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Abstract—This paper studies an end-to-end video semantic
communication system for massive communication. In the con-
sidered system, the transmitter must continuously send the video
to the receiver to facilitate character reconstruction in immersive
applications, such as interactive video conference. However, trans-
mitting the original video information with substantial amounts
of data poses a challenge to the limited wireless resources. To
address this issue, we reduce the amount of data transmitted by
making the transmitter extract and send the semantic information
from the video, which refines the major object and the correlation
of time and space in the video. Specifically, we first develop a
video semantic communication system based on major object
extraction (MOE) and contextual video encoding (CVE) to achieve
efficient video transmission. Then, we design the MOE and
CVE modules with convolutional neural network based motion
estimation, contextual extraction and entropy coding. Simulation
results show that compared to the traditional coding schemes, the
proposed method can reduce the amount of transmitted data by
up to 25% while increasing the peak signal-to-noise ratio (PSNR)
of the reconstructed video by up to 14%.

Index Terms—Semantic communications, video transmission,
major object extraction, contextually encode.

I. INTRODUCTION

The development of BSG/6G communication has promoted
the vigorous rise of new broadband interactive applications
(e.g. metaverse), which need to collect and transmit massive
sensing data in different modals [1]. For example, in the
interactive application such as immersive video conference, the
transmitter needs to send information including the characters,
the actions, and the background to the receiver. However,
the interactive application requires a large amount of data
transmission [2] and strict transmission performance, such
as stringent delay [3] and high quality of experience, which
brings a huge challenge to the existing wireless communication
system with limited resources [4]. Therefore, future interactive
applications call for efficient video transmission technology,
and semantic communication [5] is emerging as a high-
efficiency transmission technology to improve the broadband
interactive application performance.

Previous works have studied semantic communication tech-
niques for different data types. In [6], the authors proposed
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a deep learning (DL) based semantic communication system
to reduce the amount of text information data. Furthermore,
the work in [7] presented the generative adversarial networks
(GANs) based image semantic codec to reduce the amount
of image transmission data by transmitting semantic informa-
tion rather than original symbols. Extending the single user
scenario, the authors in [8] proposed a DL based multi-user
semantic communication system to transmit multi-modal data.
However, the semantics used for transmitting text and image
in [6]-[8] only considered the data properties for one moment,
which ignored the semantics from the temporal correlation in
the data stream. Different from text and image, video semantic
extraction is challenging due to the correlations among multiple
moments within the video data streams.

The prior works [9]-[11] have studied efficient video se-
mantic communication systems. In [9], the authors proposed
an end-to-end DL based video communication model that
obtained the motion information among video frames to encode
the video. The work in [10] presented a semantic video con-
ferencing (SVC) model based on face key points transmission
to express the face motions. The authors in [11] proposed a
scheme that collected the strong video temporal correlation
provided by the feature domain context under the deep video
semantic transmission (DVST) model to achieve more efficient
video transmission. However, for interactive applications such
as video conferences, the static background information is
often redundant and unnecessary to be transmitted in each
frame. Therefore, removing redundant background information
according to the need of reconstructing content in video
transmission can reduce the amount of transmission data and
decrease transmission delay, which has not been considered
in [9]-[11].

To address the above issue, in this paper, we propose a video
semantic communication system, which extracts the major
object of the video for character reconstruction at the receiver.
The main contributions of this paper are as follows:

(1) We develop a video semantic communication system
through major object extraction (MOE)-contextual video en-
coding (CVE). In the considered system, the transmitter ex-
tracts the semantic information of the major object in the
video, through removing the redundant static background, and
then sends the semantic information of the major object to the
receiver. The receiver decodes the semantic information and
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Fig. 1. The overall flowchart of the proposed MOE-CVE scheme.

synthesizes the background.

(2) We propose an efficient video semantic extraction
method using hybrid high-level and low-level semantic in-
formation, where the high-level semantic is the major object
information, and the low-level semantic is the spatial structure
in the video frame. To achieve the above goal, we design the
MOE module to extract the major object, and the CVE module
to semantically encode video at a low-semantic level, in which
context based spatial structure is extracted and encoded by
entropy coding.

(3) Simulation results demonstrate that the proposed MOE-
CVE scheme can reduce the amount of transmitted data by up
to 25% while increasing peak signal-to-noise ratio (PSNR) by
up to 14%, compared to the traditional coding schemes.

The rest of this paper is organized as follows. Section II
introduces the system model. Section III provides detailed
descriptions of the proposed network architectures. Simulation
results are presented in Section IV. Conclusion is drawn in
Section V.

II. SYSTEM MODEL

We consider a video semantic communication system to
support interactive video conference, which includes a trans-
mitter [12] and a receiver as shown in Fig. 1. The receiver
needs to accurately reconstruct the character information, while
the static background information does not need to be updated
in time, and only limited wireless bandwidth is available to
support the massive communication. To this end, the system
requires efficient video transmission techniques by extracting
and transmitting video semantic information. To achieve this
goal, we consider a hybrid high-level and low-level semantic
extraction by removing the redundant static video background
information, which mainly includes three steps. First, we
extract the major object of the video at a high-semantic
level, where video frames are divided into foreground and
background, the static background is transmitted only once,
and the foreground needs to be updated in real time. Second,
the foreground is further encoded through temporal and spatial
correlations at a low-semantic level. Finally, given the trans-
mitted foreground semantic feature, the receiver reconstructs
the video frames by combining the character in the foreground
and the one-frame static background into a complete video.

Next, we first introduce the MOE at the high-semantic
level. Then, we present our CVE at the low-semantic level.

Subsequently, we introduce our channel model. Finally, we
introduce the method for decoding and reconstructing video.

A. Major Object Extraction

Denote the raw video data sensed at the transmitter by V' =
{vi,vg9, - ,vr}, where v; € REXWXC g the t-th video
frame. H and W are the height and width of the video frame,
respectively. C' is the number of channels. The MOE module is
used to extract the major object from V', and the major object
is the foreground component. Denote the foreground estimation
tensor by v¢ € RTXW>1 and v¢ can be given by

(D

v{ = fuoe(ve),

where fyog(:) is the function of the MOE module.

Subsequently, we employ the foreground extraction to obtain
the foreground series X = {xy, 2, ----- ,7} with v,
where the ¢-th frame x; € R¥>*W>C yndergoes background
pixel removal, and can be given by

rr=vf Qv+ (1 —vf)Ob, (2)

where b is a white pixel tensor to represent the blank back-
ground, and ® is the Hadamard product. Given v; and x,
the background can be extracted with bgr = v; — x;, where
the background bgr € R¥*Wx*C can be further completed by
image generation techniques.

B. Contextual Video Encoding

To take advantage of the temporal and spatial correlations of
the foreground to further reduce the amount of data required
for transmission, we transform x; from the pixel domain to
the semantic feature vy, in the latent domain and then encode
y, to the variable-length code words s; for transmission. In
the CVE module, we first use the motion estimation network
to learn the motion vector m; € RT*W>(C—1) petween the
current frame x; and the previous frame x;_1, which is given

by
(3)

where fgs(-) denotes the motion estimation function. Since
neural network can effectively refine the video features in
the latent domain [13], given the motion vector m,;, we can
refine the original video foreground series X into the semantic
feature series Y = {y,yq, - ,Yr}, which is in a latent
domain representation with smaller data size as shown in
Fig. 1. The relationship between y, and x; can be given by

“4)

my = fEst(mta mt—l)a

Y, = fcE (mt, mt) )
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Fig. 2. The structure of MOE where the Conv Layer means
, and

the Resblock means the residual block.
where fog(:) denotes the contextual extraction function, and
Hox Wx96 ; ;
€ R16*Ts is the semantic feature of a single frame.
Finally, y, is encoded into code words streaming S
{81, 82, , 8T} by entropy coding algorithm to transmit
through wireless channel, which can be given by

St = fen (yt) ) (5)

where f.,(-) denotes the function of encoding, and s; € R**
is the variable- length code words with k; being the length of
s¢. Weuse R = Zt 1 Hxlért/xc as the channel bandwidth
ratio (CBR) [11] to describe the average coding rate of X.

C. Wireless Channel

When transmitted over a wireless channel, encoded code
words streaming S suffers transmission impairments that in-
clude distortion and noise. Assume that the video transmission
uses a single end-to-end wireless link, the received signal can

be given by S—hS+o ©)

where S is the received semantic feature code words streaming
with transmission impairment, h is the fading channel coeffi-
cient, and & ~ N (0,02I ) denotes Gaussian channel noise
with o2 being noise variance and I being identity matrix.

D. Receiver

The receiver includes the entropy decoding, the contextual
recovery, and the reconstructor modules. The entropy decoding
is used to decode the received code words streaming S to the
semantic feature Y, which is given by

Y = fa(S). ©)

Then the contextual recovery is used to obtain X from seman-

tic feature Y, given by
X = fer(Y). ®)

The reconstructor is used to combine the static background
that is directly provided at the receiver. In the considered
system, the static background can be reused for multiple video
frames. As a result, we transmit one static background frame
and use it as the background of the reconstructed video bg}r.
Finally, we combine the video frames back to reconstructed
video V = {01, 02, , 07}, as shown in Fig. 1.
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ITI. NETWORK ARCHITECTURES

In this section, we design the system module to implement
the proposed system jointly considering accurate semantic
extraction and various channel conditions. In particular, we first
extract the high-level semantic in each single frame via neural
network based MOE in semantic encoder. Then, we extract
the low-level semantic through CVE in semantic encoder,
considering correlations between frames, and adaptive various
length coding, thus reducing the transmitted data amount.
Finally, the semantic decoder and the whole training algorithm
are illustrated.

A. MOE in Semantic Encoder

The MOE module is deployed to perform character extrac-
tion from the input video frames. It first recognizes the major
object, and then removes the static background. In this way, we
consider the object-level content as the high-level semantics.
To accurately recognize the major object, we extract features at
different scales which include object shapes and locations. We
use MOE module to generate v in (1). As shown in Fig. 2, we
use MobileNetV3-Large [14] as the backbone of MOE module,
which is composed of a feature extractor and a feature fusion.
The feature extractor consists of residual blocks to extract
features at 2, 4, % scales of the video frame, respectively, to
accurately locate video major object. The feature fusion part
fuses features with different scales via convolutional layers to
generate vy, as shown in Fig. 2.

To improve the accuracy of foreground estimation, the loss
function of MOE module to output v§* is given by

s dvy  dof*
Cuvor = ot = o2l + £, 45| S - 5| @
where v is the ground-truth of vy, and
« 21_
lap = Z HLPW ) pyr H1 (10)

=1

LZ

v (+) being the output of the

is the Laplacian loss [15] with

i-th pyramid layer [15].

B. CVE in Semantic Encoder
In CVE, we first use motion vector m, to refine the semantic

feature y, from x; with contextual extraction. Then y, is

encoded as variable length code words s;, based on the
entropy estimation of y,. Next, we will introduce the motion
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Fig. 4. The structure of contextual extraction.

estimation, the contextual extraction, and the entropy encoding
in turn.

1) Motion Estimation: Since the foreground has strong
temporal and spatial correlations between successive video
frames, the low-level semantic features (temporal and spatial
correlations) are further extracted by CVE module to reduce
transmission overhead. To obtain the contextual information
z; € RIXWX64 which is the combination of temporal and
spatial correlations between successive video frames, we first
use convolutional neural network (CNN) to estimate motion
vector m,;. Compared with traditional motion estimation (ME)
methods, neural network can integrate multi-dimensional infor-
mation such as color, texture, and depth from videos to improve
the accuracy of motion estimation, so we estimate the motion
vector m, with CNN. ME is position change prediction of the
pixel blocks. In the ME process, we use the optical flow estima-
tion network [16] to estimate the motion vector m; between the
previous frame x;_; and the current frame x;. Concretely, the
optical flow estimation network consists of four ME modules to
form four pyramid levels [16]. As shown in Fig. 3, the optical
flow estimation uses a coarse-to- ﬁne spat1a1 pyramid structure
to learn residual flow By € R#F Xz‘L R X2 At each pyramid
level, and the optical flow M; € R#F X515 %2 a¢ the k-th
pyramid level is given by

Mk:u(Mk—l)+Bka k:152,374a (11)

where u(-) is the upsampling operation, By is the residual
flow output by the ME module, and M, € R 76 %16 %2 s a zero
tensor as the initial value. We use the ME module to calculate
the residual optical flow Bj of the current level (k-th level).
The residual optical flow By, is input successively to rectify the
optical flow M, at each level. ME is the last step of optical
flow estimation, and finally output the last optical flow as the
motion vector, given by m; = My.

2) Contextual Extraction: As shown in Fig. 4, we use the
obtained m; and the previous frame to extract the initial
contextual information %z, € RT*WX64 with convolutional
layers and residual blocks. Here, to compensate for the discon-
tinuity [11], we use refine layers to refine the final contextual
information z; € RH*XWX64 which contains temporal and
spatial correlations. Then we use z; to extract the semantic
feature y, with CNN layers, where y, is the mapping feature of
x; in the latent domain. Instead of directly encoding the video
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Fig. 5. The structure of entropy coding.

frame in the pixel domain in traditional methods, we encode
semantic feature y, taking into account both the temporal and
spatial correlations in the regions across video frames, which is
more conducive to the subsequent allocation of coding weights.

3) Entropy Coding: Given y,, we encode the semantic
feature y, into the variable-length code words s; with entropy
coding. As shown in Fig. 5, the entropy coding consists of the
entropy estimation and a range asymmetric numeral system
(rANS) arithmetic encoder [17]. The entropy estimation is
composed of the convolutional layers and the relu layers, which
assigns weights to the elements of semantlc feature y, and
generates a weight vector w,; € R1is 6 X Y6 X 96 [18]. Each element
in w; represents a weight that maps the elements in y, to
the code words space 2 € R%4*193 In detail, each element
in  follows the Laplacian distribution. The element in w;
determines the mapped position in 2 of the element in y,,
thus deciding the code word length k;. In this way, a greater
estimated entropy in vy, is mapped by w; to a longer code
length in €. The code word length k; of s; is the sum length
of the code words of all the elements in y,, which is given by

k; = ZlHilx 5 %96 l;, where [; is the code word length of i-th
element in y,. Then the code words streaming S is transmitted
to the wireless channel. As shown in Fig. 5, we only encode
characters for transmission, saving the code word length 7,
required for transmitting the redundant background.

C. Semantic Decoder

We first decode s, to ¢, by arithmetic decoding in rANS
as shown in Fig. 1, which is the inverse process of entropy
coding. Then we use the contextual recovery which consists of
the convolutional layers, the upsample layers, and the residual
blocks to recover ¢, to &;. The convolutional layers and the
residual blocks are used to reconstruct the video frames from
features, and the upsample layers are used to gradually recover
to the same size as the original video. Finally the reconstructor
combines the final video V' by #; = &, © & + (1 — &) © bgr
which is similar to (2). The semantic decoder is trained offline
end-to-end with the CVE module. In order to control the trade-
off between the distortion d; and the bit cost k;, the loss of
the semantic decoder is

Love =k +X-dy, (12)
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Algorithm 1 Proposed MOE-CVE Algorithm

1: Initialize the parameters of MOE (#) and CVE (w).

2: train MOE with (9):

3: for each MOE training step do

4 gy <— Volyor(6:) > calculate gradient
5. e +— Preg—1+ (1 — B1)g: > first moment estimation
6: st <— [asy_1+(1—32)g?>second moment estimation
7. € — 1f—ti > deviation correction
8 S +— 157%5 > deviation correction
9 Oy — O — \/5 +€ét > update parameter
10: end for

—_

: train CVE with (12):

12: for each CVE training step do

130 w1 — wr — NV Love(wr)

14: end for

15: Receiver reconstructs the video frames.
16: Output: The reconstructed video V.

where ) is the coefficient to control the trade-off between the
distortion d; and the bit cost k;, d; is peak signal-to-noise ratio
(PSNR) of v; and v;. The PSNR can be given by

PSNR(ds,v:) = 101ogyo( (13)

MSE(’i)t,Ut)),
where MSE(d,,v,) = =57, Z?:l[f’t(i,j) — v(4,7)],
with m and n respectively being the number of pixels hori-
zontally and vertically.

D. MOE-CVE Training Algorithm

In the proposed system, each module is independent, and
we train the MOE module with parameter # and the CVE
module with parameter w separately. In MOE training, we use
Adam optimizer, where g; is the gradient of Ly;0p; e; is the
first-moment estimation; s; is the second-moment estimation;
€ is 1078, The learning rate ¢ and 7 for both of MOE and
CVE modules is set to 10~%. After the semantic feature Y is
transmitted through the AWGN channel, the receiver uses the
received noisy feature Y for training. The entropy decoding
and the contextual recovery are simultaneous training with
CVE in an end-to-end method. The overall training process
is summarized in Algorithm. 1.

IV. SIMULATION AND PERFORMANCE ANALYSIS

In our simulations, a video semantic communication system
consisting of a transmitter and a receiver is considered. Details
of all network layers are shown in Figs.2-5. The MOE model is
trained with video dataset VideoMatte240K [19]. The dataset
provides 484 video clips, and we divide the dataset into 475/4/5
clips for train/val/test splits. The CVE module uses Vimeo-90k
septuplet dataset [20] as the training data. The testing data uses
the character dataset provided by [14] which contains a variety
of character vide frames with H=1920, W=1024 and C'=3. We
train 4 models with different A €{256,512,1024,2048} with
fading channel with h=0.9 and SNR=15dB AWGN. For com-
parison purposes, we experiment three baselines: a) Advanced

2500

I MOE-CVE
I DCVC+LDPC

2000

1500 ¢

1000 |
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Fig. 6. Data amount of each video frame.
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Fig. 7. PSNR of different algorithms under different CBR at
SNR = 15dB.

video coding (H.264) + low-density parity-check (LDPC):
H.264 for source coding combined with 1/2 rate LDPC code
for channel coding, b) High-efficiency video coding (H.265) +
LDPC and c¢) Deep contextual video compression (DCVC) +
LDPC provide the reference here is good if possible.

In Fig. 6, we show the transmitted data amount of different
video frames in our method and DCVC+LDPC. From Fig. 6,
we can observe that both methods use a small amount of
data to transmit the original video frame, while our method
reduces more data amount. From Fig. 6, we see that our method
reduces the data amount of each frame of video by nearly 25%,
compared to DCVC+LDPC. This is due to the fact that MOE
removes the redundant background information and focuses on
the major object. Fig. 6 demonstrates that the proposed MOE-
CVE method significantly reduces the amount of transmitted
data.

In Fig. 7, we show how the PSNR changes as the CBR
varies. From Fig.7 we can observe that, as the transmission
CBR increases, the transmission PSNR increases as expected,
while our MOE-CVE increases more fastly. From Fig.7 We
can also observe that, when the CBR is 0.012, the PSNR of
our method is 14% higher than H.264+LDPC, and 12% higher
than H.265+LDPC. Moreover, compared to DCVC+LDPC, our
method also achieves a improvement in PSNR. The improve-
ment is due to the fact that the other algorithms encode all the
details of the video frame while our MOE-CVE concentrates

L L L L L L
0.004 0.006 0.008 0.01 0.012 0.014 0.016
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on the semantic features of the major object thus achieving
better reconstruction performance under the same CBR. Fig. 7
demonstrates that the proposed method can improve the video
reconstruction accuracy.

In Fig. 8, we show how the Multi-scale structural similarity
(MS-SSIM) [18] changes as the CBR varies. From Fig. 8
we observe that as the CBR increases, the transmission MS-
SSIM increases as expected. From Fig. 8 we can also observe
that our method increases transmission MS-SSIM by nearly
0.014, compared to H.264+LDPC. Besides, the MS-SSIM of
our method varies flatter than that of the other methods. This
is because our method removes the statical background, and
encodes taking into the correlations, thus improving the MS-
SSIM significantly.

Fig. 9 shows how the PSNR changes as the wireless channel
SNR varies. From Fig. 9, we see that the PSNR of our method
is higher than that of other methods. As the SNR increases, the
PSNR of both our method and the baselines increase, while
our MOE-CVE method increases more fastly. This is due to
the fact that our method focuses on the major object, and
all data amount is used to transmit the semantic feature of
the major object, rather than to transmit both the background
information. From Fig. 9, we can also observe that the PSNR
of the H264+LDPC remains unchanged when SNR is larger
than 10 dB. When the SNR is greater than 8 dB, the PSNR

of our method remains unchanged. This demonstrates that our
method is more robust against channel noise, especially under
low SNR regions.

V. CONCLUSION

In this paper, we proposed a MOE-CVE for video semantic
communication. In particular, we designed a MOE module
to extract the major object of the video and a CVE mod-
ule to encode the semantic information of the major object.
Simulation results demonstrated that the proposed MOE-CVE
scheme can reduce by up to 25% transmission data while
maintaining PSNR and MS-SSIM, compared to the traditional
coding schemes. Moreover, the proposed MOE-CVE scheme
exhibited better robustness to channel impairments than base-
line methods.
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