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Abstract

Traditional path planning algorithms are mainly based on search or sampling methods, such as D¥*,
A*, RRT, and RRT*. However, with the increasing complexity of real application scenarios, espe-
cially in 3D complex scenarios, the computation of traditional algorithms increases dramatically,
making it difficult to realize real-time computation. In recent years, given the advantages of deep
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neural networks in terms of their fast reasoning ability and nonlinear modeling, neural net-
work-based path planning algorithms have become the current hotspot in path planning research.
This paper introduces two data augmentation methods to address the challenges of limited and
difficult-to-collect training data for neural path planners. These methods are implemented during
the training phase of the environment encoder and the neural planner, respectively, with the aim
of enhancing the training samples and improving the model's knowledge acquisition. Experimen-
tal results demonstrate that the proposed method outperforms previous approaches in terms of
path planning success rate and time, thereby confirming its superior performance and suitability
for path planning tasks.
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Table 1. Advantages and disadvantages of four classes of path planning algorithms
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Figure 1. Schematic diagram of the end-to-end neural network path planning process
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Figure 2. Schematic diagram of the autoencoder structure
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Figure 3. Schematic diagram of neural planner structure
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Figure 4. Diagram of the practical teaching system of automation major
4. MERERNEGREE

Bk 2. G miL4s

N WNEED, ENURESE A, 2%21% Ir, EPOCHS,BATHSIZE
. HESS

1. for ep—1 to EPOCHS do

2. fori—1 to N/ BATHSIZE do

3. Encoder, Decoder ¥fiE &%

. WD HEUE BATHSIZE MIZRFREAR v,
X, KRR 7R H —Encoder( x,,)
HELR D, —Decoder('H )
THHEHRZE L

. RIfERE

S N

©® N o o s

3.2. ETHIEEBAIMENMRIRFINGES &

BATH — K AATHAEEE DA P IR, A — R AATEAR « 7T RARR Nl NI 2079 s A R i A
R, Wr={a,a,..a}. HTHFIIRINGIFZRANTFEE, A F5IRAE RS R H
AR T — B SR . TREATR AT B4R ¢ 3T IR B R4, S5 R\ H|— A oIk
o'={a,a ,...a}. MR o, o BEPINMES, BAHRATUNEEEFRN, A=, HELL
B TBRAEIRMES TS, o0 MARWNEFIIR, WA o2 ATET LRBAT IS o 1iE
IR 22 JURI 25 OB 1 s it A2 KR8 DI ZR SR M R R I B0ik 3 P

Bk 3 MAMRITIN GG

WA NHHEAED, EE5GREIEE X, , BEHRIEBERE H ={h,h,.. h}, FE5GFPTITEEN
EP={RIPR={L.L,,.L}}

Wt F—RZIE

1. DO

2 H <Encoder( X, )

3. P «LoadPath()

4. for i1 to N do//N fREAT % 7 551

5. forj—ltoMdo /MK | MES AT IR 555

6. Lengthe— L7 .Length()// L fRZE | MESF I EE | 2 W ATERA2
7. Reverse<False

8. if Length > 0 then

DOI: 10.12677/s€a.2023.126074 768 Bk TR R


https://doi.org/10.12677/sea.2023.126074

) 2

Continued

9.
10

11.

12.
13.

14.
15.
16.
17.
18.
19.
20.

21.
22.

23.
24.

25.

For k<1 to (Length-1)*2 do

. if k == Length and Reverse == False then
LT L7 .Reverse()

Reverse<—True

end

gy — LT (end)// L] (end)FEH | MESS AN | 2 TAT AR A
if Reverse==False then
A — L (L (RARES i AMES I FIES | 2 AT RRAR R K IR 2079 45
Ay — L? (k+1)
else
a, — L7 (k- Length + 1)

Qe — L} (k+2- Length)

end
flask (_C()ntaCt ( hi ! a‘inil ! a'goal )
D Append (( flask ' anext ))

end

return D

M2 R — 2 R EFIH R A R R R G, Hollgom R WAl 5 FoR. K3 5id

M E B AL E . AR EDHER AR, RS, BT — 200 8, 1R T 45
REASLEERUTHEIMRZE, RJEAER UL )G B NS S E. TR ZE AR -

2

Lo (gp ) = |8 _atl+1 )
A 4 P REMERLIBE NS SHG a0, 20 AP S TR €+ 1 20 (o B A FL S

t+ L 2L E . PR S VIZRIT (R B AR B ME L, (0°) » FEUIZRE RIS 4 TR

i [ <o

1 !
e [ e,

--------- ! @ LiiE @ HisfrE O HriE @ HiiE
T2 R %

o o 32 35 i

--d

WATEE ZQ

Figure 5. Diagram of the practical teaching system of automation major
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Figure 6. Diagram of the practical teaching system of automation major
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Table 2. MPNet and MPNet* planning success in two scenarios
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