medical mask, and a face 
with improper use of the medical mask, therebefore, the 
encode bounding box is represented with 

(𝑐1, 𝑐2, 𝑐3, 𝑐4, 𝑔𝑐𝑥 ,̂ 𝑔𝑐𝑦 ,̂ 𝑔𝑤 ,̂ 𝑔ℎ,̂ ) where 𝑐1 − 𝑐4 is the 
classes (included with the background class).  The offset 
between groundtruth and the default boxes is written in 
(4) and (5). 

𝑔𝑐𝑥̂ = (𝑔𝑐𝑥 − 𝑑𝑐𝑥) 𝑑𝑤  ;  𝑔𝑐𝑦̂ =⁄ (𝑔𝑐𝑦 − 𝑑𝑐𝑦) 𝑑ℎ ⁄  (3) 

𝑔𝑤̂ = 𝑙𝑛 (
𝑔𝑤

𝑑𝑤
) ;  𝑔ℎ̂ = 𝑙𝑛 (

𝑔ℎ

𝑑ℎ
)   (4) 

Where 𝑔𝑐𝑥 , 𝑔𝑐𝑦 , 𝑔𝑤 , 𝑔ℎ is the center x coordinate, center 

y coordinate, width, and height of the groundtruth, 

respectively. 𝐷𝑐𝑥 , 𝑑𝑐𝑦 , 𝑑𝑤, 𝑎𝑛𝑑 𝑑ℎ is the center x 

coordinate, center y coordinate, width, and height of the 

default box. 

3 Masked face detection 

In this article, SSD network is used for the mask face 

detection and classification, to detect the location of the 

target object, and define the category of the detected 

object, whether it is a face with a medical mask, a face 

without any medical mask, and a face with improper 

way of wearing mask.  The diagram for the masked face 

detection can be seen in Fig. 4. 

 

 

Fig. 4. SSD for the mask face detection. 

As seen in the figure, the final stage of the detection is 

the NMS (Non-Maximum Suppression).  The objective 

of the NMS stage is to eliminate overlaps bounding box 

based on its confidence value.  The example of NMS 

stage is shown in Fig. 5. 

 The evaluation of the detection is measured by the 

mAP (mean Average Precision) metrics.  To calculate 

the mAP, True Positive (TP), False Positive (FP), and 

False Negative (FN) are defined previously.  In this 

research, we used the threshold of groundtruth and the 

predicted bounding boxes is 0.45.  The example of TP, 

FP, FN are depicted in Fig. 6. 

 

 

Fig. 5. Non-Maximum Surpression. (Left) predicted bounding 

boxes from the SSD Model. (Right) is the remain bounding 

box based on the NMS algorithm. 

 

Fig. 6. TP, FP, FN of mask face category. 

The precision, recall, and Average Precision for mAP 
are written in (6),  (7), and (8). 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 ;  𝑟𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
   (6) 

𝐴𝑃 =
1

11
∑ 𝜌𝑖𝑛𝑡𝑒𝑟𝑝𝐼    𝑟∈{0,0.1,0.2,𝐼,1}    (7) 

𝜌𝑖𝑛𝑡𝑒𝑟𝑝𝐼 = 𝑚𝑎𝑥𝑟̃:𝑟̃≥𝑟𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝐼   (8) 

4 Result and discussion 

The dataset used for the experiments was collected from 

three datasets, i.e., AFLW (Annotated Facial Landmarks 

in the Wild) with 1865 images [9], MAFA (Masked 

Face Analysis) with 3616 images [10], and 

MakeML[11] with 853 images. Therefore, the total 

number of images for training and testing in the 

experiments was 6334, of which 2717 were faces 

without a mask, 5332 with a medical mask, and 2123 

with an improper mask. The experimental setup is 

shown in Table 2.  

Table 2. Experimental setup. 

Name Information 

Image Size 300 ×300 

Learning Rate 10-4 

Optimizer Adam 

Training Data : Test Data 80 : 20 

Epochs 100 

Batch Size 64 

  

 The architecture of the proposed SSD was built 

using the pre-trained VGG-16 as a base network. The 
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whole layers of the implemented SSD is shown in Table 

3. 

Table 3. SSD network layers. 

Layers Output Shape 

Base Network Layers (VGG-16) 19 × 19 × 512 

Convolution Layer, kernel 3 × 3, stride 1 19 × 19 × 1024 

Convolution Layer, kernel 1 × 1, stride 1 19 × 19 × 1024 

Convolution Layer, kernel 1 × 1, stride 1 19 × 19 × 256 

Convolution Layer, kernel 3 × 3, stride 2 10 × 10 × 512 

Convolution Layer, kernel 1 × 1, stride 1 10 × 10 × 128 

Convolution Layer, kernel 3 × 3, stride 2 5 × 5 × 256 

Convolution Layer, kernel 1 × 1, stride 1 5 × 5 × 128 

Convolution Layer, kernel 1 × 1, stride 1, 

without padding 
3 × 3 × 256 

Convolution Layer, kernel 1 × 1, stride 1, 3 × 3 × 128 

Convolution Layer, kernel 3 × 3, stride 1, 

without padding 
1 × 1 × 256 

 

For the training, we split the dataset into 5-fold cross 

validation. The use of cross-validation further supports 

the model’s reliability.  The decreasing error loss and 

validation in each fold, is shown in Fig. 7. 

 

  

Fig. 7. Training and validation loss during training stage. 

As seen in Fig. 7, the loss of training and validation data 

is decreasing. 

The performance of the detection model is shown in 

Table 4. 

Table 4. mAP of the detection model. 

Fold 

AP (%) 

mAP (%) No-

Mask 
Mask 

Improper-

Mask 

1 42.07 31.67 36.33 36.89 

2 44.71 31.79 40.66 39.05 

3 36.82 26.4 33.68 32.3 

4 46.69 36.22 41,65 41.52 

5 42.04 31.77 33.00 35.60 

 

The example of the detection result is shown in Fig. 

8. As seen in the figure, the detector can detect well if the 

number of faces in the image is one or two, however, if 

the number of faces is more than one, then the detector 

fails to detect the target object.  We also detect the real 

image (image that is not in the dataset), and the result is 

shown in Fig. 9.  The result shows that SSD can perform 

multiclass mask detection with reasonable accuracy, 

however, the performance degrades when multiple faces 

appear simultaneously in one image. 

 

 

Fig. 8. Detection result.  

Green box means the face is wearing mask, yellow 

box is the face with improper mask (only covering half 

of mouth area), and red box is the face without any mask 
 

 

Fig. 9. Detection result of images that are not in the dataset. 

5 Conclusion 

Single Shot Multibox Detector is implemented for mask 

face detection.  In this detection, SSD will give the 

location of the target object and the category of detected 

object, whether the face is using a mask, without a mask, 

and using a mask but improper way.  The combined 

dataset from three dataset that open for public is used to 

build the detection model.  The result shows that the 

model detect the face objects in the image and 

distinguish the category of the usage of mask on each 

face. However, the detector mostly failed in detection 

when there are many target objects in the image.  For the 

future research, preprocessed is required to create a good 

quality input for the model, and tuning the 

hyperparameter of SSD, such as the epochs, learning 

rate, and others. 
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