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Abstract Automated driving has become a research hot spot in both academic and industrial
circles in recent years. Environment perception of automated vehicles is a fundamental technology
in automated driving. However, only increasing sensors on the automated vehicle or improving
the accuracy of the sensors cannot completely eliminate the blind area of environment sensing.

Therefore, cooperative environment sensing between automated vehicles and roadside
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infrastructure has attracted increasingly more attention. With the help of the cooperative
environment sensing with roadside infrastructure, the sensing range of an automated vehicle is
enlarged, which also promotes blind area elimination. Cooperative environment sensing is
significant to improve the safety of automated driving. Among all kinds of environmental sensing
information, the videos captured by cameras occupy the most important position. However, video
frames contain a large amount of data. Transmitting each video frame leads to a heavy network
traffic load and a long transmission delay, which affects the timeliness of environmental sensing
information. In this paper, a video transmission load optimization framework is proposed. The
main idea of the framework is the roadside camera separates the dynamic foreground from the
static background in the video frame. It only transmits the static background once at the
beginning; and in the following transmissions, only dynamic foreground in the video frames are
transmitted, which reduces the transmission load greatly. After receiving dynamic foreground
images, the automated vehicle fuses them with the previously received static background, and
recovers the video frames. Hence, the automated vehicle can make the correct driving decision
based on the driving environment reflected by the recovered video frames. For dynamic
foreground and static background separation, a pixel-based method is proposed to remove the
background and reduce the noise quickly. With the help of the proposed method, the dynamic
foreground is able to be extracted from the video frame in an efficient manner. For dynamic
foreground and static background fusion, an approach based on generative adversarial network
(GAN) is utilized in this paper to fuse dynamic foreground and static background into new video
frames efficiently. With the confrontation between the generative model and the discriminative
model, the quality of the recovered video frame improves. Through the performance evaluation on
the real data set containing more than 43,000 images captured by roadside cameras, the following
results are obtained. The framework proposed in this paper can reduce the transmission load by
over 85% without losing in the key environmental sensing information, and also can reduce the
environmental sensing information processing time by over 70%. Measurements on several
metrics reveal that the quality of the fused image also outperforms other contrast methods. The
results indicate that the proposed framework achieves efficient cooperative environment sensing
for automated vehicles and roadside infrastructure, which is conducive to build a safer unmanned

driving system.

Keywords automated vehicle; cooperative environment sensing; deep learning; generative

adversarial networks; transmission load
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Background

Automated driving is a current research hot—spot in the
world. Due to the limitation of sensors, blind sensing area is
inevitable for automated vehicles. Hence, cooperative
environment sensing is an effective way to eliminate the blind
sensing area and improve the safety of automated driving.
Among all kinds of environmental sensing information, the
video captured by camera occupies the most important
position. However, video frames contain a large amount of
data. Transmitting each video frame leads to heavy network
load and increased transmission delay, which affects the
timeliness of environmental sensing information. In this paper,
a video transmission load optimization method is proposed.
The main idea of the method is the transmitter separates the
dynamic foreground from the static background in the video
frame, and transmits the static background once at the

beginning and only dynamic foreground in the following
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transmissions, which reduces the transmission load greatly.
Using the generative adversarial network, the automated
vehicle fuses the static background and dynamic foreground
into video frames and then makes the correct driving decision
based on the driving environment reflected by the video
frames. Through the performance evaluation on the real data
set, it can be seen that the method proposed in this paper can
reduce the transmission load by over 85% without being lost in
the environmental sensing information, which lays the
foundation for the promotion and application of cooperative
environment sensing for automated vehicles.
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