Tran The Vinh Tran, Nguyen Thi Khanh Tien, Tran Kim Thanh / Applied Aspects of Information Technology
2023; Vol.6 No. 2: 201-212

DOI: https://doi.org/10.15276/aait.06.2023.15
UDC 004.93

A survey on deep learning based face detection

Tran The Vinh Tran?
ORCID: https://orcid.org/0000-0002-4241-1065; vinhtt@ut.edu.vn. Scopus I1D: 288641

Tien Thi Khanh Nguyen?
ORCID: https://orcid.org/0000-0001-5379-7226; tienntk@ut.edu.vn

Tran Kim Thanh?
ORCID: https://orcid.org/0000-0002-4241-1065; tkthanh2011@gmail.com
1 Ho Chi Minh City University of Transport, Ho Chi Minh City. Vietnam

ABSTRACT

The article has focused on surveying face detection models based on deep learning, specifically examining different one-stage
models in order to determine how to choose the appropriate face detection model as well as propose a direction to enhance our face
detection model to match the actual requirements of computer vision application systems related to the face. The face detection
models that were conducted survey include single shot detector, multi-task cascaded convolution neural networks, RetinaNet, YuNet
on the Wider Face dataset. Tasks during the survey are structural investigation of chosen models, conducting experimental surveys to
evaluate the accuracy and performance of these models. To evaluate and provide criteria for choosing face detection suitable for the
requirements, two indicators are used, average precision to evaluate accuracy and frames-per-second to evaluate performance.
Experiential results were analyzed and used for making conclusions and suggestions for future work. For our real-time applications
on face-related camera systems, such as driver monitoring system, supermarket security system (shoplifting warning, disorderly
warning), attendance system, often require fast processing, but still ensures accuracy. The models currently applied in our system
such as Yolos, Single Shot Detector, MobileNetvl guarantee real-time processing, but most of these models have difficulty in
detecting small faces in the frame and cases containing contexts, which are easily mistaken for a human face. Meanwhile, the
RetinaNet_ResNet50 model brings the highest accuracy, especially to ensure the detection of small faces in the frame, but the
processing time is larger. Therefore, through this survey, we propose an enhancement direction of the face detection model based on
the RetinaNet structure with the goal of ensuring accuracy and reducing processing time.
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INTRODUCTION

When building computer vision applications
related to faces [1, 2], [3, 4], [5, 6], [7] (such as face
recognition, gender classification, face landmark
detection, etc.), face detection is one of the first and
most important tasks. Face detection (FD) [8, 9]
makes it possible for the system to detect the
presence and position of a face in an image or in a
video stream. The input of almost any face detection
algorithm is an image. The output is an image area
containing a rectangular face that can be represented
by 4 points (or 2 points and length and width) along
with the probability that the face is in that image
area.

The accuracy and processing speed of face
detection is very important, directly affecting the
functionality of the entire application system today

[10] in areas including: Security, Marketing,
Healthcare, Entertainment, Law Enforcement,
Surveillance, Photography, Games, and Video
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Conferencing, etc. Optimizing Al models in the face
detection problem is always an urgent task and
should be prioritized when there is a huge
requirement for robustness and real time through the
camera system. The face detection problem often
encounters challenges that reduce the performance
of the Face detection system, which currently does
not have an Al model that can completely solve,
such as occlusion, light, skin color, facial poses,
facial expressions, accessories (glasses, masks...),
face ratio [8, 9]. The FD system can detect partially
obscured faces, but it is difficult for the system to
confirm whether the face is completely or partially
obscured in the frame. The light, skin color is a
detrimental factor for the system especially under
constantly changing lighting conditions, so to
enhance the detection ability when conducting
training FD models often add manipulation
augmentation  during data generation. The
performance of the FD model is also often reduced
when the face is tilted, turned to the side,
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wearing sunglasses, and wearing a mask. In the case
of multi-detection cases, faces with too small
proportions in photos and videos are often easily
missed when detected.

LITERATURE REVIEW

Classical face detection algorithms [11, 12], [13]
such as Haar Cascades (2001) or DLib-HOG (2005)
may not be able to detect faces in some frames, this
can lead to the application not working as intended
or cause complexity in the system. In addition, FD
processing time is large, which increases the time
and memory of the entire application system,
especially in the real-time applications. Therefore, it
is necessary to switch to face detection deep learning
tools that provide high accuracy (so that no face is
undetected) at very high speed and can also be used
in low-power microprocessors such as CNN-based
methods [11], [14, 15], [16]. CNN-based methods
have significantly increased FD performance
compared with traditional methods, and are being
divided into two main approaches: one-stage
detector [17], two-stage detector [18], as shown in
Fig. 1 and Fig. 2.

Face detection
techniques

1

Deep learning
based Face detector

Traditional Face
detector

Viola Jones
Two-stage detector One-stage detector
HOG
> RCNN > SSD
—» Fast RCNN — MTCNN
—»  Faster RCNN —» RetinaNet
—» MaskRCNN — YuNet

Fig. 1. Face detection techniques
Source: compiled by the authors

One-stage detector with some typical models
such as: SSD [19], Yolo [20], RetinaNet [21, 22],
[23]. Called one-stage because in the design of the
model, there is absolutely no extraction of feature
regions (areas that can contain objects) like RPN
[24] or Faster-RCNN [25]. Single-stage detector
models treat object detection as a regression problem
(with four offset coordinates e.g., X, y, w, h) and also
rely on predefined boxes called anchors to do so.
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Fig. 2. Overall schema of one-stage detector

and two-stage detector
Source: compiled by the authors

Models of this type often have a faster
prediction speed. However, the “accuracy” of the
model is often lower than that of two-stage object
detection. Of course, some one-stage models still
prove to be a bit superior to two-stage models such
as RetinaNet with the network design according to
Feature Pyramid Network (FPN) [26] and Focal
Loss [21].

Some face recognition model architectures
designed with one-stage detectors have achieved
very remarkable results (remarkable results on
common benchmarks for face detection). For
example, SFD [27] adopts VGG-16 but is built more
optimally (tiling and assigning the anchors more
tightly) for small face detection. SSH network [28]
has been proposed that removes fully connected
layers from the base network VGG-16, and provides
context information to the detection module by
merging several convolution layers. For the masked
face situation, a FAN model [29] has been proposed
using a feature pyramid integrated with the attention
mechanism to improve accuracy.

The reason for calling two-stage is because of
the way the model handles to extract possible object
areas from the image. Two-stage detectors divide the
detection task into two stages: extract Region of
Interest (Rols), then classify and regress the Rols.
Some typical two-stage detector model architectures
[30] are R-CNN, Fast-RCNN, Faster-RCNN, Mask-
RCNN and others. With Faster-RCNN, in stage-1,
the image will be given a sub-network called RPN
(Region Proposal Network) with the task of
extracting regions on the image that are likely to
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contain objects based on anchors. After obtaining
the feature regions from the RPN, the Faster-RCNN
model will continue to classify objects and
determine the location by dividing into 2 branches at
the end of the model (Object classification &
Bounding box regression). Two-stage detector
achieves the better performance but has low time
efficiency, for example, SSFD+ [31] focus on
achieving comparable performance and simplifying
the network architecture for detecting multiscale
faces while it spends 582 ms on detecting a picture.

PURPOSE AND TASKS OF WORK

The purpose of the article is to determine the
appropriate face dectection model selection, as well
as determine the direction of face detection model
enhancement aimed at increasing efficiency for
building automatic face-related application systems.

With the purpose set out above, the following
tasks were raised and implemented:

— structural investigation of different Deep FD
models currently being applied in many face-related
systems;

— conduct experimental survey to evaluate the
accuracy and performance of different FD models;

— make conclusions and suggestions on the
selection of suitable models; suggest directions for
face detection model enhancement.

OVERVIEW DIFFERENT DEEP FACE
DETECTION MODELS

Some of the face detection models currently
being applied to automated systems are listed as:

— Single Shot Detector;

— Multi-Task Cascaded Convolutional Neural
Networks (MTCNN);

Single Shot Detector. Single Shot Detector [19]
is a single-stage object detection algorithm. Unlike
two-stage models, Single Shot Detectors do not need
an initial object proposal generation step. This often
makes it faster and more efficient than two-stage
approaches such as Faster R-CNN [25]. The Single
Shot Detector has two components: the backbone
model and the Single Shot Detector’s head. The
backbone model is usually a pre-trained image
classifier network as a feature extractor. Pre-trained
Resnet on ImageNet is commonly used, but leaves
out the last fully connected classifier layer. For
Resnet34, the backbone leads to 256 feature maps
(7x7) for the input image. The Single Shot
Detector’s head is just one or more convolutional
layers added to this backbone, and the model outputs
are bounding boxes and classes of objects in the
spatial location of the final layers’ activations.

In Fig. 3, the Single Shot Detector model is built
with VGG on a pre-trained Resnet model that is
converted to a fully convolutional neural network.
Then some extra convolutional layers are attached to
help with handling larger objects. So, in principle
Single Shot Detector’s Architecture can be used with
any deep network base model. These convolutional
layers are added to generate feature maps of sizes
19x19, 10x10, 5x5, 3x3, 1x1, along with the feature
map (38x38) generated by VGG's (conv4_3) will be
the feature maps to use for predicting bounding
boxes. This algorithm accepts a significant reduction
in detection performance of small objects to achieve
processing speed. In the Single Shot Detector's
architecture, single-layer object detection models
will need fewer features that are easy to learn.
Smaller networks with fewer parameters reduce the

— RetinaNet; number of computations, thus reducing processing
—YuNet. time significantly.
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Fig. 3. Overall architecture of Single Shot Detector
Source: compiled by the authors
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Instead of using a sliding window, the Single
Shot Detector divides the image by a mesh for the
purpose of detecting objects in that region of the
image. Detected objects are just a prediction of the
class and position of an object in that area. If there
are no objects, the area is the background layer and
the position is ignored. Each grid cell can export the
position and shape of the object it contains. Each
grid cell in Single Shot Detector can be assigned
with anchor boxes/prior boxes. These anchor boxes
are predefined and contain information about the
size and shape in a grid cell. The Single Shot
Detector uses a matching phase during training, to
match the appropriate anchor box to the bounding
boxes of each underlying truth object in an image.
The anchor box with the highest overlap with an
object will predict the class of that object and its
position. This property is also used for predicting
objects after the network has been trained.

In practice, each anchor box is specified by its
aspect ratio and zoom level.

For each default box on each cell the network
output the following:

— a probability vector of length ¢, where c is the
number of classes plus the background class that
indicates no object.

— a vector with 4 elements (x, y, width, height)
representing the offset required moves the default
box position to the real object.
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MP 3x3

3x3x16

Input size Conv 3:3

12x12x3

R-Net

4x4x48
Conv 3x3

Input size MP 3x3

24x24x3

O-Net

10x10x64
Conv 3x3
MP 3x3

23x23x32
Conv 3x3

Input size MP 3x3

48x48x3

Conv 3x3

%

3x3x64
Conv 3x3

The process of training a Single Shot Detector
minimizes classification and regression losses
through multi-box loss function, which is calculated
using the following formula (1):

L(x,¢, 1) =5 (Leons (%, €) + alioe (.1, 9)), (1)

where:

Leong(x, ) — class score;

Lioc(x, 1, g) — bounding box offset;

x — default box;

c — isclass;

| — bbox coordinate;

g — GT coordinate;

N — number of bounding boxes, that have
loU(l,9)>=0,5

The single shot detector’s loss balances the

classification objective and the localization
objective.
Multi-task cascaded convolution neural

networks (MTCNN). MTCNN was published in
2016 by Zhang et al. [32], is one of the most
commonly applied facial recognition tools today.
MTCNN is a neural network that detects faces and
facial landmarks on images using a cascading
structure with three stages P-Net, R-Net and O-Net.
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Fig. 4. Multi-task cascaded convolution neural networks architecture: P-Net, R-Net, O-Net
Source: compiled by the authors
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Model structure, as shown in Fig. 4, is mainly
based on 3 separate CNN models (P-Net, R-Net and
O-Net). P-Net (Proposal network) searches for faces
in frames of size 12 x 12. The task of this network is
quickly generating candidate windows. R-Net
(Refined network) has a deeper structure than P-Net.
All candidates from the previous P-Net network are
included in the R-Net, for the purpose of filtering
and selecting high-precision candidates.

Finally, O-Net (Output network) returns the
bounding box (face area) and key point landmarks
on the face. In the MTCNN model structure, in
addition to using convolution networks to solve
image problems; the model also uses image
pyramids, contour regression, nhon-maximum
suppression and other technologies.

RetinaNet. RetinaNet [21, 22], [23] is one of
the best one-stage object detection models that has
proven to work well with dense and small-scale
objects. This detection model has been formed by
making two improvements over existing single stage
object detection models - Feature Pyramid
Networks (FPN) and Focal Loss. For this reason, it
has become a popular object detection model to be
used with aerial and satellite imagery. RetinaNet
was introduced by Facebook Al Research to tackle
the dense detection problem. It was needed to fill in
for the imbalances and inconsistencies of the single-
shot object detectors like YOLO and SSD while
dealing with extreme foreground-background
classes. In the face detection task, the RetinaNet
model can generate an accurate rectangle face
bounding box together with a 5-points facial
landmark. It supports two backbone kernels: Resnet
and Mobilenet. The RetinaNet model with the
Resnet backbone is more accurate but relatively
slow, the Mobilenet version is fast and really small.

Architecturally, RetinaNet is a composite
network consisting of Backbone Network,

ResNet

Y class+box |
subnets
* classtbox | _ _ .
subnet ]
4 class+box
subnet
| box

Feature pyramid
net

Input Image

Subnetwork for object classification, Subnetwork for
object regression, illustrated as shown in the Fig. 5.

The backbone network includes 2 major
components of a RetinaNet model, which are
Bottom-up pathway, Top-down pathway with lateral
connection. Bottom-up pathway (e.g. Resnet or
Mobilenet) is used for feature extraction. It
calculates the feature maps at different scales,
irrespective of the input image size. The top-down
path samples spatially feature maps from higher
pyramid levels, and the lateral connections merge
top-down and bottom-up layers with the same spatial
size. Higher-level feature maps tend to have a small
resolution despite being semantically stronger.
Therefore, it is more suitable for detecting larger
objects; in contrast, grid cells from lower-level
feature maps have a higher resolution and thus
detect smaller objects better. So, with a combination
of the top-down pathway and its lateral connections
with bottom up the pathway, which do not require
much extra computation, every level of the resulting
feature maps can be both semantically and spatially
strong. Hence this architecture is scale-invariant and
can provide better performance both in terms of
speed and accuracy.

Classification  subnetwork  predicts  the
probability of an object being present at each spatial
location for each anchor box and object class. A
fully convolutional network (FCN) is attached to
each FPN level for object classification. In Fig 5,
this subnetwork combines convolutional layers of
size 3x3 with 256 filters, followed by convolutional
layers of size 3x3 with KxA filters. Thus, the output
feature map will have dimensions WxHXKXA,
where W, H are proportional to the width and height
of the input feature map, K — the number of feature
classes, and A — the number of anchor boxes. At last,
the Sigmoid layer is used for object classification,
but not the Softmax layer.

| subnet
|
| WxHx256

Fig. 5. RetinaNet model architecture
Source: compiled by the authors
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Regression subnetwork regresses the offset for
the bounding boxes from the anchor boxes for each
ground-truth object. The regression subnetwork is
attached to each feature map of the FPN in parallel
with the classification subnet. The architecture of the
regression subnet is essentially the same as that of
the classification subnet; the difference is in the final
convolutional layer.

This final convolution layer has size 3x3 with 4
filters so the size of the output feature map is
WxHx4xA. The purpose of using the 4 filters in the
final convolution layer is to localize the layer
features, the regression subnetwork generates 4
numbers for each anchor that predicts relative
deviations (in terms of center coordinates, width and
height) between the anchor box and the ground truth
box. So, the output feature map of the regression
subnet has 4xA channels.

Focal loss (FL) is an enhancement over Cross
Entropy Loss (CE) and is introduced to handle class
imbalance when using single-stage object detection
models. The existing single-stage models often
suffer  from  foreground-background  classes
imbalance due to dense sampling of anchor boxes
(possible object positions). So, FL is just an
extension of the cross-entropy loss function, reduces
the loss contribution from easy examples and
increases the importance of correcting misclassified
examples, that would down-weight easy examples
and focus training on hard negatives.

Focal loss can be defined as (2)

FL(py) = —a,(1 —p)¥log(py), 2

where p; is the probability of ground truth in the
softmax  output  distribution; «a, y are
hyperparameters used to balance the loss in that « is
balanced variant of the FL, a y > 0 is focusing
parameter

_{ p,wheny =1
Pt = 1—p,wheny =0

FL is divided into two main parts:

— standard cross entropy — log(p;);

— modulating factor (1 — p;)" .

Adding a factor (1 —p;)Yto the normal CE
factor reduced the the relative loss for well-classified
examples (p, = 0.5), putting more focus on hard,
misclassified examples.

YuNet (Oct 2021). OpenCV face detection
equipped with face detectors such as Haar cascades
and HOG detectors, which worked well for frontal
faces, is no longer successful. The OpenCV version
(45.4 Oct 2021) added model face recognition

named YuNet to solve this problem. YuNet is a FD
model based on CNN, developed by Chengrui Wang
and Yuantao Feng [33]. It is a very light and fast
model. With a model size less than MB, it can be
loaded on almost any device. In the YuNet model,
MobileNet is used as the backbone network,
containing a total of 85000 parameters. It scores a
respectable score on the WIDER Face dataset's
validation set for such a lightweight model.

YuNet weight is a light-weight, fast and accurate
face detection model, which achieves 0.834 (AP_easy),
0.824 (AP_medium), 0.708 (AP_hard) on the WIDER
Face validation set. This model can detect faces of
pixels between around 10x10 to 300x300 due to the
training scheme. This ONNX model has fixed input
shape, but OpenCV DNN infers on the exact shape of
the input image [link for detail:
https://github.com/opencv/opencv_zoo/tree/master/m
odels/face_detection_yunet]. Currently, there is not
much public information about the internal structure
of the YuNet model. In this survey, we use YuNet to
conduct experiments and compare the performance
between the FD models.

FACE DATABASES AND EVALUATION
PROTOCOLS

Benchmarking datasets for face detection.
Currently, there are many public datasets with
extremely large sizes for model training, as well as
diverse test datasets. Important factors to consider
when comparing datasets include: number of images
and faces, range of face sizes, amount of metadata
assigned to each face, and range of quality
conditions the number of faces/images represented.
Two of the widely used datasets, which are scales to
evaluate and compare the effectiveness of Face
Detection models, are Wider Face [34]. Face
Detection Dataset and Benchmark (FDDB) [35].

Wider face dataset [34] is a face detection
benchmark dataset, of which images are selected
from the publicly available WIDER dataset, defines
three levels of difficulty: Easy, Medium, and Hard.
The dataset consisted of 32,203 images and labeled
393,703 faces with a high degree of variation in
proportions, posture and occlusion as depicted in the
sample images, divided 40 % by training set, 10 %
for validation set, and 50 % for testing set.

Face detection dataset and benchmark
(FDDB) [35] is a collection of labeled faces from
Faces in the Wild dataset from — University of
Massachusetts, Amherst, introduced — 2010. It
contains a total of 5171 face annotations, where
images are also of various resolutions, e.g. 363x450
and 229x410. The dataset incorporates a range of
challenges, including difficult pose angles, out-of-
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focus faces and low resolution. Both grayscale and
color images are included.

Metrics used for evaluating face detection
models.

The metrics used in Face Detection [36, 37] are
the same as any other object detection problem. The
popular metrics used are loU, Precision, Recall, PR
Curve, ROC Curve, AP, mAP.

Intersection over Union (loU) [37] is a metric
that quantifies the degree of overlap between two
regions to evaluate the accuracy of a prediction. The
measured loU result will usually be in the range
(0,1) with each detection having its own value. To
determine whether the prediction is false or correct,
we will need to rely on a given threshold, if the loU
is greater than or equal to the threshold, we will
define the bounding box that will contain the object
to be searched and vice versa. With the help of the
loU threshold value, we can decide whether a
prediction is True Positive (TP), False Positive (FP),
False Negative (FN). For the True Positive (TP)
case, the predictive model is Face (Positive) and in
fact it is Face. For False Positive, the predictive
model is a Face (Positive) but in reality that
bounding box does not contain any Face to be
determined. In the case of False Negative, the
Bounding box is determined to not contain Face but
in fact that is false.

Precision. Accuracy measures the proportion of
positives that are predicted to be correct. Precision
will calculate the percentage of True Positives in the
total number of detected times (total predictions)
according to the following formula (3):

P=TP /(TP + FP) = TP/ Total Prediction. (3)

Recall is a parameter that represents the ratio of
correct predictions to the total number of ground
truths (formula 4).

R=TP /(TP + FN) = TP/ Total Ground Truths, (4)

Precision-Recall Curve (PR-Curse) is a graph
with Precision rate on the y-axis and Recall rate on
the x-axis (Fig. 6). It shows the precision as a recall
function for all the different threshold values.

Receiver operating characteristic (ROC Curve)
[38] is a graph that represents the performance of a
model as a function of its threshold (similar to the
precision-recall curve). It basically shows the Recall
with False Positive Rate (FPR) for different
threshold values, as shown in Fig. 7.

Average Precision (AP) [39] is not the mean of
precision, it's the area under the PR Curse. The area
under the curve used to summarize the performance
of a model becomes a general measure of prediction
accuracy.
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Fig. 6. Precision-Recall Curve
Source: compiled by the [35]
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Fig. 7. ROC-Curse
Source: compiled by the [35]

Mean Average Precision (mAP) is the average
of AP over all classes detected in multilayer object
detection, calculated by the below formula (5):

mAP = 1/n * sum(AP), (5)

where n is the number of classes; AP id accuracy
calculated separately for each class.

AP, mAP are the current benchmark metrics
used to evaluate the robustness of object detection
models, encapsulates the tradeoff between precision
and recall and maximizes the effect of both metrics.
Object detection systems make predictions in terms
of a bounding box and a class label. The relationship
between precision — recall helps mAP assess the
accuracy of the classification task, while for each
bounding box, loU is used to measure an overlap
between the predicted bounding box and the ground
truth bounding box. In addition, the precision and
recall values change when the loU threshold changes
(the threshold to predict which class a bounding box
is), therefore, to evaluate the accuracy of the model,
it is necessary to calculate Precision and Recall at a
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specified loU value. For the task of the accuracy
evaluation of these FD models, we chose to survey
the AP values at the threshold loU=0.5 (AP@0.5).

EXPERIMENTAL PERFORMANCE

We have conducted an experimental test of the
face detection task for FD models namely SSD,
MTCNN, RetinaFace_ResNet5, and YuNet with the
WIDER FACE dataset with 3 levels — easy,
medium, and hard.

System Configuration

— Processor — AMD® Ryzen 5 5600h with
radeon graphics x 12,

— GPU - NVIDIA Corporation TU117M
[GeForce GTX 1650 Mobile / Max-Q].

- RAM -16,0 GB

— OS Ubuntu 22.04

The obtained results are processed to compare
the processing speed of Face Detectors (Table 1;
Fig. 8), and compare the AP accuracy at loU=0.5
(AP@0.5), as shown in Table 1, Fig. 9.

AP@0.5

B Easy [l Medium [ Hard
1.00

0.75
0.50

0.25

0.00

SsD MTCNN

RetinaNet_Resnet50 YuNet

Maodel

Fig. 8. Model accuracy diagram, based on AP@0.5
with WIDER Face (Easy, Medium, Hard)

Source: compiled by the authors
In Fig. 10 is shown an example for face
detection using SSD, MTCNN,

RetinaNet_Resnet50, YuNet models with an image
from the supermarket camera in the WIDER Face

dataset. Observing the results obtained, we can see
that: RetinaNet_Resnet50 model recognizes all faces
in the frame; Yunet model is very good, but one
small face is missing in the frame; the other two
models are hardly effective at detecting small and
large faces.

25
20

15

FPS

10

SSD MTCNN

RetinaNet_Resnet50 YuNet

Model

Fig. 9. Processing speed diagram, based on FPS

Source: compiled by the authors
CONCLUSION

Face detection is one of the first tasks in today's
face-related automated systems. The systems have
been developed and applied to life and high
industries such as security surveillance by camera,
time attendance system, camera attendance, driver
monitoring system in autonomous, medical
assistance system via camera, ... When applied in
practice, especially real-time systems, the problems
from the results of the FD model are the False
Positive outputs, in addition, the small object
detection results also bring low accuracy, so now FD
model enhancement is always an urgent task and
should be prioritized. In the survey of FD models,
we analyzed the architecture of different one-stage
deep learning models and conducted experiments,
evaluations, and comparisons of accuracy and
performance of the FD models to make a suitable
choice to solve the Face detection task.

Table 1. Comparison of the models, based on FPS and AP@0.5 with Multi-task cascaded convolution

neural networks. Wider Face (Easy, Medium, Hard)

FPS AP@0.5 AP@0.5 AP@0.5
Model (image 320x320) | WIDER Face Easy | WIDER Face Medium| WIDER Face Hard
SSD 6.81 0.935 0.921 0.858
MTCNN 2.11 0.848 0.825 0.598
RetinaNet_Resnet50 11.35 0.963 0.956 0.914
YuNet 22.22 0.856 0.842 0.727

Source: compiled by the authors
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- %
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s

Fig. 10. An example for face detection using:
a— Retinanet_Resnet50 model; b — YuNet model;

¢ — Multi-task cascaded convolution neural networks model; d - SSD model
Source: compiled by the authors

Usually choosing the most suitable model will
depend on the requirements of the particular
application. It is possible to rely on 3 conditions to
determine model selection: detection accuracy,
detection speed, balance between accuracy and
speed. If the system doesn't need to factor in
processing speed in real time inference but focuses
on best-in-class detection accuracy and doesn't want
to miss any faces, then RetinaNet-Resnet50 is the
best choice right now.

However, now applications in real-time
conditions in addition to accuracy requirements must

also ensure processing speed requirements, so the
choice needs to balance between accuracy and
speed. With this criterion, YuNet is a model that
responds well. When it comes to practical
application in our applications, one problem
affecting the accuracy of the system that the two
selected models are still unable to guarantee is the
problem of detecting small faces in the frame.
Therefore, through this survey, we propose a
direction to improve FD face recognition model
based on RetinaNet structure with the goal of
ensuring accuracy and reducing processing time.
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AHOTANIA

VY crarTi OCHOBHA yBara NMPUAUIIETHCS OISy MOJeNeld BUSIBICHHS OONMYYS, IO IPYHTYIOTHCS Ha IJIMOOKOMY HaBYaHHI,
30KpeMa OIJIAAy Pi3HHX OJHOETAITHHX MOJEINEH, 3 KX MOXKHA BHOpaTH BiIOBIIHY MOZENb PO3Mi3HaBaHHA OCi0, 1 B TOH ke dac
MIPOTIOHYETHCSI HANpPsIM yIOCKOHAICHHA MOZETI BHUSBICHHS OOMUYYS BiAMOBITHO M0 (AaKTUYHHUX BHMOT MPHUKIATHHX CHCTEM
KOMIT'FOTEpHOTO 30py. Mozeni BUsBICHHS o0muyys, siki Oynu mposeneHi, BkiarouatoTh SSD, MTCNN, RetinaNet, YuNet y Habopi
maaux Wider Face. 3aBmaHHS mig dYac ONUTYBaHHS — CTPYKTYpHE MJOCH/DKCHHS BHOpaHUX MOJENEH, MpOBEICHHS
EKCIIEPUMEHTAIBHUX [OCTI[KEHb IS OLIHKM TOYHOCTI Ta MPOAYKTUBHOCTI IMX Mopened. I OLIHKK Ta HagaHHS MOZENi
BUSIBJICHHS OOJIMYYs, IO BiANOBia€ BUMOTaM, BUKOPHCTOBYIOTHCS [1Ba TIOKa3HUKH - AP juis ominku TouHocTti Ta FPS s ominku
MIPOIYKTUBHOCTI. J[JIs1 HAaIIMX NOMATKIB y PeXHMI peabHOro Jacy Ha CHCTEMax KaMep, ITOB’S3aHUX i3 00NUYYsIM, TaKHX K CHCTEMa
MOHITOPHHTY BOJisl, CHCTeMa Oe3IeKH cylepMapKeTiB (IIoIepeKeHHs PO KPagiKKKA B MarasuHax, NONEepeKeHHS PO MOPYIICHHS
MOPSIKY), CHCTeMa BiBIIyBaHHs, 4acTO BHMarae IIBHIKOI oOpoOKH, aje Bce OJHO 3abe3mnedye TOuHiCTh. Mopeni, siki 3apa3s
3aCTOCOBYIOTHCS B Hammiil cucremi, sk-oT Yolos, RetinaNet MobileNet, SSD, rapanTyrotb 0O0poOKy B peanpHOMY daci, aie
OUTBIIICTD 13 IHUX MOJENCH MalOTh TPYIHOII 3 BUSBICHHSIM MAJICHHKHX OONMY y KaJpi Ta BHIAAKAX, IO MICTATh KOHTEKCTH, SKi
JIETKO TMPUHUHATH 3a 00nMu9ys MoAuHU. Y Toif ke gac monens RetinaNet Resnet50 3abe3nedye HallBHITY TOYHICTH, 0COOIHBO ISt
3a0e3medYeHHs] BUABJICHHS MAaJCHBKUX OONMWY y Kanpi, ame gac oOpoOku Oimbmmmii. ToMy 3a JOMOMOro0 IBbOTO ONMHUTYBAaHHA MH
MIPOTIOHYEMO HAMPSMOK YIOCKOHAJICHHS MOJIENi PO3Mi3HaBaHHS OOMMYYsS Ha OCHOBI cTpyKTypH RetinaNet 3 mMeToro 3abe3rneucHHS
TOYHOCTI Ta CKOPOUYCHHS Yacy 0OpOOKH.

Kniouosi cnosa: BusiBieHHS 00IM9Ysl; OTHOCTYIICHEBUH NETEKTOP; ABOCTYIIEHEBUH JIETEKTOP; IMIMOOKE HaBUAHHS, AETEKTOP
OJIMHOYHOTO MOCTPiNy; 6araTo3anauHi kackaaHi 3ropTkoBi Heiiporti mepexxi MTCNN; RetinaNet, YuNet
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