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[ Abstract |

as well as compressive forces exerted by soft tissues in the orifice. To address the issue in the delivery process where existing planning

The natural orifice intervention using continuum robots faces challenges such as tortuous and narrow intervention paths,

methods struggle to balance multiple control objectives, resulting in difficulty in reaching deeper positions, an autonomous planning
scheme based on residual reinforcement learning was proposed. The method enables the autonomous delivery of continuum robots
through natural orifices. A feedback deviation model between the delivery posture of the continuum robot and the spatial state of the
natural orifice was established to control the posture target during the delivery process. Simultaneously, a Markov model of the overall
motion process of the continuum robot was constructed to train the reinforcement learning algorithm. A residual strategy, generated by
combining posture feedback control with reinforcement learning control, was used to output the optimal actions for the continuum robot’s
delivery process. Experiments conducted in a simulated bronchial orifice show that the proposed method converges over 60% faster than
existing methods and can plan smooth, collision-free trajectories for the continuum robot’ s intervention through the orifice, outperfor-
ming existing methods in several key metrics.

continuum robot; autonomous planning; residual strategy; transluminal intervention; reinforcement learning
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Fig. 1  Ilustration of the human natural orifice spatial structure
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Fig.2  Schematic of continuum robot
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Fig. 4 Illustration of continuum robot distal end attitude

(b) i AR I

¥ fE M HE . www. stae. com. cn



2025,25(17)

Wl o A5 T ) 2 i3 LR Bk 22 ik 2k > s 7247

HEZEN , muockoieieit v,

Vo1 = I:xq,]’yq,l ’zq,l]T = Tv, (1)
K(OHH v, =[0,0,1]" A—NEEHT 2 #AOWI IS
Jrma s T i PCC BRI () AR R 1

1E ResDDPG | L2 ARMLAF NI i B A R R &
LI R ER A v, | ISR IR, TERRE PCC AR
RN SRS NTE o BT I B LB o, 7T
DLl v, | MO ) 5 1 I fi kg Lol

Yg1

a, , = arcsin —————— (2)
" vl

IR 6 y 87 1) B9 S5 A E a0, | T LA I
v, BRI v, | 2 BT SR
V4

ol (3)

l Vol I,

H 3 25 285 A 0 SR A 2o R A A A A R S
Bl Bl a, ,,a,, e [-90°,90°] . #ZMEEMIITHkL, Al
Ll S B B S WA BB A E ay
Al Qpase, (x,y) ©

LR S R E 5 R, ek
SRR [ E bR R 55 LT A, BT
KATHAT A0 BE 5 O 2R 0 f EARARL, A&l 5
RO TR B ESE, T2 NEAERES
FISFEX AR, X T — B E B, T —m %)
RO A B 5 B % 185 A E S B e T — &I
AERIAAEE . R SRR BILA A I 2R £ B mT LU
o oy S LA 2 2K 2

afc

@, , = arccos

agoa] 2 = a2 = Ay

afc _ +
agoal 1 - a2 az,x agu‘l 2 Qe (4)
afc _
agoal 2 - M2 Qe ¥

afe
Qoal, 1,y =P, —a,, A2y T Cpyge

Vi

BT

5L

x
By By G G — B BB R 5 R A A
Uy ey HUHECE A B 1
5 SR g
Fig. 5 Principle of attitude feedback controller
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Fig. 8 Bronchial autonomous interventional procedure
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