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Abstract

This paper analyzes the time-consuming analysis of
each cascading network module (PNet module, RNet
module and ONet module) in MTCNN, and finds that the
time-consuming of PNet module is the highest (about
70%). According to the results of time-consuming
analysis, two improved methods are proposed, one is to
reduce the number of candidate face frames in input PNet
network and the other is to reduce the number of output
face frames in PNet network. Then, aiming at the
problem that MTCNN algorithm has low detection speed
in high-resolution video and cannot meet real-time
requirements, a series of optimization such as adjusting
the minnisize parameter and PNet threshold in
combination with the low computing power application
scenarios of the channel bayonet. It is verified in the
FDDB face test set and practical application, the
detection speed has increased by 70.1% when the
detection rate has dropped by only 3.5%, and the
improved scheme has achieved good results. Compared
with the performance of OpenCV-VJ and SURF face
detection algorithms on FDDB, the optimized MTCNN
algorithm has better performance. Through the analysis
of the detection results of the specific FDDB data set
pictures, it is found that the undetected face conditions do
not meet the actual application scenarios in this article,
which proves that the optimized algorithm has excellent
performance in actual applications. The test results reflect
that the reproduced and optimized MTCNN face
detection algorithm has good robustness to face pose
changes, and fully meets the requirements of face
recognition systems in low computing power scenarios
such as channel bayonet.

Keywords: MTCNN, Low computing power scenarios,
Face detection, PNet time-consuming
optimization

1 Introduction

A mature face recognition system usually consists of

image acquisition, image preprocessing, face detection,
face tracking, face alignment, feature extraction and
comparison. Among the more critical steps are face
detection, tracking and face feature extraction. In
recent years, face recognition systems have been
widely used in channel bayonet systems such as smart
access control and identity verification in high-speed
railway stations. These channel bayonet face
recognition systems have all or most of the face image
collection, face detection, face alignment, face quality
detection, face feature extraction, face tracking and
other steps. However, some of these systems require a
high degree of cooperation from people, some are
complex to implement, and some have high
requirements for hardware such as computing devices.
On the one hand, the computing power of embedded
systems is not enough to support face detection,
tracking and face feature pairing based on deep
learning. Real-time requirements, some channel
bayonet face recognition systems require people to
deliberately approach the camera to cooperate with the
system for verification, discarding the natural and
convenient advantages of face recognition. The
specific target scenario studied in this paper is a single-
channel bayonet (single face close range), and the goal
is to be able to quickly compare and recognize faces
within 1-4 meters. The goal of the research is to apply
a faster and better performance algorithm to the
channel bayonet face recognition system with low
computing power, and to improve the operating speed
of the face recognition system through the improved
face detection algorithm. It can be mounted on low-end
devices with poor computing performance while
maintaining certain detection and recognition performance.

Aiming at the above problems, this paper combines
the channel bayonet application scenarios, through
research and improve face detection algorithms, face
tracking auxiliary algorithms, and introduce face
selection algorithms in the face recognition module to
satisfy the real-time and convenience requirements of
the channel bayonet face recognition system.
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After investigating and studying the existing face
recognition system and analyzing its advantages and
disadvantages, this paper improves the key
technologies of the face recognition system. Firstly,
using Python language to reproduce the MTCNN face
detection algorithm on the TensorFlow deep learning
framework, and it is optimized and improved by
combining with the actual application scene of channel
bayonet in this paper. The fusion of the improved
speed-up MTCNN algorithm and the supervised
Kalman filter human tracking algorithm proposed in
this paper accelerates the system operation speed.
According to the face selection algorithm proposed in
this paper, a face selection module with multiple
purposes is designed. Then according to the
comparison and analysis of various face recognition
algorithms, the FaceNet face recognition algorithm is
selected, and the face recognition module is designed
in combination with the face selection algorithm
proposed in this paper. Finally, the above research is
applied to the channel bayonet face recognition system,
and the system design and implementation are
completed. The chapter arrangement and corresponding
main work of this paper are as follows.

The first part is the introduction and the second part
is overseas and domestic research status, which
explains the research background and significance of
face recognition system; This paper analyzes the
development status of face detection in the system at
home and abroad, and compares and analyzes various
algorithms, paving the way and explaining the reasons
for the selection of various algorithms in the following
research work. The third part introduces the common
data set of face detection. The fourth part and the fifth
part choose MTCNN algorithm as the face detection
algorithm in the system according to the investigation
and experimental comparison of face detection algorithm.
Since there is no engineering implementation of
MTCNN algorithm based on Python language and
TensorFlow framework, it is reproduced and trained
after an in-depth understanding of its convolutional
neural network structure and detailed training methods.
Afterwards, the time-consuming analysis of all levels
of the network in MTCNN was carried out, and it was
found that the PNet module took the highest proportion
of time, and the corresponding speed-up suggestions
were put forward. Then, in view of the low detection
speed of the MTCNN algorithm in high-resolution
videos, it cannot meet the real-time problem, combined
with the specific application scenarios of the channel
bayonet face recognition in this paper, a series of
optimizations such as minnisize adjustment and PNet
threshold adjustment are performed. Finally, according
to the detection rate on the FDDB face test set and the
actual detection speed in 720p high-resolution video, it
can be seen that the detection speed increases by
70.1% when the detection rate drops by 3.5%. By
analyzing the detection results of specific FDDB data

set images, it is found that the undetected face
conditions do not meet the practical application
scenarios in this paper, which proves the excellent
performance of the optimized algorithm in practical
application. Finally, the face detection module was
designed and implemented, and actual engineering
tests were carried out; the test results reflect the
specific data that the reproduced and tuned MTCNN
face detection algorithm has good robustness to face
pose changes and fully meet the requirements of the
channel bayonet face recognition system. The sixth
part is a summary and outlook. It summarizes the main
research content of this paper, analyzes the affirmative
part of the research work and the problems that need to
be studied, and put forward the research direction for
future work.

2 Overseas and Domestic Research Status

Face detection algorithms are divided into
knowledge-based, feature-based, statistics-based, and
deep learning-based algorithms. Face detection
algorithms based on deep learning have achieved
remarkable success in recent years [1]. This article
only discusses the part of Convolutional Neural
Networks (Convolutional Neural Networks, this
chapter is referred to as “CNN”) in deep learning. In
the task of face detection, CNN has been successfully
introduced as a face feature extractor. The face
detection algorithm based on CNN has strong
robustness to influencing factors such as face pose
changes, illumination changes, blur and so on [2].
CNN-based face detection algorithms can be roughly
divided into cascade-based, classification-based and
logistic regression-based algorithms.

The proposed face detection algorithm based on
cascaded CNN is inspired by the VJ framework. The
face detection algorithm based on the VJ framework is
fast, and the face detection algorithm based on CNN
has high accuracy. A natural idea is to combine the
advantages of these two algorithms. The face detection
algorithm based on cascaded CNN puts CNN into the
cascaded structure to improve the detection accuracy
and speed [3]. A feedback Radial Basis Function
neural network (FRBF) is proposed to estimate the
missing attribute values for incomplete data. The error
between the actual output value of RBF neural network
and the expected value is fed back to the input layer [4],
then a feedback RBF neural network is constructed. In
addition to using multiple CNN networks to cascade,
different network layers in the same network are also
used to form a cascade structure [5]; The first few
layers detect faces that are easier to detect, and the
latter layers detect faces that are difficult to detect. The
most famous MTCNN [6] (Multi-task convolutional
neural network, multi-task convolutional neural
network) face detection algorithm integrates three
CNNs into one CNN model, and integrates face
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detection and face alignment tasks into one framework
for implementation [7]. Combining different methods
of MTCNN has different detection advantages in
different situations [8]. For example, Zhang [9] et al.
used the multi-task convolutional neural network
(MTCNN) under the CaffeOnACL framework for face
detection, and adopted local binary mode (LBP) As a
face recognition algorithm, it is fast and accurate.
Sabbir Ejaz [10], guo [11] and wang [12] et al
proposed a feasible method, which includes first
detecting the facial area and using multi-task cascaded
convolutional neural network (MTCNN) to solve the
face occlusion Then use the Google FaceNet
embedding model to perform facial feature extraction.
Finally, the classification task has been performed by a
support vector machine (SVM), which has excellent
performance in masked face recognition. Lu [13] et al.
proposed that a multi-task cascaded convolutional
network (MTCNN) was used to detect all faces in the
image, and then, by using a deep convolutional neural
network and performing transfer learning from a pre-
trained VGGFace model, the effect was good. Its
overall complexity is well controlled and can be
applied in some industrial scenarios [14].For example,
Yi [15]et al. proposed the MTCNN-based facial
occlusion recognition research in railway face-scrolling
scenes, and Antony [16]and deng [17]et al. proposed
the MTCNN-based driver fatigue detection.

A series of CNN face detection algorithms based on
the classification of candidate regions is one of the
most important branches in the current face detection
technology field. This type of algorithm first generates
many candidate face frames, and then uses the CNN
network to determine whether there are faces in the
candidate frames. The most famous algorithms in this
series are R-CNN [18], SPP-NET [19], Fast R-CNN
[20] and Faster R-CNN [21], etc. The detection process
becomes more and more simple, and the detection
speed has also been steadily improved. HyperFace [22]
face detection algorithm wuses a selective search
algorithm to generate candidate frames, and the
subsequent Faster-CNN algorithm uses a region
proposal network to generate candidate frames. Face-
RCNN [23] is a face detection algorithm designed
based on the Faster-RCNN network and the central
loss function. CMS-RCNN [24] face detection network
introduces the contextual reasoning of the face into the
Faster-RCNN face detection algorithm, thereby
reducing the detection error rate. J. J. Li [25] achieves
state-of-the-art results over prior arts on both the
WIDER FACE dataset and the Face Detection Dataset
and Benchmark. SSH [26] face detection algorithm
introduces the candidate region suggestion network in
the Faster-RCNN network into the VGG network
structure, and at the same time, it also achieves good
detection effect by removing its full connection layer.

The CNN target detection algorithm based on
logistic regression is represented by YOLO [27] and

SSD [28]. After training on the face set, it can
complete the classification of the face and the
regression of the face bounding box in the face
detection at one time. The subsequent FaceBoxes [29]
were inspired by the face region extraction network in
Fast R-CNN and the multi-scale mechanism in SSD,
and proposed a neural network that only contains fully
convolution and can be trained end-to-end. Y. T.
Chang [30] compared several algorithms of defect
detections using a data set, which comprises 20
categories of objects and 50 images in each category.
Cai et al. proposed the MS-CNN [31] face detection
network. In order to find faces of different sizes, face
detection is performed on multiple levels of the
network. Wang et al. proposed the FAN [32] face
detection algorithm based on the RetinaNetnetwork
structure, J. S. Li [33] using the attention mechanism to
enhance the network to extract facial features. The
SRN [34] face detection network is also improved
based on the RetinaNet network structure, adding
binary classification and regression tasks, and fine-
tuning the position of the anchor node on the high-level
feature map. Pyramid [35] face detection network uses
background information to improve the performance of
face detection.

In summary, on the FDDB data set, the three types
of algorithms based on deep face detection are shown
in Table 1.

Table 1. Comparison of speed and accuracy of three
types of methods

.. Representative
Speed  Precision algorithm

Based on Cascade CNN [4]
cascade Fastest  Lower NN 6]
Based on .
classification Slower Higher ICS [7]
Based on Faster R-CNN [21]
logistic Faster Higher  Face R-CNN [23]
regression Face R-FCN [25]

3 Common Data Sets for Face Detection

3.1 FDDB Data Set

FDDB data set has a total of 2845 images. These
images contain 5,171 faces. They are one of the most
authoritative face-detection evaluation datasets in the
world. FDDB face test data set contains both black and
white and color images, and faces contain different
pose, occlusion, resolution and other factors that affect
the detection rate, as shown in Figure 1. In addition,
this data set is large, so it is more challenging to
evaluate the face detection algorithm on this data set.
Moreover, the author provides a prescribed procedure
to evaluate the results, so it is fair to evaluate the
detection algorithm on this data.
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Figure 1. FDDB data set

The image resolution of the FDDB data set is small.
The resolution of all images is less than 450x450, and
the smallest marked face size is 20x20. The relevant
training methods include ten fold cross wvalidation
based on FFDB data set and unlimited training based
on isolated FDDB data set. However, due to the small
number of FDDB data sets, most of them use unlimited
training. The detection result has two methods: discrete
ROC and continuous ROC. Discrete ROC focuses on
whether the intersection ratio between the detection
frame and the labeled frame is greater than 0.5, while
continuous ROC focuses on whether the intersection
ratio between the detection frame and the labeled
frame is close to 1. Since most of the methods of
unlimited training are used, the detector will be
affected by the training set, so discrete ROC is more
reliable.

3.2 WIDER FACE Data Set

The WIDER FACE data set contains 32,203 images,
including 393,703 faces marked on them. Faces
contain various scale changes, posture changes and
other factors affecting the detection, which can be used
as a training set or a test set. As shown in Figure 2.

Figure 2. WIDER FACE data set

The resolution of the images in the data set is
generally high, and the width of all images are scaled
to a size of 1024 in length and width; the data set is all
color images, and the minimum labeled face size is 10x
10. The whole data set is divided into training set,

validation set and test set according to the ratio of 4:1:5,
but the true label value of the test set is not public, and
the test results need to be submitted to the official for
comparison, which is more fair.

4 Comparison and Analysis of Related
Algorithms

Traditional face detection algorithms use classifiers
for classification after extracting artificially designed
features by human. Classical algorithms include
Adaboost algorithm based on Harr features, SVM
algorithm based on HOG features, and so on. These
classical algorithms tend to lose one way or the other
in detecting speed and accuracy. In recent years, with
the development of deep learning, the use of
convolutional neural networks in face detection
technology improves accuracy while also taking into
account the detection speed.

In the two-stage detection network, Faster R-CNN
completes the detection task through classification and
regression and has a high mAP (mean Average
Precision), but its own RPN (Region Proposal Network)
network generates too much Rol (Region of Interest),
resulting in a large amount of calculation and slow
detection speed. Face R-CNN is a representative
algorithm of two-step Face detection. It is an improved
face detection algorithm based on the Faster R-CNN
framework. Its characteristics are high accuracy but
poor speed. In a one-stage detection network, the more
effective solutions include YOLO and SSD. They both
complete the target detection through regression.
YOLO and SSD are adjusted after the target box is
manually defined by the anchor node, which reduces
the number of Rol and accelerates the speed of the
algorithm; among them, YOLO can fully meet the
industrial  real-time requirements, but  when
transplanted into the face detection algorithm, the
detection effect of small targets such as faces is poor.
In practical applications, most faces occupy a small
proportion in the image, so they cannot be detected.
Although the accuracy of the SSD algorithm is good,
too many model parameters require the support of
high-performance graphics card, which cannot meet
the real-time requirements of products on devices with
only CPU or embedded devices.

Among the cascaded CNN detection algorithms,
MTCNN has good robustness to face posture changes
and occlusion, and it is one of the few cascaded CNN
face detectors that can be applied in industrial scenes.
In practical application, although its own cascade
structure limits the detection speed in the case of
multiple faces, it can still meet the actual requirements
of product detection performance and real-time
performance in the common channel bayonet scene (1
to 3 people) after industrial level optimization.
Considering that the MTCNN algorithm is a multi-task
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network structure, it can not only complete the face
detection function, but also do the task of marking the
key points of the face. A network completes two tasks
and provides key points for the face alignment task.
The integration of the recognition system will be
higher and the running speed will be faster, so the
MTCNN algorithm is selected as the face detection
algorithm in this system.

4.1 MTCNN Algorithm

The idea of the MTCNN algorithm is to scale the
image to different sizes as the input of each network
layer, and then using the idea of rough to fine to sort
three independent network which detection accuracy
from poor to good. Then a cascade structure consisting
of three convolutional neural networks is constructed
to accomplish the multi-task detection target. MTCNN
algorithm can complete three tasks at the same time:
face detection, face border regression and face feature
point positioning. Because the three tasks require
different training labels, different loss functions are
required.

The face detection task uses the two-class cross-
entropy loss function:

L ==y log(p,) +(1- 1) (1-log(p,))) M

Among them, p, represents the possibility that the

sample x, is a human face, and y®™

;isOor 1.
The bounding box regression and key point tasks use

the L2 loss function:
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Among them, vy, is the key point coordinates

of the network output, and L““"* is the true value.
The total loss function is:
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Where «; represents the importance of different

tasks, A’ is an indicator of sample type, and L/ has

different loss functions in different training samples.
MTCNN puts forward the idea of online hard
sample training. In the training process, the hard
samples that are difficult to train are selected online to
accelerate the convergence of the network. The
processing method is to sort the batches of the current
batch with forward propagation loss in each minibatch,
and find out the top 70% difficult samples. Only

difficult samples are wused for training in back
propagation. The MTCNN algorithm process is
roughly that the image completes related tasks through
three cascaded networks.

The first is the data preprocessing stage. The
MTCNN algorithm responds to face size changes by
building an image pyramid, scaling the original image
to different sizes through a certain scale factor, and
building an image pyramid as the input data of the
network cascade architecture.

In the first stage, all images in the image pyramid
are obtained through a shallow full convolutional
neural network PNet to obtain the candidate face frame
and the face frame regression (the face frame
regression is used to correct the position of the
candidate face frame), so as to realize the role of
rapidly generating the candidate face frame. Then use
the NMS (Non-Maximum Suppression, non-maximum
suppression) algorithm to merge the candidate face
frames with a high overlap rate.

In the second stage, the candidate face frame
generated in the first stage is used as the input of RNet;
RNet is more complex than PNet in network structure,
which can remove most of the wrong candidate face
frame and then use the face frame regression vector to
fine-tune the position of the candidate face frame. Then
use the NMS algorithm to reduce the face frame.

The process of the third stage and the second stage
are similar, and both use the output of the previous
stage as the input of this stage. Adjust the position of
the face frame while removing the wrong candidate
frame, and output the position coordinate information
of the five face feature points. It’s just that the network
structure of ONet is more complex than RNet, and the
output results are more accurate.

The network structure of MTCNN is shown in

Figure 3.
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Figure 3. Network structure of MTCNN
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4.2 Network Time-consuming Analysis

The face detection algorithm is proposed to solve
two major problems, one is to detect whether the image
contains a face, and the other is how to extract the
position information of the face. The process of most
face detection algorithms can be divided into two parts.
The first step is to find all candidate areas that may
contain faces in the image, and the second step is to
select the candidate regions containing the highest
probability of faces from these candidate regions. The
MTCNN algorithm uses PNet to find the candidate
area of the face, and uses RNet and Onet to further
select the face candidate area with the highest
probability. Generally, this kind of algorithm will be
outstanding in the detection rate, but the speed will not
be too ideal. In the following, the time-consuming of
MTCNN network at all levels will be analyzed one by
one to determine the improved method.

The average time consumption of PNet module,
RNet module and ONet module was respectively
calculated by sending 200 single-person face video
frame images in each group into MTCNN face detector,
as shown in Table 2. The PNet module, RNet module
and ONet module here respectively include the
preprocessing of input data, network operation and
NMS algorithm, not just the process of model
calculation [36].

Table 2. Time-consuming statistics of MTCNN after
modifying parameters

parameter settings PNet RNet ONet .Total
module/ms module/ms module/ms time/ms
Control group 120.2 39.0 18.4 177.6
minisize40 42.1 12.7 4.7 59.5
minisize60 27.1 12.7 42 44.0
minisize80 19.8 11.1 4.5 354
PNet threshold 0.5 473 174 9.1 73.8
PNet threshold 0.7 37.7 11.0 4.5 532
PNet threshold 0.8 33.7 10.1 42 48.1
scale_factor(.6 24.1 11.0 44 394
scale factor0.5 19.1 13.1 4.9 37.1

Among them, the control group parameters: the
PNet threshold is 0.6, the minimum face size is 20, the
pyramid scaling factor is 0.709, and the image
resolution is 720p. In addition, the minisize parameter
set for the PNet threshold change group and the
scale factor change group is 40, and the other
parameters are the same as the control group. Timing
method: use the cv2.getTickCount() function to time
each module before and after running. The
cv2.getTickCount() function here returns the clock
cycle from the start of the program to the current code
execution; for example, set the timing function before
and after the PNet module t, = cv2.getTickCount() and

t,= cv2.getTickCount(), the module running time can
be calculated by t=(t, —¢ )/cv2.getTickFrequency(),

the function cv2.getTickFrequency() returns the
number of clock cycles of the CPU in 1 second, so it
can be timed in seconds.

According to the data analysis in Table 1, it is
concluded that the PNet module stage consumes the
most time. However, when we analyze the three
cascaded network structures in MTCNN, we can see
that the complexity of the network models of PNet,
RNet, and Onet increase sequentially, which means
that their parameter quantities are also increased
sequentially, and their running time should also
increase sequentially. This is inconsistent with our
experimental results. After careful analysis of the
algorithm flow of MTCNN, it is found that in the data
processing stage, the MTCNN algorithm adopted the
image pyramid method to scale the original image with
a coefficient of 0.709 in order to solve the problem of
face scale change, and made the face in the image close
to the image size (12x12) required by PNet training.
The implementation method is to first reduce the
original image by 12/minisize (minisize is the
hyperparameter, that is, the smallest face size in the
image, set to 20 in MTCNN), and then reduce it to a
size close to 12x12 by the scale factor. As mentioned
above, when the zoom factor is smaller and the
minisize is larger, the fewer pyramid images are
generated, and the image input into PNet will be
relatively reduced. If the resolution of the original
image is high, the data processing stage will be very
time-consuming, and PNet will accept a lot of input
images. In combination with actual scenes, the face
size that needs to be recognized in the channel bayonet
is often larger than 20x20. The minisize could be
scaled up for high resolution images or the scaling
factor could be lowered to reduce the amount of
pyramid images and speed up the testing.

The number of face frames output by the previous
subconvolutional network will be reduced after being
eliminated by the NMS; therefore, the number of face
frames that the PNet module needs to process is the
largest, followed by the RNet module, and the ONet
module least. This is also the cause of the most time-
consuming part of the PNet module. Therefore, adjust
the default settings of the network threshold [0.6, 0.7,
0.7] to [0.7, 0.7, 0.7] and [0.8, 0.7, 0.7] and re-test.
Combining the data in the table and the algorithm flow
of each module, it can be analyzed that as the PNet
threshold increases, the amount of data that the NMS
algorithm needs to process is reduced, and the time
consumption of the PNet module is reduced; and the
number of pictures sent to the RNet module is reduced.
The RNet module consumes less time. Therefore, in
the subsequent testing stage, the network threshold can
be appropriately increased to speed up the network
operation [37].

In summary, the following conclusions can be drawn:
(1) PNet module part consumes the most time, so in
terms of speed improvement, it gives priority to
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improve PNet module. (2) In the actual scene, the
minisize (recognized minimum face size) can be
adjusted to adapt to factors such as image quality and
distance, which can speed up the operation of the face
detector at the same time [38]. (3) The scaling factor
and network threshold can be adjusted appropriately to
speed up the running speed.

Since the specific scene of the application of
MTCNN face detection algorithm trained in this paper
is the channel bayonet, such as the single channel
bayonet of the railway station entrance examination
bayonet, intelligent face recognition access control, etc.,
the detection personnel need to be close to the image
collection equipment. The size of the face in the
channel bayonet video frame is much higher than the
20x20 resolution. In MTCNN, the relevant coefficient
minisize can be adjusted according to the minimum
face size in the image to be detected. According to the
experimental data obtained from the time-consuming
analysis part of the MTCNN algorithm in this article,
the minisize could be adjusted from the original default
parameter 20 to 40 under a single person face, and the
number of detection frames increases, and the speed is
increased significantly. Therefore, the solution adjusts
the minimum face size to be detected to 40 x 40
according to actual application scenarios. And on this
basis, it analyzes the influence of further adjusting the
network threshold on the detection rate and detection
speed of the MTCNN algorithm.

5 Experiment and Analysis

5.1 Network Training

Since the MTCNN algorithm does not have the
corresponding official code, and most of the
reproduction projects are built on the caffe deep
learning platform, the deep learning platform chosen in
this article is tensoflow. In this way, MTCNN needs to
be duplicated first, and then the model can be improved
based on it. Finally, the algorithm performance before
and after the improvement can be compared on the
same platform TensorFlow.

In terms of project implementation, the software
used and the environment built are: Anaconda,
pycharm, py3.6, tensorflowl.8 and their dependent
packages. The hardware used is: CPU i5-7300HQ
2.5GHz, memory 16GB, GPU is GTX1050.

When building network models of PNet, RNet and
ONet, this paper selects the TF-Slim library in
TensorFlow to implement. TF-slim is a lightweight
deep learning library built into TensorFlow, making
the process of testing, training and building models
very simple. The convolutional layer, pooling layer,
full connection layer and deep separable convolutional
layer to be used in this paper can all be implemented
by using the TF-Slim library. For example, the full

connection layer can be realized using the slim.fully
connected() library function, with the number of
network input and output neurons indicated in
parentheses.

Then the corresponding function modules are built
according to the algorithm flow and training process of
MTCNN. The algorithm flow has been described in
detail in Section 3.4, and it will not be repeated in this
section. MTCNN is a three-stage cascade neural
network, and the training process is divided into three
steps to conduct separate training for PNet, RNet and
ONet. Each network requires its own training set, and
the output of the previous network is the training input
of the current network. The training set of PNet uses
12x12 pictures, which are obtained after fine-tuning up
and down based on the actual label information of the
face on the prepared data set. The image interception
was divided into positive sample, negative sample,
partial face sample and key point sample according to
the numerical size of IoU(Intersection over Union,
handover ratio), with a ratio of 1:1:3:1. The positive
sample, negative sample and part of the face samples
are randomly clipped. The maximum IoU value of
cropped image and face frame is greater than 0.65 as
positive samples, those with greater than 0.4 and less
than 0.65 are partial face images, and those with less
than 0.3 are negative samples, and the image with key
points is taken from the key point sample. The training
sets of RNet and ONet need to be intercepted and
normalized from the original image by the regression
box information output by the network of the previous
layer, and only 70% of the training data before the
classification loss is taken for the difficult case mining
training. The training process needs to be divided into
three parts according to the MTCNN algorithm flow
and trained in sequence.

The training set of the face detection part is
WIDER Face train data set. The training sets of face
key point detection are LFW_5590 and NET 7876
data sets. According to the original paper, the
thresholds of the three networks were set to 0.6, 0.7,
0.7 (set according to the MTCNN paper), the initial
learning rate was set to 0.001, and the minisize was set
to 20 (the minimum face size marked in FDDB is
20%20). The epoch of each network (1 epoch means all
samples in the training set for 1 pass) were set to 30, 22,
22, and batch_size was set to 384.

5.2 Performance Analysis

In this paper, FDDB is used as the test set to
compare the performance of the duplicated MTCNN
and the two improved schemes. The FDDB data set
provides prescribed procedures to evaluate face
detection algorithms. But the program it provides is
written in C/C++ language, needs to be compiled by
make, and the corresponding C/C++ version of opencv
needs to be configured in Visual Studio. The
environment building process is complicated, and the
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C/C++ language environment of Visual Studio that
needs to be built conflicts with the Python language
environment of PyCharm that has been built in this
article. For example, the py-opencv library in the built
py3.6 environment conflicts with the C/C++ version of
opencv and cannot be in the same system. Based on the
above reasons, this article packages the evaluation
program provided in FDDB into an exe executable
program, and places the required opencv-related files
opencv_world310d.dll and opencv_world310.dll in the
same directory, completing the migration of the
evaluation program. The data required by the
evaluation program is the detection result of the face
detector on the FDDB data set, so this article first
designs the program fddbout.py to record the position
and size information of the face frame obtained after
all the images in the FDDB data set through the face
detection algorithm.

Perform performance analysis below. According to
the time-consuming analysis results of the control
group and the minisize parameter variation group in
Table 2, the maximum speed improvement was
achieved when the value of minisize was elevated from
20 to 40, which changed from 177.6ms/ frame to
59.5ms/ frame, reducing the time consumption by
66.5%. The performance of a variety of replicating
MTCNN algorithms over FDDB was tested. The test
results are shown in Figure 4. The thresholds of the
three cascaded networks were set as 0.6, 0.7 and 0.7
respectively.

As can be broadly seen in Figure 7, the performance
declined as minisize increased. The specific data are
shown in Table 3.
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Table 3. Comparison of algorithm performance under
different minimum face parameters

... Maximum FP=400 Number Average
minisize Detection
accuracy accuracy of FP time/ms

20 0.866 0.792 1423 177.6

40 0.840 0.790 1036 59.5

60 0.801 0.784 620 44.0

0.766
80 0.766 (FP=389) 389 354

As can be seen from Table 2, the detection rate has
dropped by 2.6 percentage points when the minisize
changes from 20 to 40, and the detection rate has
dropped by 3.0%; The average detection time
decreased from 177.6ms to 59.5ms, a decrease of
118.1ms and a relative decrease of 66.5%. The time
consumption was significantly reduced compared to
minisize60 and minisize80. The experimental data
prove that the scheme is completely feasible.

On the basis of changing the minisize from 20 to 40,
we will explore whether changing the PNet network
threshold can further greatly reduce the time-
consuming detection. Therefore, the PNet threshold is
set to 0.5, 0.6, 0.7, 0.8 and tested on the FDDB data set.
The test results are shown in Figure 5. The specific
values are shown in Table 4.
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Figure 5. Comparison of algorithm performance under
different thresholds

Table 4. Comparison of algorithm performance under
different thresholds

PNet Maximum FP=800 Number Averqge
detection
threshold accuracy accuracy of FP )
time/ms
0.5 0.841 0.825 1129 73.8
0.6 0.840 0.826 1036 59.5
0.7 0.837 0.828 940 53.2
0.8 0.834 0.834 792 48.1

(FP=792)
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After analyzing the data in Table 4, the detection
rate and average detection time decreased slightly and
changed little after increasing the PNet threshold value
in the original setting.However, increasing the PNet
threshold reduces the number of FP, which will reduce
the number of false detections in practical application.
Therefore, the PNet threshold is selected here as 0.7.

The eventual improvement was to adjust minisize to
40 and the PNet network threshold to 0.7, achieving an
acceptable range of only 2.9% drop in detection rate
(relative drop of 3.5%), and its time-consuming from
177.6ms/frame The reduction is 53.2ms/frame (the
average time consumption is relatively reduced by
70.1%).

Finally, the repeated MTCNN algorithm, the
adjusted MTCNN algorithm (minisize=40, PNet
threshold of 0.7) and the built-in VJ algorithm based
on Adaboost and the surf-based face detection
algorithm were compared on the FDDB data set. The
test results are shown in Figure 6, and the specific data
are shown in Table 5. The results show that the
algorithm in this paper is significantly better than the
traditional VJ face detection algorithm and the face
detection algorithm based on SURF features.
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0.8 ) EEMTCNN | 1
e openc\/J
08r _— SURF T

True positive rate
© © o o o o
n w S w (=] ~

=4
o

0

0 200 400 600 800 1000 1200 1400 1600 1800 2000
False positive

Figure 6. Performance comparison of various face
algorithms

Table 5. Comparison of detection rates of various
algorithms under different FP

algorithm FP=200 FP=400 FP=600 FP=800
Repetition MTCNN  0.747 0.792 0.816 0.832
Improved MTCNN 0.749 0.793 0.814 0.828
opencv-VJ 0411 0.513 0.552 0.583
SURF 0.737 0.750 0.755 0.757

5.3 Test Analysis

Figure 7 shows the difficult detection pictures of
occlusion and pose changes on the FDDB data set. The
ellipse box is the real-value face box given by the data
set, and the box is the face box given by the MTCNN

Figure 7. Detection results of blur, occlusion, and
attitude change in FDDB

detection in this paper. It can be seen from the
detection results that the MTCNN algorithm
reproduced in this paper has good robustness to pose
and occlusion.

As shown in Figure 8, there are some difficult
images not detected on the FDDB data set by the
reproduced MTCNN algorithm in this paper, and there
are three typical cases with large attitude change, fuzzy
and small face size, and excessive occlusion. The
recognition rate of these faces into the face recognition
module is very low, which will result in the waste of
computing resources. Moreover, these situations have
no practical significance in the face recognition of
channel bayonet in this paper. Even if they are detected,
they will be determined by the face selection module
designed in Chapter 4 that does not meet the frontal
face conditions and cannot achieve a certain degree of
clarity and human face images whose face confidence
is not up to the standard are eliminated.

In summary, the improved and optimized MTCNN
algorithm in this paper not only has a good detection
rate on the FDDB data set, but also shows that this
algorithm will perform better in real applications
through the analysis of specific hard cases.

The main problem of the channel bayonet face
recognition system in this paper is the decline in the
accuracy of face detection and recognition caused by
face pose changes, so pose changes are the main test
point in the module test.

The face detection module is the most important
module of the face recognition system designed in this
paper, which determines the performance of the face
recognition system to a certain extent. The face
detection module outputs the border of the face in the
image and five key points of the face. The algorithm
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Figure 8. Difficult example diagram of FDDB with
missed detection

adopted by the detection module is the MTCNN face
detection algorithm after modifying the minisize
parameter and PNet threshold according to the actual
application scenario. The main test method is to
simulate the pose changes of the face in the real scene,
and test whether it can detect the face and its key point
coordinates under a variety of pose conditions. Figure
9 shows the test results.

I B
Il il
i lai
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Figure 9. Test result of face detection module

The first group of test samples simulates the face
detection effect in the case of frontal faces. From the
first group of samples, it can be seen that in the case of
frontal detection, no matter whether the size of the face
changes or not, the face can be accurately detected and
five faces are labeled key point. Then the second, third,
and fourth groups of samples simulate various
situations of face pose changes to test the detection of

non-standard pose faces by the face detection module.
It can be seen that the detection effect of the face
detection module is not affected when the person is in
the posture of head up, head down, side face, or tilted
head. On the basis of the above video frames, a
detection statistics table is made for the three pose
changes of the face, and the detection results of the
recurring MTCNN algorithm for the pose changes are
counted. The statistical results are shown in Table 6.
From the data in the table, it can be seen that it has
good robustness to attitude changes, which fully meets
the this system requires.

Table 6. Detection range in different postures

Profile Pitch Tilt head
examination  Left face  Head up Tilt your head
range 75° 37° left41°
(The front face Right face Head down  Tilt your head
is 0°) 71° 45° right 35°

The face detection module designed in this paper
plays a very important role in the system. Only when
the face detection module is running normally and
completing the task can the subsequent modules
provide important information such as face frame
position and key point coordinates. This module can
also be used alone, with strong reusability, and can be
used in other face recognition systems or various
research work that requires the use of face detection
modules.

5.4 The Experimental Summary

This chapter first introduces the factors and
performance indicators that affect the detection rate of
face detection algorithms, and then introduces
commonly used face data sets. By analyzing some
existing detection algorithms, the MTCNN algorithm is
selected as the improvement object [39]. Then the
MTCNN algorithm was reproduced on tensorflow and
time-consuming analysis was made. On this basis, an
improved scheme was proposed (the minisize
parameter was adjusted from 20 to 40 and the PNet
threshold was adjusted from 0.6 to 0.7). The
experimental results show that the performance of the
algorithm is reduced by 3.5% after optimization, but
the speed is increased by 70.1%, achieving the purpose
of improvement. Compared with other face detection
algorithms, the results show that the algorithm in this
paper has better performance. In the test and analysis
stage, through the analysis of the specific detection
images of the face detection algorithm on the FDDB
data set, it is concluded that the algorithm has good
robustness in terms of attitude change and occlusion to
meet the design requirements. Finally, through the
actual face detection module test and quantitative
robustness analysis of pose changes, it is further
verified that the reproduced MTCNN algorithm can
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meet the design requirements of the channel bayonet
face recognition system after adjusting the parameters.

6 Summary

With the continuous development of deep learning
and computer vision in recent years, the research
interest of face recognition system related technologies
is increasing year by year. This paper uses channel
bayonet as the actual application scenario to study the
most critical face detection of the face recognition
system, and analyzes the time-consuming analysis of
each cascaded network module (PNet module, RNet
module, ONet module) in MTCNN, and finds the PNet
module takes the most time (about 70%). According to
the results of time-consuming analysis, two
improvement suggestions are put forward: reducing the
number of face frames input to the PNet network
candidates and reducing the number of face frames
output from the PNet network. Then, aiming at the
problem that MTCNN algorithm has low detection
speed in high-resolution video and cannot meet the
real-time requirement, a series of optimization such as
minnisize parameter adjustment and PNet threshold
value are carried out in combination with the specific
application scene of channel bayonet face recognition
in this paper and the speedup suggestion obtained from
time-consuming analysis. According to the detection
rate of the MTCNN algorithm on the FDDB face test
set and the detection speed of the actual application in
720p high-resolution video, it can be seen that the
detection speed has increased by 70.1% when the
detection rate has dropped by only 3.5%, and the
improvement plan has been achieved good effect. And
the performance comparison with opencv-VJ and
SURF face detection algorithm on FDDB shows that
the optimized MTCNN algorithm performs better. By
analyzing the detection results of specific FDDB data
set images, it is found that the undetected face
conditions do not meet the practical application
scenarios in this paper, which proves the excellent
performance of the optimized algorithm in practical
application. Finally, the face detection module was
designed and implemented, and actual engineering
tests were carried out; the test results reflected from the
specific data that the reproduced and tuned MTCNN
face detection algorithm has good robustness to face
pose changes, and fully meets the requirements of the
channel bayonet face recognition system.

The shortcoming of the research work of this article
is that in the selection of tools for implementing
algorithms and modules, an environment based on the
Python language is selected. In terms of speed, the
Python language is not as good as C/C++. This puts
forward higher requirements for the operating speed of
modules and systems. In the future, you can try to
replace the tensorflow framework with the caffe deep
learning framework, which runs faster, and use the

C/C++ language to develop related systems.
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