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Abstract

Traditional unmanned aerial vehicle (UAV) path planning algorithms rely heavily on accurate envi-
ronmental models and exhibit significant limitations, including poor adaptability and inadequate
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real-time performance in complex dynamic three-dimensional (3D) environments. This thesis first
elaborates on the inherent limitations of traditional path planning algorithms and introduces deep
reinforcement learning as an innovative approach to address these challenges. Subsequently, it
comprehensively reviews three major categories of reinforcement learning algorithms—namely
value-based, policy gradient-based, and value-policy hybrid methods, delving into their core prin-
ciples and systematically synthesizing their advancements and application outcomes in 3D UAV
path planning from both single-UAV and multi-UAV perspectives. Finally, focusing on the unique
challenges of actual UAV flight scenarios, the thesis clarifies the application bottlenecks of rein-
forcement learning and summarizes the future development directions, providing systematic ref-
erences for theoretical research and engineering practice in this field.
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Figure 1. 3D path planning diagram for UAVs in complex environments
1. ERMET AN = 4B FEALIE

LG To NHUAR R 2 E 20y N =252 1) BHERENE: 8 WA A*SIE[3]N Dijkstra 5H%[4],
VR REE B A, e A R B BNTE B SRR RS AR, [UEH TH#ES. B0y
s, HAFE &R, 2) BENURAESE:  dnthodss JiBE B 5% (Rapidly-Exploring Random Tree, RRT) [5]5
1k 2% 2% € (Probabilistic Road Map Method, PRM) [6], 38 i MEZRAE AL BATAT I, (HAZTERRE M 22 554
2o 3) B B HARRE, &G TN E LR FAE, RABCERA T 3R AL
PLSZ BB AR IR ) 3 25 1 )97 5 29 SR A2, 43 s 2B i 42 il (Model Prediictive Control, MPC) [7]. 45
EBIHIGRE A AR, R AR DAY R R A R R SR, B AN bR AT R A 4
AU AEZRME . SRR G SRR, ARG A DL SR S IE SR . SRk A S R R R B R
BET MR T AR NBEE RS R TT Ik, SRk S ) JE TR HOORE B I RIS, Y e A
S B B R EAT B R . X7 B AT ENE N 2 A RE T SR R E 1 i SRR (8]
[10]
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Figure 2. Action selection diagram corresponding to the plane where the drone is located
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2.2.3. ZEhEH

Bl R R SR AR 2 ) R R DAL R A3, RE T RREAR AT N B ARRISE ST T . R R 35
SHANLAT A, AEIL AT 8 bl il 28 B b, [ 3k S R AR RIS . 6 T4 428 AL i 17 & 22l vy A
&SN AR
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arger A= MG FAREEBI 45 T 10 IE R 22, 5 | FRIELE:  Mgison 25 BERSMIEHAR TN
DURAE R BT, r, JIHIR BRI RE RIHAE.
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BTG AALRERS 7E 5 A5 1A € A EE b 2 21 BB AR I g A AR 7 2 il AW S AE T, B REARAR
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Figure 3. Evolutionary path of reinforcement learning algorithms
3. BULE I B LRI

3.1 ETFERBNAZE

PE SR 2 > H 308 B BR O V20 R, HAZ O JEAELR AR A (B B B8 DR/ HE 5 L e e S
BEMIE BB E, HA5TVE 45 SARSA (State-Action-Reward-State-Action) [12]. DQN (Deep Q-Network) [13]
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3.1.1. Q-Learning

Q-Learning [14]/& —Fh &8 SR 5 TAME B BN 5%, 1200 AR TR RAL C AT SR, T2 A4 2 4 S g
KRR (Q R)FHE Q ME, 1% Q REMMIREX N —AT, BABIEX N —F1, FICHAFEAERARE -
HEX R Q M. HA ARG MENE, it 2 ARSI ERIOME, T8I AT B A% ko 21
T AE— N8 IR B BT BN R, A5 31— MBS Q . A= (4) s, FiEAE
WAEILIE 4.

Q(s.a) < Q(s.a) +alr+ymax,, Q(s...a.)-Q(s.a) ] )

l |

MiatQE EIFETE BATENE HERRH [ EHQE [ =EIRE

Figure 4. Flowchart of the Q-Learning algorithm
4. Q-Learning B3 RIZE

SR, Q-Learning 777E LA FRPR: %6, T3 Q (N KA T 2SR AER Q i, 57~k it fhi
%, SEQ LRI K, RETIMEAN, Q RN SGIRIF BB, Shoh, R LR
IAEIRAS - ZTER RAGHK, SECAT A2 SO REA A Mo, T B0 S0 10 2% = M s«
3.1.2. SARSA

SARSA & — 7L LR SEMS AR AL 2% ST U7, LA R3S TR B0 A ST, AR A LA 7 132 Ak e e 1
JZROF[15]-[17]. SARSA ¥ IE ML A FLSLHAT I RATSHEHEAT MM E BP0, 28 H e R % i
MRS, FERS MR TR AT A M 22 4 (RSP b, T8 2t 2 A b BRI 1 £ R AT Bt
I 5 45 T SARSA BERIR S, BACKIDIRA s FRF M ATH04T AR 22— N B a, B ik
SIS IEARBAT BN, T IS 1 B B B — AR E R (5, ) I, R BT
R 3205 ¢ SRS 87 f— AR E M0t (5,a)) M E[18], BRI A AW

Q(s1:a) < Q(sua)+a[ hy+7Q(541,8.4)-Q(s0a) | ®)
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Figure 5. The structure diagram of the SARSA algorithm
[ 5. SARSA HiXLE1E

3.1.3. DQN

2015 4F DeepMind HIBAY DQN B RN T Atari I3RS -5 [19], %5092 LL Q-learning Jy%:fitt,
ALAAE R B S IR NS, DA ER Q 3Ry SIS FBORIE & Q HARM LA I I ZRAFEE 17
L, B AR R Q MLk AE S it sems, HEH AR REHn=(6). (TR, EEIE 6 FiR.

Q(s0a)=Q(sa)+a(k+rmax(Q(surau))-Q(s.a)) (6)

DOI: 10.12677/csa.2026.165168 99 THEYLRE 5 N


https://doi.org/10.12677/csa.2026.165168

L(6)- E[(rt oy maX(Q(SM,aM,e))—Q(st,at,e)ﬂ (7)

BTN S

! I

3 .
'«

(s,,a) \

|

} AN }
|

! I

| EQMILE

Bl B T ‘ 0
E=(S,4,5,R)

____________ ‘

| |
| .

S| m [U S N

| |
|

I ol I

} N N }

L___BRQEs |

e it s
x O\
T i maxO@

Figure 6. The structure diagram of DQN algorithm
[ 6. DQN EELE#IE

DON LR L 2% 2256 [ITSOMT H BRI 2% 1 TR R e 4 R R, 9 6 AL = 4 g A LR B9 5 JE Al
SRT . LA ) Q E Al T SRS I R A AR S R, BRI T AER RS RN M RN . i,
W7t % tt DDQN. Dueling DON “F XG5k, R 3CR S AT BAd 2347 -

3.1.4. DDQOQN
DDQN (Double Deep Q-Network)H Van Hasselt 55 A\ 2016 =& Hi[20] [21], HAZ 0 S 2K 5 1 ik
PEEME VG 2 85, 3B AN A0 22 9 25 20 1 SEBLX AN T RE . AT A% 48 DQN £ T AMLER 1%
F o A AE 1K) Q BT ki v e, 3 S IR v A S TR AT S EOME T 1 R A KRS, (H 2 i vt B
Z%. DDQN % 45H) 5 DQN Mg ghfAH R, KA.
8,y =argmax, Q(Sl+l’ 81 9) 8

ytDDQN =r+ 1Q7 (St+l’ arg maxa+1 Q (st+1' at+1’ 9)’ 67 ) (9)

3.1.5. Dueling DQN

Dueling DQN [22]7F ¥ £ &5 74 % F X 0 48 SEBUIR S E S5 3 E L A g #s[23], HA A5 DQN
A, YINREER, EXTERAR SR B o7 XEE & AN E FRATREE, a5 R b &l 7 B
7o Dueling DQN ¥ th 45 43 R ALIRES 2 AR FE PR E Value [24], PUEH & EML 25 Advantage.
Value 7] LLHFRAETE AN 7T Fr kb 25 ki) 2 A FERE . nl RAT SRR 36 R8s 53 — 364 Advantage
TP RATE, prdk. . TCFF. FREAESTEAAM A IR FERE . et A 2R(L0)K #E 8 7r
RLARR)5E% Q A, MR AN RFTIAG 2, FNGEX IS ERRS, 555
MR UR R ST E .

Q(s,a;0,a,0)=V(s;0,8)+| A(s,a;0,a)— max A(s,a,,;0,a (10)
( )=V (s:6,8)+| A ) ( )

a{+1€‘A‘

a M g 7 nl# s Advantage A1 Value B4 %R =124, 5 DQN #1 DDQN AHLt, Dueling DQN
(R SRS P4l T sk, (H L8 G A S R A
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Figure 7. The structure diagram of Dueling DQN algorithm
7. Dueling DQN & %45 HE

3.2. BT REEKBERIFE

ERBOTEE S BEEE R, I ANLIRI LS CAT ZIELEN, TS T SRmA FE 1 77 6 ) B 4k
HEMEZR A0, NI AN TR AL ERE T e, WL EVEA A PPO (Proximal Policy Optimization)
[25]5 %%

PPO:

TE R F WS B FE R 2R Re AR, 5 BRAE il U AR F T I ZR S B R i B IR B . 0K HH IR A B
b, HAEARTEE R FIHZRAK. o B @, Schulman 55 A\ [26]4&H T PPO Hi% (/% 8), @i R
i) SR s B R R B OR B I SR AR =i 8 SINBY Y H AR R O e i H AR R, 3 S SR O BE R 51 R AR
EVE, RIS RBAE TR FIREAR R [27], BT HAR R .

L™ (¢) =& [ min(r,(6) A, T (1 (0) 1-2.1+2) A ) | (11)
. _ ”a(at |St)
(0) T (@ls) (12)

foip ABUEPRIE R E, BSH e FEHIBTVIREE, 1 (0) AHTIHHIRIERTES t FROSIERER: ACHILS
B BRI K. %4t PPO M FIEE B VIS L 6, MELLIE N SIS AT HE
LB FR A, AR SR SE R AT S BRSO AN R ¢ (8, FESRMS USRI ZIN WO BT DIVE R, FEAR
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Figure 8. The structure diagram of the PPO algorithm
[ 8. PPO B ik LEHIE
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33 ETE - RRAMNAE

AR RS SRNE R S TR B IR S AT WO T e ST E, 75 PATIME 5 R e R EUE:
J& 2 RS S () S A E SRR L), GFERA R B IR R[28]. NalE ZE LR, BERE R
Actor-Critic 512 [29] 5K 5 i Rt b FEE L 5/ 5 i 4ER 25 23 a) ) 751

3.3.1. DDPG

DDPG (Deep Deterministic Policy Gradient) 5.1 [30]45 & i & P S 6 % (DPG) [31] SR E %>, AT
fift P SR ). e T AC ZEHIT R F DON 2> 5B, 21 17 o AN LELE S 2 [ B TR To R AL IR
FESRA S 2] J57%, AR5 DNN + DPG [32], SVEREZL LI 9. 7ETC AMLERAE R+, DDPG f&BhZ 5[]
AT REREARET P AR DG, 48T ATEAR R R 8 M gk ORI SR ENEINE, AR 525
RZESERN S TR [ S NJRSE H BRI, G R0k S A B Al vk 1, ORI TG AL AT 128 1 S g TR
FROE . BB 4. TESLIERE ERW IR SR 28 S50, (I JC AHLRE BB i SE .~ INLETE 4,
SIS R PR BT T ARG 1 e 5 A R R

Veq(sj*ﬂ(sj;g);‘"):Veﬂ(sj;e)'vaq( RN

9<—0+[5"ng(5];6)~Vaq(sj,éj;a))

hAss NEMLE —>
TRBE L% E

a= ,LI(S,H) q(*"aaaw)
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Figure 9. The schematic diagram of the DDPG algorithm
& 9. DDPG EAREE

3.3.2. TD3
TD3 (Twin Delayed Deep Deterministic Policy Gradient)#i2:[33]1F & DDPG ) itiskiA, #4877 6 4
ML, EHTEEIMESRE, B ZNHTIEANE T TESERIB S 5. g5 10 Fros.
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Figure 10. The structure diagram of the TD3 algorithm
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TD3 Skt =T oc it 5eA X Q MLt {E, GRHUE/IME AR L 2= Lk, X
SR 2% K H AR 2% St AE IR TR, AL EROL MR T Q %%, MmAsE IZhdie; &), fEH AR
HENBER, TSR R, AR Q ERITH R AKX 14) s, XLk 515 7 TD3
FE S e LA S I PR S IR ST i . 5 DDPG AHEL, TD3 RREthikiR, EMSHEL . itHEX,
SR fi R 5T o

y:r+}/ri131i’r21Qi(sm,y(smw“)woi) (14)

3.3.3. A3C

A3C (Asynchronous Advantage Actor-Critic) [34]&—Fl i i [Fl i 18 47 2 A Jey dek X 4% S 20 B i 4 Jed X 4%
EE, UHIEH T AN EFEEL:. L. 2Y I TREMN E 3 T ES . Actor MEIRIETTA
BLA T RATIRES 0 M S ENEZR 70 AT, TRSETCANLI RAT 7 ) S 5 25 30 Critic 280 2417 ATHR
B5IMERMMERAT AL, FH T8-S Actor INZE BB 5% . 2> Actor-Critic fRHRM. TAE, 54 )R M2
L IR, BRI, T ANAEE R E SR RE TR, SE AR T 2 2] B 2 4
SEE R ATEAR, i 11 foR.

A(805i07 6 )= 270 47V (5,06, ) -V (5:)) (15)
i=0

O EFMESH, 0, NS EREBINISEL ARSI NAFRR K, k BUER EF Ot V IeIRZS . A3C
BRI RS NGRFEEss, HIAEZHAIIA SR S HMIUERA AL P FENLHIBRASE R .

% F & @

Figure 11. The asynchronous training framework of the A3C algorithm
[l 11. A3C BEF SIIGHESR

3.3.4.SAC
SAC (Soft Actor-Critic) 52 [3513H 3 51 A 12U 4k 55 B4 SR AL A 389 58 3 REARAE B S B I B &
RLREST, JHAE4E TD3 X Q WZ% AT SRl , JEIL NS Q W28 B d /MBI (L Ay T, SRV iy 4
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b bR i 5K (16) T s
:
J(”)ZZE(S[,aK)~p” [r(st,a1)+aH ((ﬂ-ls[))] (16)

t=0

P EERME © T r(s,a) M, HO)RREHE, o ZRESE. SAC FUEETL MR WITIE
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Figure 12. The framework of the SAC algorithm
12. SAC B A4 E

3.4. BULFEIJBBEELELE

SR A0S 2 I T B R DR E e AHLBR AR AR AR« AR e k. WA RSk AN B T IE B, AT
boRgh T iR SR TR i S IE RS R, R 1.

Table 1. Comparison of typical reinforcement learning algorithms and applicable scenarios
F 1 BUEIARNFEINREERTR

S HELY A7 s R &5
Q-Learning JEFEFI ., 5T S2H Gy flivt RZ A ] 37 5
SARSA B TR SR Hd& T s i L5 R ERFE I
IR DQN HA—EZae) yid vk, K A 4 R R AT )
DDQN Zefiit At SRR SR AR o 45 B PEISY)E S R EFIIDF L eI T
Dueling DQN 5 2 S VA S 2% RV LR . PIRBCIS ST I 2 507 5t
MG L PPO WIZRAE E M4 RNED ey BRI JR) et
DDPG S Sl JEE R SR AR
- RS TD3 Sy RIEIRST, ZHE ARRF IFITIRRNE =5
A3C FBUIZRR BIHFER Ml B R A =
SAC R EEIIESCRE MR RACGRAR, WS K Sl AR M R s = 4R 5
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4. B EZBETRUEIEENSES MR
4.1. BRAHBBEAR

BN R 7 LA A s B bRB RSB A A A 0o X RAIABR A IEIR . 315
SOSCSINR S5 1), AN/ HIF T3 6 45 A 2 ) S AT BS0OEE W [37]HE T — il S R HOH P Q-Learn-
ing HIL(ACSQL), FHIGH A N BB, 55— B [ & N B R IR TR R R 5 A A AR PR
SRR Q R, MUIIZUSUS S m A E MR R 28 B BOR A F I R R A kAR . T
A5 B SREGUE ] ACSQL fEANFI 5 R 42 K 55T DDPG A1 IDWA . SCHR[38]KH5 A& 514 (GA) 5 Q-
Learning ££ /i, GA A V2 xi% k1%, Q-Learning 45& Jo AN HI G B K 5 FR S B i 47 1) B B8 i3k 47 PRV
PSR, SEILEAR R P SR 1 SEB A S AS RS, $RFHT55 R R0 B RE ) 1Y) TR sF SHe G A L33 5
TSYIEE B 203 . It SEIRIE ] GAIQL BVETEREL L T4 8 GA Jiik, MEEEIRTT 57.14%. #xi{L4t
SARSA HIEKH e-greedy RIS FEINSICE NS . 5 RN RS0 P K )8, SCRR[391 K BEALLIR K (SA)
S RIS 5] N SARSA 5%, DL SA B LS e-greedy g, {HAPHE SARSA 7ELRIRNE . HD
MEAREE, 551 RIIZRES), FRAES 2283 2R . Chao 55 A[40]#&H | E-DQN /i AE R A2 HLRI
%, 55T DON #HZ 40 & m 4RSI E IR T, IR 2 B IENLH], $EABRIghmia ety
Witk Zhu %5 A [41]32HH T ROLSM-DDQN 5%, il DDQN sh{FE &£ 5 M E Pl 7 25 I 5 25
A RN Q A, K IR B RN RE B VH AR 5 2 il ek K, SCBL T R AMUESS ©AT R NS
AL, % T DON F1 DDQN %%k, ROLSM-DDQN 7E35 %, RiA Flig 12K F o Bl AR T
5.41%~6.25%. 7.58%~8.60%#1 10.23%. %A1, ZHE R4 RE BTSSR, LUk 2 s &35
B Semt v oK . Jiang S5[42]% DDON # g 2 9 HREE L bRy 5, #2H 7 DDQN-SSQN 502, i iR
#5735 RSSIE SHHBhHSE, FRAK T AN RGN N RSB, 387t 7 B AT 555 T IUSIoE 2
EE4 e .

PPO fE A M3 SRR, BN LR e p (it Bk, Qi S5 [43]88 T 4ii# 43 fif PPO B0V
(FD-PPO), 743 K% PPO el BB faE « A2 KBS, it 8 A 3L ah sk BOR g U Jo AL AT R R
R, X LESREG B, FD-PPO BVETE VI35 BEARK BEAN D) % )7 AR AR T PPO 325, Tian 55 A [44]
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Table 2. Summary and comparison of deep reinforcement learning algorithms in path planning applications
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