R O ¥
CHINESE JOURNAL OF COMPUTERS

ET DDPG BIERARHIS BT

AaY mERY EATY AEA7

V(A IRIE TR EAURN S SHOR B, WA/RIE 150001)
A BHIRY BASEE TR JLs 100044)

B E RHSRRIEREBARG PR REEOR, F L] AR HARKHLE) N IERE T R, H2 3 e
FLLEIIRZIR . SR T DDPG SRR B ST, B A S A BORS MBE Rl i, SEIlT M
TS A B vh 2 ST R AR 1 ) s B ARG AL, iR A B R RS B SR 2D RS R AR AR B M
BRI R, B DR A AR RS, I T I ZRid RE I Se s A& R B b i) A ep i 3
bt XTERSRIRRI, PUR RS SRS S A AT 70T L) S R AR IR AOR s FR B R (KB T
S MR A AR L FH Ao

KEE RH S, SRS e tEENg, HRE
FEZESHES TPI8

Terminal guidance law design based on DDPG algorithm
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Abstract The design of terminal guidance law is the key technology in interception system. The performance of
the commonly used proportional guidance law and its variants will degrade under the condition of large
maneuvering target, and will be affected by the navigation ratio. A terminal guidance law design method based
on ddpg algorithm is proposed. By designing the environment state and action (control quantity) of interception
problem, the guidance law with optimal learning reward from the interactive data of simulation environment is
realized. Compared with the traditional method, the model free method is more flexible. Aiming at the problem
of low training efficiency caused by weak hypothesis bias of action set in reinforcement learning method, a
further proposal is proposed Taking the navigation ratio as the decision optimization parameter, the training
process is accelerated and the navigation ratio in proportional guidance law is adjusted dynamically. The
comparative experiments show that the two design methods of terminal guidance law based on reinforcement
learning obtain better interception effect than proportional guidance law and its variants, showing good research
prospects and potential application value.
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Background

The guidance law is the core of unmanned aerial vehicle control, and its main effect is to help the unmanned aerial vehicle to
plan a reasonable flight path. With the development of technology, the maneuverability of the aircraft has been greatly improved.
When the target is faced with an interception strike, it can evade more flexibly. When facing high maneuverability targets, the current
guidance law exposes many deficiencies. The current guidance law usually requires manual compensation for different maneuvers of
the target. When the target makes a large-scale maneuver at close range, the current method is often difficult to quickly adapt to the
maneuver method, and the miss distance increases. In response to the above problems, many researchers have improved the classical
guidance law to obtain better performance. With the development of artificial intelligence, related technologies have also provided
new ideas for the design and improvement of guidance laws. Under the current experimental conditions, the results obtained by the
reinforcement learning method in this paper are superior to the proportional navigation method. Reinforcement learning is a branch
of artificial intelligence and a general framework for solving sequence decision problems. The agent updates its own policy by
interacting with the environment, and finally achieves the purpose of completing the task. Controlling the aircraft to complete the
tracking task can also be regarded as a sequence decision process, and the reinforcement control method can be used to give the
control amount of the aircraft. At the same time, aircraft control is also an excellent research problem for reinforcement learning.

Reinforcement learning algorithms can check their performance in aircraft control tasks, discover potential deficiencies and make
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improvements. It also helps reinforcement learning methods improve sample utilization to reduce deployment costs in real
environments and expands the application field of reinforcement learning. This paper provides a new testing environment for the
theoretical study of reinforcement learning. According to the characteristics of the reinforcement learning agent training process, the
simulation environment in this paper has made corresponding improvements to the general simulation process., so that it can be
flexibly adapted to most reinforcement learning algorithms. Based on the above, the research results of this paper can provide a

reference for the design of new guidance laws, and also help the theoretical research of reinforcement learning.



