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The necessity to delete background on an image occurs quite often.
Technologies are closely connected to our everyday life so with its change
they have to be adapted to the new realities. The increasing amount of
video conferences during the COVIDI9 epidemic brought the concept of
virtual backgrounds to the fore. Any videoconference services either
Google Meet, Zoom or MS Teams and others have this function. Virtual
background could be really useful for confidential protection or hiding one's
chaotic surroundings. The technology of automated background removal
must be developed, because first of all, people want to leave their personal
life private, that is why they hide the place where they are. Secondly, the
usage of this technology is applied for visual tracing and image segmenta-
tion. But more often background removal is used when making new con-
tent, it is possible to add any kind of background to an extracted fragment
thereby getting a completely new image. Currently, there are a lot of pro-
grams with a help of which a background removal could be done, but man-
ual correction still remains the most trusted method, yet it is a labour-
intensive process with requires a lot of time. Frequently people need a
quick solution for image editing and the services that provide such features
are either paid services or they are not able to cope with the task, present-
ing the necessary level of quality. The article explores different modules of
background removal and evaluates the efficiency of their work. The actual-
ity of this problem is caused with the need of confidentiality protection with
the increasing usage of services for videoconferences and also for making
content, visual detection and operative problem solution. In this material
we take a look at the methods used in the models, evaluate the work of the
most popular models for background removal with the help of proposed
new metrics for output results. All of this helps to define pluses and minus-
es of studied algorithms.
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Introduction

The necessity to delete background on an image occurs quite
often. Technologies are closely connected to our everyday life so
with its change they have to be adapted to the new realities. The
increasing amount of video conferences during the COVID19 ep-
idemic brought the concept of virtual backgrounds to the fore. Any
videoconference services either Google Meet, Zoom or MS Teams
and others have this function. Virtual background could be really
useful for confidential protection or hiding one’s chaotic sur-
roundings.

The technology of automated background removal must be de-
veloped, because first of all, people want to leave their personal
life private, that is why they hide the place where they are. Sec-
ondly, the usage of this technology is applied for visual tracing
and image segmentation. But more often background removal is
used when making new content, it is possible to add any kind of
background to an extracted fragment thereby getting a completely
new image.

Currently, there are a lot of programs with a help of which a
background removal could be done, but manual correction still re-
mains the most trusted method, yet it is a labour-intensive process
with requires a lot of time. Frequently people need a quick solution
for image editing and the services that provide such features are
either paid services or they are not able to cope with the task, pre-
senting the necessary level of quality.

Neural network

Neural networks form the base of deep learning, a subfield of
machine learning where the algorithms are inspired by the struc-
ture of the human brain, trying to identify the main decisions in a
set of data. [1-5]. In this case, the neural networks are referred to
a system of organic or artificial neurones nature.

Neural networks can adapt to an input data change; that is why
network generates the best result with no need of output criteria
adaptation.

Neural networks consist of three main components (layers):
input layer, processing layer and output layer.

In the input layer, the received into neural network data is
weighted upon different criteria. In the processing layer or how it
as it is more commonly called the hidden layer there are units and
connections between these units, similar to neurons and synapses
in the brain of living organisms.
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Currently, there are a lot of different kinds of neural networks,
but basically, there are three types: artificial neural networks
(ANN), convolutional neural networks (CNN), recurrent neural
networks (RNN).

In this paper, only convolutional neural networks will be con-
sidered, as only this network is adapted for visual data analysis
and identification, such as digital images or photos.

Processing layer

Input layer Output layer
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v

Fig. 1. Principal neural network.

Specifications of the considered models

First, consider the Background Removal model for Video
Conferences by BigVision.

Unlike other developers, BigVision does not provide infor-
mation about the operation and structure of their model, we only
have information about the structure of the neural network on
which this model is based and this is DeepLab v3 [6]. DeepLab v3
is one of the latest neural networks, on the basis of which all sub-
sequent models are developed.

DeepLabv3 is a semantic segmentation architecture. For object
segmentation on several scales, there are developed modules
which use cascading or parallel convolution to capture the mul-
tiscale context by applying multiple Atrous evaluating blocks
[8,9, 10, 11].

The DeepLabV3 model has the following architecture:

(a) Atrous Spatial
Pyramid Pooling
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(b) Image Pooling

Fig. 2. DeepLabV3 model architecture
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Functions are extracted from the backbone network (VGG,
DenseNet, ResNet). To control the size of the feature maps, an
Atrous convolution is used in the last few blocks of the backbone.
In addition to the features extracted from the backbone, an ASPP
network [12] is added to classify each pixel. The output of the
ASPP network goes through a 1 x 1 convolution to get the actual
size of the image, which will be the final segmented mask for the
image.

Model DeepLabv3+ by Pinto Model Zoo

This model is realised by Encoder-Decoder neural network
with Atrous separable convolution for semantic image segmenta-
tion. The module encodes multi-scale context information by ap-
plying parallel convolution at multiple scales [6], while a simple
but effective decoder module refines segmentation results along
object boundaries.
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Fig. 3. DeepLabv3+ model architecture

Training dataset: DeepLabv3+ is pre-trained on the MS-
COCO dataset, which includes over 330K images. Pretraining is
also done on the JFT, which consists of one billion images: Simi-
larly, the Xception model is also used, which was pretrained on
ImageNet-1k containing 1.2M images and JFT-300M containing
300M images.

Evaluation dataset: This model is evaluated on the PASCAL
VOC 2012 semantic segmentation test [13], which contains 20
foreground object classes and one background object class. The
original dataset contains 1,456 images. This data set was further
expanded, resulting in 10,582 training images [14].

Evaluation metric: To evaluate the effect of 1x1 convolution
with 48 layers in the decoder module, a 3x3 convolution with 256
filters and Conv2 functions from the ResNet-101 network back-
bone, i.e., the last feature map in the res2x residual block, are used.
After comparing Conv2 feature maps with DeepLabv3 feature
maps, it turned out that it is more efficient to use two 3x3 convo-
lutions with 256 filters than to use one or three convolutions.
Changing the number of filters from 256 to 128 and the kernel size
from 3x3 to 1x1 degrades performance [15, 16].

Neural network training: DeepLabv3+ uses the ResNet-101
[17] neural network trained on ImageNet-1k [18]. The model is
trained directly without prior training of each component.

Conclusion on the model: The "DeepLabv3+" model uses an
encoder-decoder structure where DeepLabv3 is used to encode
rich contextual information, and a simple but effective decoder
module is used to reconstruct object boundaries.

Background Removal by Xuebin Qin
This model uses a U-Net-like structure, specifically a two-
level nested structure (U2 -Net) shown below:
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Fig. 4. Background Removal model architecture

U2-Net consists of three parts:

1. six stages encoder

2. five stages decoder

3. Module for saliency maps fusion maps with encoder and
decoder steps

The neural network work description: An image is sent to the
neural network. Further, in most cases, each layer of the neural
networks passes data to the next layer. In this model, in a network
with residual blocks, each layer transmits information to the next
layer and directly to layers that are about 2-3 steps apart. This way,
the design of such a neural network has a deeper architecture with
rich multiscale features and relatively low computational and
memory costs. In addition, since the U2-Net architecture is built
only in ReSidual U-units (RSU), residual blocks, without using
any pre-trained backbones adapted from image classification, it is
flexible and easily adaptable to different work environments with
little performance loss.

Training dataset: training of the neural network was carried out
on DUTS-TR, which is part of the DUTS dataset [19]. DUTS-TR
consists of 10553 images. At the moment, this is the largest and
most commonly used dataset for training an object segmentation
neural network. This dataset was enlarged by horizontal rotation
to collect 21106 offline training images.

Evaluation dataset: evaluation of the neural network was car-
ried out on the six most popular analyzing datasets: DUTOMRON
[20], DUTS-TE [19], HKU-IS [21], ECSSD [22], PASCAL-S
[23], SOD [24]. DUTOMRON includes 5168 images, most of
which contain one or two structurally complex foreground objects.
The DUTS dataset consists of two: DUTS-TR and DUTS-TE. As
mentioned earlier, DUTS-TR was used for training.

—
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Therefore, DUTS-TE, which contains 5019 images, is selected
as one of the evaluation datasets. HKU-IS contains 4447 images
with multiple foreground objects. ECSSD contains 1000 structur-
ally complex images, many of which contain large foreground ob-
jects.

Evaluation metric: The output of the feature extraction method
is a feature map that has the same spatial resolution as the input
images. Each pixel of the selected object's predicted maps has a
value ranging from 0 to 1 (or (0, 255)). The mask is a binary value
map where each pixel is 0 or 1 (or 0 or 255), where 0 indicates
background pixels and 1 indicates foreground pixels. In order to
comprehensively assess the quality of these feature maps com-
pared to the mask, six methods are used: (1) Precision-Recall
curves, (2) maximal F-measure [7], (3) Mean Absolute Error [25,
28, 26], (4) weighted F-measure [25], (5) structure measure [29]
and (6) relaxed F-measure of boundary [28].

Neural network training: During neural network training, each
image is first resized to 320x320, randomly flipped vertically, and
cropped to 288x288. The network is trained from scratch. The loss
weights w (m) side and w fuse are set to 1. The Adam (adaptive
learning rate) optimizer [30] is used to train the network. The net-
work is trained until the losses converge without using the verifi-
cation methods described earlier [25, 26, 31]. After 600K itera-
tions, the training loss converges and the entire training process
takes about 120 hours. During testing, the input images (H X W)
are resized to 320 x 320 and transmitted to the network to obtain
feature maps. The predicted 320x320 feature maps are resized to
the original input image size (HXW). Both resizing processes use
bilinear interpolation.
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Conclusion on the model: The advantage of this design is that
it is able to capture more contextual information from different
scales by mixing receptive fields of different sizes in ReSidual U-
boxes (RSUs).

Experiment

In order to figure out the best way to remove the background,
we need to compare the outputs of the methods under the same
conditions, so we create our own metric for evaluation. To do this,
we make our own test data set (a photo with a person on the back-
ground and a photo of this background under the same conditions.)

Thus, we get a mask - a person without background by sub-
tracting two images.

Then we process our test images through the chosen neural
networks and thereby get the images, from which we again make
masks to rate the quality, but using images with a removed back-
ground, on which we form masks, similar to the way of creating
test images.

Further, we compare the masks received from photos pro-
cessed using neural networks with a reference mask and select the
best background removal model by getting the difference between
the reference and the resulting mask. The model with the smallest
error is taken as the best one.

While processing our test images through the proposed net-
works we had to compare only two models as the big mistake in
Model DeepLabv3+ by Pinto Model Zoo was easily visually de-
tected.

Fig. 5. Test images

Fig. 6. Reference masks
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According to the Weber-Fechner law, the intensity of the sen-
sation depends linearly on the logarithm of the intensity, so we
will calculate the error in decibels, for a clear representation.

The results of comparing methods are shown in Figure 7.

Non weighted error

—30 4 N Xuebin
Emm BigVision

Test scene

Fig. 7. Non weighted error comparison of BigVision
and Xuebin Qin Model

Based on the results of the experiment, it is impossible to say
unequivocally which of the models is the best, the figure 7 shows
that although the Background Removal for Video Conferences by
BigVision model has a minimal error on two test images, the
Background Removal by Xuebin Qin model shows more stable
result.

It should also be taken into account that in this experiment,
studies were carried out only from a technical point of view and
the aspects of human visual perception were not considered. That
is why for a better understanding of the experiment results it was
decided to digitally simulate the way of human reaction. People’s
eyes do not detect the error near the boundaries of the object, but
if it is positioned far from the edge, it is more noticeable. Knowing
this the boundaries of the reference masks were expanded Figure 8,
by applying the Gaussian filter.

The same experiment is being held, but this time the results are
weighted according to the significance of the error.

The error is calculated according these formulas:

Edge of the mask, calculated by differentiating mask image

(1):

day day

E(x,y) = m,y) ooy €Y

Gaussian filter impulse response (2):

1 x2+y?

exp (—=-3) (2)

G(x,y) =

2ma?

Error weighting function, calculated by Edge of the mask and
Gaussian filter impulse response convolution (3):

W(x,y) =E(xy)*G(x,y) 3)

Weighted error

E Xuebin
B BigVision

1 2 3 4 5
Test scene

Fig. 9. Weighted error comparison of BigVision
and Xuebin Qin Model

Now according to the weighted error results, the BigVision
model can be considered the best.

Fig. 8. Expanded reference masks
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Conclusion

It was decided to continue the study further, including the use
of a larger data set and a more effective metric for evaluating the
quality of background removal, as well as conducting a subjective-
evaluative examination.
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MUCCNEOOBAHUE 3PPEKTUBHOCTU MOAENEN YOATIEHUA ®OHA

Haebidoea Anacmacus AHamonbseeHa, MTYCU, Mockea, Poccus, a.a.davydova@mtuci.ru
Ezopoe Amumputi Apkadsesu4, MTYCH, Mockea, Poccus, d.a.egorov@mtuci.ru

AHHOTauuA

B cratbe nccnepytotes pasnuyHble Mogenu ana "yaanenus" poHa, cpaBHUBaETCA 3P PEKTUBHOCTL paBoThbl. AKTYaslbHOCTb AAHHOM MPOGEMbI BbI3BaHa MPeXAe
BCero HeOGXOAMMOCTbIO 3almnTbl KOH¢VIAeHLlVIaJ1bHOCTM B CBA3U C yBeﬂM‘-leHl/leM ncnonb3oBaHUA CePBMCOB BUOEOCBA3U, A TaKXKe ANnA CO34aHUA KOHTEHTa,
BM3yanbHOrO OTCNEXMBAHUA M OMEPaTUBHOFO pelueHns 3azad. B MaTepuane cpaeHuBaetca pabota Haubonee nonynspHbIX Mogenem, cosfaerca cobCTBeHHasn
MeTpUKa ANA OLLEHKM BbIXOAHbIX AaHHbIX, BbIABMAETCA Nyyluas MOAeNb yAaneHus 3agHero ¢oHa.

Kniouyeenie cnoea: ydaneHue ¢oHa, usobpaxkeHue, Helipocems, o6pabomka, damacem, 3HKodep, dekodep, Modesib, MEMpuKa, 0bbeKkm.
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