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*e existing face detection methods usually had the problem of low accuracy of face recognition in the environment of occlusion
interference, which was limited when applied to the face detection task in complex scenes. *erefore, in order to realize high
precision and real-time local face recognition in a complex environment, a face local attribute detection method based on
improved SSD network structure was proposed. Based on the analysis of the face local attribute detection task, SSD was used as the
basic detection network structure, and the VGG16 feature extraction model was used as the framework of face local detection. On
this basis, by organically connecting different layers of the SSD network and integrating convolution block attention module, the
improved SSD network structure was used to realize face local attribute detection. *e proposed model was trained and tested
using typical public datasets such as Wider Face, MAFA, and COFW. Experimental results showed that this method had high
recognition accuracy, can better detect local features of the human face than other models, and can provide some support for local
face attribute detection. *is method would provide a theoretical basis and technical support for local face attribute detection in
complex scenes.

1. Introduction

With the rapid development of the smart city and artificial
intelligence technology, face detection and recognition play
an important role in the field of digital intelligence [1, 2].
How to analyze various face features accurately and quickly,
effectively detect face attributes, and extract useful infor-
mation has important research value for in-depth research
on artificial intelligence. In recent years, research on face
detection and recognition has been developed with the in-
depth application of face tracking technology. Although the
face tracking method is very similar to the face recognition
algorithm to a certain extent, there are often differences due
to different application emphases. *e research on face
tracking mainly belongs to a direction in the field of
computer vision, which is mainly applied to face monitoring
and face recognition. *e difficulty mainly focuses on the
extraction of face features. Deep learning has achieved great

success in solving some popular machine vision problems.
*e research on face detection is to extract and process the
features related to the face from the collected images and
analyze the recognized face features. Because there are some
differences between individuals, the local features of the
human face are also different [3]. In addition, due to dif-
ferent factors such as external ambient light, occlusion
position, face shape of different individuals, and collection
angle of face features, there are some differences in the
extracted face features, which makes the face detection
process very complex. With the continuous application of
deep convolution neural network in image and feature
processing, how to apply deep convolution network to face
image detection and recognition has attracted extensive
attention.

With the wide application of convolution neural net-
work and transfer learning in the field of artificial intelli-
gence, face detection and recognition methods have also
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been deeply studied. People often study face detection and
recognition methods based on deep learning, and the
constructed model is becoming more and more perfect
[4, 5]. Although the model has been improved to a certain
extent, the model includes many parameters and a large
amount of calculation workload. For example, the trained
model is generally difficult to adapt to FPGA mobile devices
and cannot meet the requirements of real-time face mon-
itoring due to the lack of necessary resources. In the process
of practical application, due to the unpredictability of the
external environment, various factors that may interfere
with the face cannot complete the specific detection task,
which makes the face detection difficult to complete
smoothly. In order to achieve a certain recognition accuracy,
face detection often requires not only a long time overhead
but also some software and hardware support [6]. *erefore,
the key to face detection in a natural environment is how to
improve the speed and accuracy of real-time detection,
which is also a common concern in the field of face de-
tection. *erefore, based on the widely used SSD network
structure, this article uses VGG16 to extract face features,
uses multilevel feature enhancement, and introduces a
convolution block attention block to detect face local
attributes.

2. Related Works

Face feature detection is an operation process of extracting
relevant features based on face attributes. In recent years,
face detection and recognition methods have been widely
used in face attribute analysis, face behavior monitoring, face
image monitoring, and other tasks, and many research re-
sults have been obtained [7]. Face detection has become a
very important research branch, which is independent of the
target monitoring task. Due to the limitations of existing
hardware conditions, imperfect feature recognition algo-
rithms, insufficient datasets for training, and other factors,
the traditional face detection methods usually have accuracy
and detection rate, which are difficult to meet the needs of
practical application. In recent years, people have contin-
uously improved the description of face features, and some
of the proposed models have been successfully applied to
face detection, which effectively promotes the in-depth
application of face detection and recognition methods in
different fields. Because deep learning technology is widely
used in face detection and recognition, the accuracy and
speed of face detection have been improved accordingly. For
example, the cascade convolutional neural network (C-
CNN) proposed by Li et al. has achieved an average accuracy
of 98% on annotated faces in the wild (AFW) [8].

From the progress of artificial intelligence technology
and its application research, considering that there are some
differences in face attributes and feature extraction methods,
the algorithms of face detection and recognition mainly
include the methods based on traditional artificial feature
construction and convolution neural network and deep
learning. Face recognition algorithms based on traditional
artificial features generally include a cross-layer algorithm
based on AdaBoost and a feature matching algorithm based

on DPM [9, 10]. With the in-depth study of deep learning
and convolutional neural network, artificial intelligence
mainly uses deep neural network technology to realize its
application in related fields. At present, convolutional neural
networks and deep learning methods can be widely used in
many fields, such as natural language processing, intelligent
biological recognition, and intelligent driving. Because deep
learning and other related methods have strong learning and
training ability, they can effectively obtain face features and
achieve satisfactory results even in complex environments.
*e research shows that the method of statistical learning
and training can better avoid the interference of artificial
feature extraction, and the training dataset is used for feature
extraction, and the effective features extracted can better
realize face recognition and detection. At present, the
common methods include face recognition algorithm based
on principal component analysis (PCA), cross-layer algo-
rithm based on AdaBoost, face detection method based on
support vector machine (SVM), and convolution neural
network. *ere are many methods used in the field of ar-
tificial intelligence, such as face cross-layer classification
algorithm based on AdaBoost, which is one of the face
classification algorithms based on deep learning [11]. *is
method adopts the cascade classification method. According
to the characteristics of the face, multiple weak classifiers are
cascaded to form a strong classifier to detect the face.

FaceNet, an early representative face detection algo-
rithm, mainly extracts effective face features from complex
face attributes [12]. *e algorithm uses the face attribute
information to obtain complex face features, analyzes the
face attribute information from the attribute perception
layer, and constructs the detection region by correlating the
attribute information and the face features. *is method
realizes the classification of face attribute information and
the detection of candidate regions through the training of
multitask CNN; that is, the detection region is divided from
the spatial structure and the information is classified in order
to reduce the interference of the nonface attribute infor-
mation. Because the extraction and division of face attribute
information can improve the robustness of the network
model to complex face detection and recognition, when face
attribute information is in a complex environment, accurate
recognition and detection can still be obtained through
model detection. Wang et al. proposed a face-based facial
attention mechanism network (FAN) [12, 13], which not
only adopts the integrated single shot retina and anchor
frame attention model but also adopts the enhancement
method of facial features to detect face attribute information.
When constructing the anchor level attention model, this
method mainly carries out the relevant hybrid operation of
the existing feature map and anchor map to improve the
resolution of face attribute features and avoid the inter-
ference of various external factors [13]. Attention mecha-
nism has been well applied in the fields of image generation,
semantic recognition, and so on. *e network model based
on facial attention mechanism has an obvious effect on
complex face detection.

Because single-scale feature mapping is not good at
representing face size and shape, using a convolutional
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neural network to extract relevant information from
different layers can naturally alleviate this contradiction.
When the MS-CNN method is used for face detection, the
candidate regions for face detection are mainly obtained
according to different feature maps, and the inverse function
of the feature map is used to replace the upsampling of the
original image [14]. *is method can significantly speed up
the detection speed and provide recognition accuracy [15].
Based on the SSD network structure model, different de-
tection areas are obtained using the function of convolution
structure layer and receptive field on the VGG16 platform to
obtain a better detection effect. For example, the features of
low-level conv4_3 using the SSD network structure model
are small and can detect small targets, while the features of
high-level conv4_3 are suitable for detecting large targets.
Different levels of pyramid structure are used to realize the
effective detection of different targets. Because the bottom
layer of the model has too small requirements for detection
targets, the shallow layer of the network model can hardly
obtain smaller target features, which limits the application of
SSD based network structure model in small target recog-
nition [16, 17].

Compared with the Fast R-CNN recognition model, the
detection model based on the HyperNet network structure is
more suitable for small target detection and feature ex-
traction. *is is because different layers of the HyperNet
network structure model have synergistic effects in pro-
cessing small targets, and the features extracted by different
layers are related to each other.*e feature pyramid network
(FPN) structure model is used to process the features in turn
using different layers from top to bottom. It uses the upper
layer to increase the semantic information strength and
supplement the semantic information through the con-
nection layer to obtain the required semantic information
map. *e detection network model based on multilayer
feature fusion is mainly adopted to enhance the relevance of
context information to improve the speed and accuracy of
face detection. *erefore, the multilayer feature fusion
method determines that the extraction of top-level features is
the key to the top-down network structure model to achieve
the effect of face detection.

3. Basic Network for Local Face
Attribute Detection

SSD (single shot detector) network model can combine
different application requirements for parametric design
and structure modification. *erefore, SSD is an object
detection network structure commonly used in the field
of face detection and recognition [18, 19]. SSD adopts a
fast and effective single-stage target detector across
multiple feature layers of different scales. *is article
adopts SSD basic network structure and applies it to face
detection. As shown in Figure 1, it is the schematic di-
agram of the network structure adopted in this article.
Compared with the existing R-CNN algorithm, the
model can extract face features quickly, does not need too
many parameters, and the computational workload is
relatively small. *erefore, SSD basic network model has

become one of the common structures to realize target
detection.

When building the SSD network structure model, using
the image processing relationship between the upper and
lower layers, the feature maps obtained from different
convolution layers are divided; that is, the large feature map
and small feature map are processed by different convolu-
tion layers in turn, and then each target is detected through
different anchor frames. When an arbitrary face image is
input, after the basic parameter setting, the SSD network
structure model uses the VGG16 network to extract the
features of the image, and the associated features of different
sizes will be obtained through proportional transformation.
*e specific proportion transformation formula is shown in
the following equations:

Tm � fm Tm−1( , (1)

fm Tm−1(  � fm fm−1 · · · f1(1)( ( , (2)

S � T tm Tm( , tm−1 Tm−1( , . . . , tm−n Tm−n( ( , m> n> 0,

(3)

where Tm represents the feature map of the m-th layer, fm

denotes the nonlinear operation between two adjacent
feature layers, and f1(1) indicates the operation of
obtaining the feature map of the first layer from the input
image. t is the detection result of the corresponding scale
range of the characteristic map, and the result is repre-
sented by S. According to formulas (1) to (3), the char-
acteristic layer of layer m is determined by layer m − 1.
Figure 2 coverages anchor frames of different sizes on the
feature map.

4. Detection Method for Local Face Attributes

4.1. Improved Detection Network. Because the layers in-
cluded in the traditional SSD network structure model are
independent of each other during feature detection, the
internal operations of each layer do not interfere with each
other. By integrating the features containing different se-
mantic information and resolution through cross-layer
connection, we can learn and obtain richer feature infor-
mation and improve the detection performance. *erefore,
based on the initial SSD network structure, VGG16 is added
to the SSD network model as a feature extraction network,
and the full connection layer is replaced. *e convolution
layer is used to replace the low-level part, and four con-
volution layers such as Conv8, Conv9, Conv10, and Conv11
are added at the same time. On this basis, the above added
feature extraction layer is used to classify the face feature
images and predict the relevant positions of different fea-
tures. Each feature layer of the SSD network model is in-
dependent of each other when classifying and predicting
features. Usually, if the number of convolution layers is too
small, the real face attribute features cannot be reflected only
through the underlying features, and the recall rate of
features will be too low.*erefore, based on the original SSD
network model, this article integrates the relevant
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characteristics of the upper and lower layers by organically
connecting each layer. At this time, when using the con-
volution kernel in SSD to complete the convolution oper-
ation, it is necessary to find all attribute features included in
the face image; especially, the detection area containing the
object should be compared pixel by pixel, while other areas
excluding the image do not need to be scanned. *erefore,
this article intends to use the channel attention module
function to detect the effective area of the network model so
as to avoid repeated detection or invalid detection. As shown
in Figure 3, feature maps of different sizes can be obtained
through VGG16 network structure and convolution layer
processing. In order to expand the sampling on the upper
feature map, we can associate the information of different
feature layers to obtain the lower feature map. For example,
for the bottom feature map obtained by channel fusion, after
four stitching operations, each feature layer is connected to
each other and finally four different feature layers can be
obtained, which are, respectively, 38× 38, 19×19, 10×10,
and 5× 5 size feature map.

Each lower feature and upper feature are fused, and they
are used as input values for in-depth processing by the
channel attention model. After obtaining effective features,
each feature point is taken as an object and sampled
according to the size of the detection area.*en, the sampled
frames are classified, and the qualified frame values are
retained after classification. After cross-layer fusion and
effective channel attention module, six feature maps with
different scales containing rich feature information are fi-
nally obtained. *en, the suppression algorithm is used to
determine the position and threshold of each frame, and
finally the required prediction frame is obtained.

Different feature structures are constructed through
Conv4_3, Conv7, and other convolution layers, and different
objects are predicted by the SSD network model detection
algorithm. Because the number of shallow convolution
layers is small, the features extracted by Conv4_3 and Conv7
are generally large, containing the information of small
objects that need to be further detected. Due to the detection
of small targets, it needs to include a high-resolution feature
map and some semantic information to distinguish the
target and background information. However, the features
obtained after convolution operation of the convolution
layer can usually form a larger acceptance domain, which
contains large object information that needs to be further
detected. SSD network model uses the features obtained by
Conv4_3 when detecting small objects. Due to the lack of
information, it is difficult to meet the needs of small object
detection, which easily produces problems such as false
detection and missed detection and also reduces the de-
tection accuracy of the model. *erefore, this article inte-
grates the upper sampling of high-level features and low-
level features so as to ensure that the high-level feature
attributes are not lost and the shallow feature information is
retained at the same time. Due to the differences in the
number and size of channels in each feature layer of the SSD
network model, feature preprocessing is usually needed to
meet the requirements of feature fusion in different layers.

For example, for a size of 19×19 and 5× 5, the inter-
polation method can be used to expand the feature with size
5× 5 to make its size become 19×19 and then compare it
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Figure 1: Working diagram of basic SSD network structure.
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with the existing size of 19×19, and the corresponding
number of channels is obtained by a convolution operation.
Connect and fuse the feature layers of different sizes of SSD
network model so as to obtain the feature layers of different
sizes, as shown in Figure 4.

4.2. Convolution Block Attention Module. As a way of re-
source reorganization and distribution, the idea of attention
mechanism mainly comes from people’s observation and
thinking process of things. It uses the obtained external
information, extracts the focus of attention through analysis
and judgment, and allocates its existing resources according
to the concerned area. When processing image data, there
will also be areas with high-value features that need to be
focused on. For face detection, we usually not only get the
required global information from the input image but also
pay attention to the local characteristics, such as local face
attributes or features, so as to verify the effectiveness of the
network structure model in face image feature extraction
and detection. Attention mechanisms widely used in the
field of artificial intelligence mainly include soft attention
mechanism and strong attention mechanism model [20].
“Soft attention mechanism” mainly adopts the way of image
segmentation to obtain attention frames and channels of
different sizes. Different soft attention can be distinguished
from each other. *erefore, the soft attention mechanism
usually uses a neural network and inverse training to obtain
the attention weight parameters. A strong attention
mechanism generally expands each information point in the
face image features and gets attention. Because it has certain
dynamics, it can effectively train attention through rein-
forcement learning.

Convolutional block attention module is a simple and
effective modular attention network. For the input feature
map object, the convolution block attention module
(CBAM) successively uses the channel attention module and
spatial attention module to recombine the input feature map
combined with the obtained attention feature map so as to
generate a new feature map for attention. Usually, the
CBAMmodule retains the original feature map information.
*erefore, the model can be combined with CNN to jointly
train all the extracted features. *e specific composition of
the convolution block attentionmodule is shown in Figure 5.

*e CBAMmodule adopted in this article is divided into
two submodules, namely, channel attention module (CAM)
and spatial attention module (SAM), which are mainly used
for resource allocation of attention in the channel and spatial
dimensions [21]. Set the input intermediate feature map as F
and input it into the CAM module to obtain the channel
attention map. Multiply it by F to get F′. Similarly, input F′
into SAM module to obtain spatial attention map, and
multiply it with F′ to obtain the final input characteristic
map F

’′. *e overall process can be summarized as the
following two formulas:

F′ � HC(F)⊗F,

F
’′ � HS F′( ⊗F′,

F ∈ RW×H×C
, HC ∈ R

1×1×C
, HS ∈ R

W×H×1
,

(4)

where F is the intermediate characteristic graph and ⊗
represents defined as “element-wise” multiplication; that is,
the matrix is multiplied element by element, and the at-
tention value is broadcast throughmultiplication. F′ denotes
the feature map obtained by combining the CAM module,
F
’′ is the feature map finally obtained by the convolution

block attention module through the SAM module, C is the
number of feature map channels, H is the height of the
feature map, and W is the width of the feature map.

*is article uses the channel attention module. *e basic
idea of attention is to focus on important areas in the visual
range and ignore irrelevant information. *e spatial
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Figure 3: Structure diagram of the improved SSD face detection network.
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attention network mainly transforms the image by cutting,
scaling, and rotation to solve the image deformation devi-
ation and compensate the position information. As shown in
Figure 6, the core of the channel attention network is that
each channel is assigned different weight values. *e greater
the weight, the higher the correlation. In the neural network,
each initial picture contains three channels (R, G, B). After
multiple convolution operations, a new channel matrix (H,
W, C) is formed. H andW represent the height and width of
the feature map, respectively.*e contribution of C channels
to target detection is different, which introduces channel
attention and focuses more attention on effective channels.
*e structure and function diagram of the channel attention
module is shown in Figure 6.

*e input picture is located on the left side of the channel
attention module of the module, as shown in Figure 6. After
the convolution operation is used to calculate and process
the input image information, a new feature map can be
obtained, including the number of channels. In addition, the
convolution layer operation can convert each global feature
into a global receptive field, reduce the spatial dimension,
and output the feature map of 1× 1×C. *e excitation
operation is combined with 1× 1 convolution, carries out the
learning and training of correlation degree for each channel,
uses the obtained correlation degree for feature matching,
and outputs the feature matching result according to the
channel attention module. Finally, the weighted operation is
combined with the original features to enhance the main
output features and remove other unimportant information.
*e excitation operation reduces the dimension of the
channel and then expands it back to the original number of
channels, which reduces the amount of calculation of the
network.

In this article, a more effective channel attention module
(ECA) is added on the basis of the SENet network structure.
*e module improves the detection performance without
increasing the complexity of the model. ECA module re-
quires fewer parameters and convolution layers and can
interact with the information contained in different con-
volution layers so as to improve the efficiency of face de-
tection based on a networkmodel.*erefore, compared with
the general channel attention module, the ECA module can
not only reduce the number of parameters required by the
model to a great extent but also greatly improve the clas-
sification and detection of image features.

*rough the information fusion processing between
different layers, the ECA module can effectively learn and

train each feature and finally use the feature matching results
to obtain the required feature attributes. *e feature map
generated by the ECA module has rich information and
focuses on the effective feature area to reduce various
overheads and improve the detection speed and efficiency.
*e specific area concerned with the ECA module often
contains the required objects, so it is more conducive to face
detection and recognition.

4.3. Loss Function. *e research shows that whether the
network structure model can meet the needs of face de-
tection is closely related to the loss function used. A well-run
network model needs to repeatedly use the collected dataset
for learning and training and then correct the relevant
parameters and convolution layer according to the training
results. Among them, the loss function is the key to model
training and correction. Usually, the loss function is a
nonnegative function and determines the relationship be-
tween network input and output. *e smaller the loss
function value obtained after learning and training, the more
reasonable the model is. In the process of model modifi-
cation, face detection often adopts classification and re-
gression analysis methods, so the loss function includes
classification loss function and regression loss function [22].

*e classification loss function used in this article is the
commonly used cross-entropy loss function. It proves the
learning effect of the model according to the difference
between the output value of the network structure model
and the actual value. *e smaller the difference, the closer
the between the output value and the actual value. *ere are
two kinds of cross-entropy loss functions: one is used to
solve binary classification problems, as shown in formula
(5), while formula (6) is often used to solve multi-
classification cases.

M(y, z) � − 
x

y(x)log z(x), (5)

M(y, z) � − 
x

(y(x)log z(x) +(1 − y(x))log(1 − z(x))),

(6)

where y represents the real probability distribution of the
dataset, z denotes the probability distribution of the network
output data, and M(y, z) is the cross-entropy loss function.

*e cross-entropy loss function used in this article
mainly combines the Sigmoid or Softmax activation

Channel
attention module

Spatial attention 
module

Input feature matrix Processed feature matrix
F' F''

Figure 5: Structure and function diagram of the convolution block attention module.
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function. When dealing with binary classification, the
combination of the binary cross loss function and the
Sigmoid activation function is used. *e combination of the
multivalued cross loss function and Softmax activation
function can solve the multiclassification situation, while the
processing of multilabel situation is mainly the combination
of the binary cross loss function and Sigmoid activation
function.

It is known from the existing research that the regression
loss function is often used in the network structuremodel for
face detection and recognition, such as IOU loss function
and focal loss function. Most of these functions are used to
solve the sample imbalance caused by up- and down-
sampling and the problem that learning samples cannot be
distinguished and are difficult to detect. *erefore, in the
networkmodel, we can increase the number of these samples
to focus on the detection of samples so as to obtain better
detection effect, as shown in the following formula:

Fl � −λ(1 − z(x))
θlog z(x). (7)

When the classification is wrong, Fl will be very small,
(1 − z(x)) will be close to 1, and the value of Tm of the loss
function will be almost 0, which will not affect the network
model. *e function of parameter θ is to smooth the weight
of difficult samples.

IOU loss function is mainly used to screen detection
frames. It screens the detected object according to the dif-
ference between the predicted frame and the real frame
output by the model. When the difference is greater than the
set threshold, the prediction frame output by the model can
be used as candidate data, and when the difference is less
than the set threshold, the prediction frame is eliminated.
*at is, the calculated value of the IOU loss function is used
to determine the choice of prediction frame. When the value
is larger, the prediction frame is closer to the actual frame. If
the real box is A and the prediction box is B, the IOU
calculation formula is as follows:

IOU �
A∩B

A∪B

�
A∩B

A + B − A∪B
.

(8)

In addition, L1/L2 loss function is often used in face
detection. *e detection frame in face detection needs to
occupy a certain position, so the L1/L2 loss function cannot

be used after modifying the position; however, it is normal
for the IOU to lose its function. *e L1/L2 loss function
cannot calculate the specific location, but the IOU loss
function can obtain the specific location information. For
example, if the position deviation of the detection frame is
larger, the calculated value of IOU loss function is smaller;
otherwise, the calculated value of IOU loss function is larger.
*erefore, in the process of modifying the face detection
model, the IOU loss function is used to verify the model, and
the effect is better.

5. Experiment and Analysis

5.1. Dataset Description. Datasets and evaluation criteria
play a very important role in improving model performance
and quantitative evaluation. In order to improve the de-
tection performance and efficiency of the adopted network
structure model, the commonly used typical datasets Wider
Face, MAFA, and COFW are selected in the experiment so as
to strengthen the training of the model using the complete
data and clear labels provided by the face dataset so as to
make the experiment more objective and fair and reproduce
the results.

*e Wider Face dataset contains 32203 images and
393703 labeled faces, which is 10 times larger than the largest
face detection dataset at present. A large number of label
faces, which have certain complexity in shape, size, shape,
and interference, are rich in data. *ey are datasets with the
greatest detection difficulty and the highest data richness in
the current open-source dataset. Select one part as the
training subset, the other part as the verification subset, and
the rest as the test subset. According to the detection dif-
ficulty of the test dataset, the verification set and the test set
are divided into three levels: simple, medium, and difficult.

MAFA belongs to the dataset of mask faces, including
30811 pictures collected by the Internet. Each picture
contains at least one face disturbed by the external envi-
ronment. *ese disturbed faces are not available in the
conventional face dataset. *e dataset includes six attributes
marked manually, namely, face position, glasses position,
occlusion position, face direction (left, middle, right, left
front, and right front), occlusion degree (strong, medium,
and weak), and occlusion type (simple mask: solid color
artificial occlusion; complex mask: complex line artificial
occlusion, human body occlusion, and mixed occlusion).
*e dataset can be well adapted to the training and

Multiply

X U

GAP

W'×H'×C' W×H×C

1×1×C 1×1×C

1×1
Convolution

Figure 6: Structure and function diagram of the channel attention module.
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optimization of the face detection dataset and deep learning
model in a complex environment.

COFW is an earlier partially occluded face detection
dataset. Its purpose is to detect the location of face marker
points in occlusion environment, including 1852 annotated
faces with occlusion. *e training set contains 1345 images
without occlusion, and the test set contains 507 images with
occlusion, with an average occlusion rate of about 23%.
Among them, 329 images were occluded by more than 30%,
belonging to severe occlusion, and the remaining 178 images
were slightly occluded.

Wider Face, MAFA, and COFW datasets are used for
experiments, and the datasets are shown in Table 1.

*e video contained in Wider Face, MAFA, and COFW
datasets is read by Opencv and saved for 30 frames. After the

obtained image frames are aligned and cut by Mtcnn face,
the image frame size is normalized to 124×124 RGB image.

5.2. Evaluating Indicator. In order to better compare the
effects of different methods on face detection, this article
uses frames per second (FPS) as the speed evaluation index
to represent the number of images that can be processed per
second and takes the average recall rate (AR) and average
accuracy rate (mAP) of each image category as the evalu-
ation index of face detection accuracy.

5.3. Results andAnalysis. *e ablation experiment is used to
verify the effectiveness of the algorithm in this article. *e

Table 1: *e training set and testing set of each data set required for the experiment.

Data set
Number of samples

Training set Testing set Total
Wider Face 4500 3300 7700
MAFA 5500 3500 9000
COFW 5800 2500 8300

Table 2: Effects of different network structures on evaluation parameters.

Network structure FPS mAP (%) AR (%)
SSD 46 76.6 87.9
SSD+ SeNet 40 77.5 88.4
SSD+YOLOV 42 78.2 90.5
Improved SeNet 36 77.8 89.2
Improved SSD 39 78.6 88.5
*is method 43 80.4 92.6
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Figure 7: Comparison results of FPS obtained using different network structure models.
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index values are obtained according to different network
structure models, and the results are shown in Table 2.

It can be seen from Table 2 that in the improved method,
adding an attention mechanism based on bidirectional
feature fusion can improve the average accuracy by 1.3%, the
improvement of the anchor can improve the average ac-
curacy by 0.8%, and the overall average accuracy can be
improved by 3.5%.

*emodel in this article is trained onMAFA and COFW
training sets. *e results on the MAFA test set are compared
with the experimental results of mainstream algorithms such
as YOLOV2, DSSD321, and Faster R-CNN, as shown in
Figures 7 and 8.

It can be seen from Figure 8 that when the input image
size is 300× 300, the average accuracy of the model proposed
in this article is 7.4%, 3.9%, and 4.9% higher than that of
YOLOV2, DSSD321, and Faster R-CNN, respectively. At the
same time, the SSD model detects 46 images per second,
while the improved SSDmodel detects 33 images per second.
Compared with the SSD model, the detection speed of the
improved model decreases slightly because the amount of
calculation of the model increases when the bidirectional
feature fusion is improved, which affects the detection speed
of the model.

In order to verify the effectiveness of this algorithm, the
target detection results of the original SSD algorithm and

75.3 78.4 78.8 79.3 80.2 79.8
74.5

82.7
87.5 88.6 89.4 91.2 88.7 90.2 88.5
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Figure 8: Comparison results of mAP and AR obtained using different network structure models.

(b)(a) (c) (d)

Figure 9: Detection results of local face attributes based on SSD.

(b)(a) (c) (d)

Figure 10: Detection results of local face attributes based on improved SSD.
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this algorithm are visually displayed, as shown in Figures 9
and 10. In this article, the detection frame fits more closely
with the target and improves the missed detection and false
detection of small targets to a certain extent.

*e results show that the average recall (AR) and mean
average precision (mAP) are higher than other methods, and
the accuracy is improved. *e experimental results of dif-
ferent algorithms on various datasets show that this method
is superior to other algorithms in various indexes.

6. Conclusion

Based on SSD and vgg16 detection framework, this article
studies complex face detection, including face local attri-
butes, by enhancing feature data at different layers and
fusing convolution block attention mechanism. It is verified
and tested on the public dataset, and a relatively good
balance is achieved between detection accuracy, data rate,
and various resource allocation. Faster R-CNN is used for
general target detection, but it can still show excellent face
detection performance when retrained on appropriate face
datasets. By considering the special pattern of the human
face, its performance can be further improved. In this article,
the Fast R-CNN target detection method is applied to face
detection. *e recall rate, average accuracy, and detection
time of face detection are comprehensively analyzed, and the
SSD network model is finally selected. Using the trained
model to test in the test set, the AR is 93.7%, the map is
82.7%, and the pixel size is 512× 512. *e method in this
article is applied to face detection in video, which can realize
real-time detection.
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