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[Abstract] As an important part of automated driving vehicles, trajectory planning is the key to affecting the level of
P P g J ry p g y g

unmanned intelligence. The trajectory planning methods of automated driving vehicles in the past 10 years are summarized

and classified into 5 categories: graph search, sampling, mathematical optimization, curve interpolation and machine

learning. Each kind of algorithm is described in detail, the application of the algorithm in the actual scene is elaborated and

its advantages and disadvantages are analyzed. Finally, the existing problems and challenges are pointed out, and the future

research directions are briefly analyzed.
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AR Algorithm 1 B,

Algorithm 1: Dijkstra

INITIALIZE ( G»s)
S=Q 11 ST AZS LR FIRAFART Ui ] i T A
Q=G.V Mt/ MG Q AEILIE G 1T A
while Q#) do
u= dequeue—min( Q) // Q HFi/NTEHBA
if uw A HFRTY A then
break
else
S=SUfu)
for each veG.adjlu] and v isnotin S

RELAX( u,v,w)

Hirp JINITIALIZE S ik eR K, FL L 20 3R an
Algorithm 2 R,

Algorithm 2: INITTALIZE

for each veG.V
v, = [[RIHA Y AR S AR B S ST

s, =0 /B KA 0
RELAX Ay B% A2 2740 pR AR, B2 10 Algorithm 3 I
R,
Algorithm 3: REALAX(u, v, w)
if v,>u,+w(,v) then // w(u, v) H w3 v BFUE
v, = wy+wlw, v) [HET 0 BE R
v = [/ v BACTTY AL
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Algorithm 4: A*

S= Q=

Q<s
while Q#(J do
u= dequeue—min( Q) /HLH Q H f {ELIR/ NI L
if u iy HART A then
break
else
S=SU{u}
for each v € G.adj[u]
HHE )
if visin Q then
if v GHIHOE S0) /NT Q Ty f(v) then
Update Q /34 Q Hr f(v)
elseif v isin S then
if v YHIHHME /@) /AT ST f©) then
Update S /48 S f(v)
Q<=v
else if v isnotin S andis notin Q then

Q<
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1.2.1 RRT
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B L AR A BEALIR R, S R AR L
-9 e EAR DI, A R T — S R AR 3L 3
H AR E A, 40 Algorithm 6 7R o
Algorithm 6: RRT
Initialize RRT~tree /¥4 1 RRT 44 R
RRT-tree <«,,,
while ()
Xyt = Smple( M) /IEHLE] M FE LR L RS
%per = Near( ¥,pim , RRT-tree) //7E1H 2 Fh 485 #H
B X o, TR AT A
if distance( X,uim , %ww ) > threshold then /a0
Xt 5 % PR T B{EL
X = Steer( Xumion » %wr , threshold) /] %, N X
5 % pion W L— 50,5 .., FEESH thre shold

else

if nocollision( M , edge( ¥,.., ¥.., )) then /U1 H x,,
5 ., SRR B o MR B
RRT-tree <x,,
RRT-tree < edge( %uu, Xoeur )
if distance( %, , Xure ) < threshold then

break
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Algorithm 7: RRT*
Initialize RRT—tree
RRT-tree <x,,,
while ()
X pando = Smple( M)
Xor = Near( %0, , RRT—tree)

B3 CL-RRT FEiFiEHl1EER

if distance( %,y s %uw ) > threshold then

Ko = Steer( Xruntom 5 %uear » threshold)
else

X = Xpiom
if nocollision( M , edge( %,.. , *.. )) then

RRT-tree <x,,
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MM R/ N AR 6, BT AT A
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Rewire() /AR 7 A AT s ERTC B8 R AR
if distance( %, , X ) < threshold then

break
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