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Study of Deep Reinforcement Learning-Based Agents for Controlled
Flight into Terrain (CFIT) Autonomous Avoidance

Yong Won Lee’, Jae Leame Yoo

ABSTRACT

In Efforts to prevent CFIT accidents so far, have been emphasizing various education
measures to minimize the occurrence of human errors, as well as enforcement measures.
However, current engineering measures remain in a system (TAWS) that gives warnings before
colliding with ground or obstacles, and even actual automatic avoidance maneuvers are not
implemented, which has limitations that cannot prevent accidents caused by human error.
Currently, various attempts are being made to apply machine learning-based artificial
intelligence agent technologies to the aviation safety field. In this paper, we propose a deep
reinforcement learning-based artificial intelligence agent that can recognize CFIT situations
and control aircraft to avoid them in the simulation environment. It also describes the
composition of the learning environment, process, and results, and finally the experimental
results using the learned agent. In the future, if the results of this study are expanded to learn
the horizontal and vertical terrain radar detection information and camera image information
of radar in addition to the terrain database, it is expected that it will become an agent capable
of performing more robust CFIT autonomous avoidance.
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Table 1. TD3 algorism

Initialize critic networks Qg,, Qa,, and actor network 7
with random parameters 6, 0o, ¢

Initialize target networks 6] < 61, 05 < 02, ¢' < ¢
Initialize replay buffer B

fort =1to T do

Select action with exploration noise a ~ mg(s) +¢€, (1)
e ~ N (0, ) and observe reward r and new state s’ (2)
Store transition tuple (s, a,r,s") in B 3)

Sample mini-batch of NV transitions (s, a,r, s') from B (4)
G+ Ty (s')+e €~clipN(0,5),—c,c) (©)
Y =7+ ymin=; 2 Qp/(s',a) (6)
Update critics 0; < argming, N~ 3" (y—Qo, (s,a))* (7)
if t mod d then
Update ¢ by the deterministic policy gradient: (8)
VOI((/D) =N"! Z VaQo, (s, a’)‘a:m»(s‘)vq)ﬂdv(s) 9)
Update target networks:
0, < 70; + (1 —7)0!

/ / (10)
¢ =T+ (1—7)¢
end if
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Fig. 2. Diagram of TD3 algorithm
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Table 5. Agent action definition

Actions Sk 9
Action[0] |%Z%} Aileron command| -1ED~1(%)

. %3F7r Elevator () (B
Actionl[1] command 1 ~1(®
Action[2] | %&Z%F Rudder command | -1ED~1(%)
Action[3] Thrust command 0Min)~1(Max)

Table 6. Reinforcement learning state definition
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Table 7. Terrain obstacle center location and
elevation range of p, o

States A4 =4
Track 7]1& 20% & A9 of
State[0] 3 2% _T’ET @+ meter
NED ##9] 7|% North W&
Statel[1] F27] 93] meter
NED ##9] East HI3F
State[2] 7] o] meter
NED #3#9] Down ®aF
State[3] 27 93] meter
State[4] 57| Bank 2= degree
State[5] 357 Pitch 4% degree
State[6] F57] Heading Zt= degree
State[7] T &9 meter/sec

B () BEZHRHo)
A4 9 -0.5<(4<0.5 0.07<0<0.1
A4 W9 | N, E:2.5km~7.5km 636m~909m
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Fig. 4. Results of terrain obstacles generation

Table 8. Conditions for getting rewards

ZA Reward | Done v

3% 744 o
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Fig. 5. Initial position setup for learning scenario

Table 9. Initial B737 FDM setup for learning

scenario

Actions ZF A4 H|1
Weight 48,534 kg
271914 N: Okm E: 5km NED ##
Z7|0% 400 meter
2714 0 degree

%9 100 meter/sec

Configuration Clean I{?;diﬁcg) %Z?)r
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Table 10. Conditions for learning goal and

completion
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Table 11. Experimental list for agent learning
performance
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Fig. 14. Results of CFIT autonomous avoidance
by terrain obstacles. Height 1,100m.
(N: 7km, E: 7km)
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