Advances in Applied Mathematics N FH$253 &, 2026, 15(8), 67-80 Hans X
Published Online August 2026 in Hans. https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2026.158334

~

ETMEME RN I FNLRIE

R

RANLIRIWNE o4 € oS e P R M

HERE R X

ks H i 20264F7H6H; FAHHB: 20264F7H29H; KA HM: 20264F8H12H

R

Stnt U e B PLT IR T B3R LA RS Rl s B AR, ASCR H— i T UMER 23 1 2R R SR
Jithe FIRBA-FEER HEEARES RN, R IFLRE ITEBE BB ST R
. RADAALRES T RBFEMRA, FHIANRERYBER SR 2 RERES . FRERY, ZTE
WA R EE S NEEARKFRSE, HFREERERRYE, BET TERAR ST .

XK ia
PR, Bl #as)iFmi

Quadrotor Trajectory Planning Based on
Collaborative Neurodynamic Optimization

Tian’ang Zheng

School of Mathematical Sciences, Zhejiang Normal University, Jinhua Zhejiang

Received: July 6, 2026; accepted: July 29, 2026; published: August 12, 2026

Abstract

To address the non-convex constraints and local optima problems in quadcopter trajectory planning,
this paper proposes a trajectory planning method based on collaborative neurodynamic optimiza-
tion. By utilizing differential flatness, the problem is transformed into a spline parameter optimiza-
tion problem, and the dynamic constraints and flight corridor are uniformly modeled as differenti-
able penalty functions. A distributed implementation is used to achieve multi-node collaborative op-
timization, and a Fast Stochastic Jump algorithm is introduced to enhance global search capabilities.
The results demonstrate that this method can generate smooth trajectories that satisfy velocity and
acceleration constraints while effectively minimizing the objective function, thereby validating the
method’s effectiveness and feasibility.
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ot [pep,.p. | WIERFOGE, [p,.p,.p. | WO FAERW BIOLAE. [4,0.0] AR
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22. BRMANHEMRUIER
ER CNO B EFREHA . FERHZA BB A FEVIAERES 6 PR #0248 1 2% (Recurrent Neural

Network, RNN)ZEATHUS 8%, AR MEAMRO]-[11]. =5 RNN &2 Filicshins,  EERHI0R K
R AT BRI, T IRGA S I U R R 0T

Iileiélf(x) (3a)
st.g(x)<0 (3b)
h(x)=0 (30)

Horh, g () BN BRI, Q=[] [a.b] B R WK AR AR S T — AR
SRR, ELARRBET 2 DO R B - PRI - % 7 (Karush-Kuhn-Tucker, KKT)% ff:

x-F, (X—Vf(x)—/iTVg(x)):0 (4a)
A-0,g(x)<0,2"g(x)=0 (4b)
h(x)=0,xeQ (40)

Sty Py (x) = arginf |- y| SHORERBC BUATR TR BT o BRI 40 F
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ex=-x+7P, (X—Vf(x)) (5a)
ed=-2+(2+g(x)), (5b)
eft=h(x) (5¢)
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AR T B 2RI SRR R RS KAk, IR SR ) RS B B 45 A I ) I I A T 1 1
Kl i) FEASE T
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G(2(e), 2" (1) < 0,ve € [0,7] (6d)
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Fen 22 - MB (8a)
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Yo _ 251 prpyp (8b)
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4.1. BJE)IEMIIR

BFIANE S AP NIRRT AR R AE T o NIPE IR S B (R 29 AR AN v E B 2R, AR
PR PR AR S0 AN P AT, 0 B AR ST BR BB R TG 75 R, SR X PO REORVE 38 AT AT 1, (ELE SRR S
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i=l1
a : . i—
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Hrr, &, >0 S8R, I IR]IE IR a1 ELRE BER A A SO L. AESEPs TREAR, HOm W ik v 2tk
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4.2. K4TEB
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czfjc,. (11a)
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B TS I R L R

2

Sobs (x) = I;H(Aj(k)q)(fk)B_bj(k))J, (13)
Olubs _ A "
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Figure 1. Illustration of flight corridors and sampled corridor penalties
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A AP U PRI R . B SRR S A ) . 7EAHIE R, RS T
ST ST EARERS P (x) o FOl LR RIE g, (x)< 0 tho B 7 RS B 7
FROR 60 RO — LB BT, B0 2(1) =2, (1= 1,m, ) SRS~ UK RESR R SURL B 2T A

gway(x):§||cp(fl_)3_zi||2 (15)

b, z NI 4 A ERR B 5, 5 o RSB AOI TH E e i 7, AR AN, LR
£y () B RHUAAE “BOUBI A7 R BRI TR, CRET B KM, il —fuht
] 7 LR T T R () Il W&, () BRIIE I, SRR,

agway & T

a—Bzzch(q) (@(7,)B-z) (16a)
aéway & T ’
a—T=—2iZ:1:(CD(Ti)B—zi) '(7,)B (16b)

b, B AARE R BRI 207 (1) = 2, (=0, mps j = Lo, s) K203 j = 1 W RO46 %
Wi R0 > | ROTL, FDR A S R i (B SR AT (B TR MG 7MY, NI 245
ORISR . SRR, fE bR AT AR PR R R R — R A
S0 e B/ 2 MU (Minimum Jerk), U 8es =3, RULSRBRZE) Bk ERBBIROSN 1545 B

0 T2 DY Je 3 0 3 S RTINSk B2, 0 2 ) 75 S R

|2(6)] < Vo VEE€[0.T] (17a)
|2(2)| < - V2 E€[0.T] (17b)

73 R SO AR AN 3
gv(rk,x):%"d)'(rk)B”—vmax >0 (18a)

L jpr
g, (Tk,x)=F D (T,C)B"—amax >0 (18b)

AEES A B AR SR

og, (rk ,x) <D’(1k )T <D’(2'k )B

B ro'(z,) 5 o
8gv(rk,x)_ |CD’(Tk)B|
() e (19b)
oz, (7:x) _@'(7,) @"(z,)B
b (e e
og, (z.x) _ 2|*" (=) 8] (19d)
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k=1 k=1
a§dyn _ & 2 agv (Tk>x) & 2 aga (Tk7x)
g =g (), = X (o)) (21a)
g, & 2 0g, (7,x) s 2 0g, (7,,x)
T —_“a,uvkz:;(gv(r,{,x))+ T +3,uakz:;(ga (Z'k,x))+ T (21b)

o, FHCu, > 0 A g1, > 0 7355 e 34 E RN 3 B2 PR AR ST o e GO IR PR L (), EAT AR Kk
HOPON 3 52 B L DR X B R A DU 2 (P14

5. MEFHFMK
5.1. [BREEE
B0 L BT EN AR EM S LN E P AL @R R

N

1]

min  f(x)=Yf(x) (22a)

st. g, (x)-_<0 (22b)

)] DA A ROR AR, SBIRATIEL, SIN T RS R AH R A, FRTE SR AR S SR i —
SR Z R

mip > 7 (x) (23a)

st g, (x)=<0, i=1-- N (23b)

X, =x;, (i,j)eé' (23c¢)

b, xRV AR R RHEIA, f (x) RIS AN R ET AR, g, (x) TR A
TRER IR RE AN AR, 05k € FoRm T i@ E I, 55 x, = x B AEAHARY RS B IE R, R G &
AR N ASKRE s E BB, Lo Fon B S R R, 45 B G o, ML M0 &
(L ®I)x=0 [15]0 LR FH4 BT H BREUE SN L(x, A4, 1) = f(x)+ A g, (x)+u Lx, AR

KKT SR .
Vi (x*)+ Ve, (x*) A7+ L u" =0 (24a)
A0 (24b)
g (x)=<0 (24c¢)
(27) g (x")=0 (24d)
Lx" =0 (24e)

Fob, xt EA RO, A AR g, (x) < ORIXTRT, i SIERE AR Lx = 0 KT T, H A
AU R A= (A4 g, ) Fom 5 SUHT SR B0 Fl B

Z(x,ﬂ,y) = f(x)—i-/lT (x)+,uTLx—i-%gh (x)T diag(ﬂvz)gh (x) (25)
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S, diag(22) FoRUA A A RT A A TEHIN SRR, B IUBIE aVig, (x) diag(4%)g, (x) , 7E5C
FRSZEG R, o AR A VR B E E N RIS SR IEFE . 1% CNO R # BN 59 Fehi ks B H 45 M AH 5% 1)
JF - SHRES . TR EAMATSA RN KKT SAb, B DBUE NZE, FI3EETE 50 52 FR 5 M
KKT 4 RFFAEE,

5.2. LK LE

DNSRAgEEIR TR, W] RS R 2% 4.

ek =-Vf(x)-V, (x)T A-L pu-aVg, (X)T diag(ﬂu2 )gh (x) (26a)
ed=-2+(A+g,(x)), (26b)
eii=Lx (26¢)

Hr, e>0ZRAGHNARSH Hb, XT38 Mskrah %, FERRIRAEGEAZNE; AAmS,
H20)=0, WXSTHA 20, #A A(t) =0 KRENEILT 4 =04k, BT RS E™ s IEIEAY)
AP, ARRII I B SR 4, = g, (x) = 0, E75 3 TR TEIE BT 1L 5 B FF AR S SR

AR GUI AR e A0 12 22 T 1R M 2 QR A TR 2 KKT 260 #E—20 3, (5 B e A i
i H A R R A R, R T B S RS E AR B BOMBE L R, DL S AT R AR AR
HIRT TS B A R, PR B R 2 B T DA SE 4 DA s 7 ASE Bl &9 s s i 07 R R

ex, ==Vf (x,)- Z;/ 4, (/J,- —,uj)—Vth. (x) 4 -ave,,(x) diag(ﬂf )gh,i (x,) (272)
A==2+(A4+g,(x)), (27b)
€ty = Z A7'j (xi _xj) (27¢)

JeN;

Horp, N FRORT R AR 4, 2SRRI ER (i, /) M ITE i&(x*,ﬂ*,y*)i@% CNO R4
A

Lx" =0 (28a)

At = (/1* +g,(x )) (28b)

A =0 (28¢)

g (x')=<0 (28d)

(27) g (x7)=0 (28¢)

Vi (x*)+ Vg, (x) A7+ L u" =0 (289)

TETHT AL B AMASARAT R, RSP IUNE, BRIP4 5% 18 I VA 45 o B T 18 51 I 52 R
B KKT &40 Rz, AR 2 S+ o0 R EH R n @ 1) KKT s, #RMEs) /1% R
G A BRI, B 122 KRG NPT A S ORI ) KKT s AR E——X MR R fEIEY
B 7800 26 0E TR 5 M PR B A0 2 S 38 1) LA A SR A /M

REH: ¥ (x, 47,00 ) R CNO AT, W (x", A%, o ) i 6 T 48 51 00 1 S S 1 ) KKCT
Ao BEAh, B BN TR A AR AR NI S RS, U xR S ) A PR SR AR M

B ETPERE T, g=0EWE Lx" =0; 1=0E%KE 1" :(,1* +gh(x*))+, XEMT A -0,
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g (¥) 20, (2) g (x') =00 R, %= 04U TREAAM. BTETIIANT, W TNE, K
BRI BRI MR KKT RedsAthe DU, 66 AT-00 50 R 4T 2R MO PO KKT 4. 76
WIS T ARSI R A P RIS A 25 1 2 .

Upper-level FSJ

quality check + jump

Q Monitor solution quality quality feedback
C\ Reinitialize / jump

’ e ¥
’

4 N
-7 reinitialize / jump N

’ / !
/,/ /, :
/ ’ 1 ( )
' ™ P o ! Candidate
Problem input L i/ ______ 1 _______ ;_ ______ local solutions
]
Penalty-based .' v : Best solution
: 1 1 g
trajectory 1 Node 1 Node 2 Node 3 1 *
problem : !
—)! > - D Q L best candidate
@ Variables: B, T : Q Q . .
! 1 $
X1, Al H X, Mg, o x3, A3, H3 :
Penalties: : e : :
corridor, : : !
: \ J
waypoint, 1 : 1 *
A 1 1
dynamic ; 3 "
: Init. s(}ate Init. s(:ate Init. sotate Init. s;ate : Optimized trajectory
1 ™ n2 N3 M I z
1 1
. . | o
! ! T —t !
: Lower-level collaborative neurodynamic search ! - i Y
\ ] i
3 .

parallel solver nodes with consensus coupling Y
----------------------------------- smooth and feasible

Figure 2. Structure of the back-end trajectory optimizer

& 2. FEimHT IR EN

5.3. ERFEHS M

FIERE IR E ik s E AR JEBOR ARAS DA R . AL G0 TR B (Y B 4G40 75 B R I
A K Z /AN SE, i RESMTHE IR . ST VU E IS SRR A, TN R E R, BIf
AR A Ry AU, PRI R AR AL K T2 2 H bR e U MR ZE RO . ok R IR A R L, A
i LA AT AT RO A .

FHF FRMR, AR —Fh 42 AP BE LBk R (Fast Stochastic Jump, FST) A% & 53k LS BN,
W T 53 wx={x}" RS TRATEHNBIE RS, ERIGERT, x EEH N DEIR A,
7 Fof 7% B A AN 2 L SR 1 5o SR AR S SR B ZE W R0 5 FST ZE RBEALIBRER, i B — N1
HARMERAR I AT AT BRI A SR 5 ) 20l 28 I 18 A BT VI AG LA ZR A 2, AT E— 2B R4k

Table 1. Framework of FSJ algorithm
= 1. FSI BUAHESR

Algorithm: Fast Stochastic Jump

ny

Input: set of random variables X = {x,} "

Output: improved solution x*
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1 begin
2 X, €= X5
3 YV=Xxf(X);
4 repeat
5 x" < FindLocalMinimum (x, ) ;
6 foreach (x,,f(x,))e) do
7 if f(x,)-f(x")<0 then
8 X, X, 5
9 break;
10 end
11 end
12 VeV {(xas (x)) X1 f (x)~f(x) 20}
13 until V=0 ;
14 return x’
15 end
N Objective landscape view FS) update cycle
g 1. Lower-level CNO converges <—§
© |
o | :
FSJ candidate jumps Y
converyence 2. Evaluate current solution :
] g
l
selected N |
candidate |
3. Generate stochastic candidates | Cnyegite
Sos s l ) :
__________ . :
I
4. Select feasible lower-cost candidate :
= 1
l l
1
poor local soNtior, improved local solution Elicintialzenclicine
decision space e = .
accept if F(Xcand) < F(Xioc) and feasible
Figure 3. Illustration of the FSJ mechanism
B 3. FSJ HlFIREE
6. L&
6.1. EERRIFENR
D7 FLSEES F EA RO I TR, R H AR T
(1) 3T B FERIBIL S B 5 15 11 o8 SO B RE S T BRI 550 ) 3 10 A 1) R
(2) CNO M2 20 BE g it 2 45 sl B AR A 511 F A BR O 32 1l — 34
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(3) FST L JZ ML REAS 7E J= 48 22 45 SR AN B AR 4R b OB R, AT 1k — 20 508 A 1) o
(4) PP BUEE RENE FE 25 58 M i AR I e B G 2 A BE B AR AR RAT R
W SHRE MR 2 Fn, HAPRESIREL 25 — LTE[16] 7 IE B R A 40s et 1) dee /N kB

Table 2. Main simulation parameter settings

®2. ERMESHRE

¥ BUE X

I s 3 Minimum Jerk

FESR L 5 25— 1

P s S 9
HIBARAE ST EL 240 e ARAR . B NS
7 A 1) SR 5K 800 AT ERE T
R B A SR K 1200 CIERRER 2

R S 3

B3 K I B 4
CNO #ET R 4
CNO FiEARKH 140
HAR SO AR IR EL 80
FST i £ 4 30 AL I A A
FSJ 24k 15 4L 2 HEN T EZL CNO 44k 1% 3k 4

P CNO RIS , ASCE S Kb B eI S, F33040 P 4 B BOWSCsioh 2 AL iRk 22 h
e mEEMZTT I, BEEIACEEAT, CNO MZAMILIVREHRLET 0, W2 KM S A
P R S IBWA B RN A B RS, T H AR R B, R RS RS R i .

Consensus Residual of CNO Objective Convergence
025 ' 14000
Consensus residual Gradient descent
- - = = Consensus settling starts Neural dynamics
! 12000 CNO consensus
0.2 '
3 W—’_ﬂ 10000
g ]
= g
© |53
20 2. 8000
7] o
s 3
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3 8 6000
c 01 el
2 o)
c o
o
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!
:
0 . . L , 0
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Iteration Iteration

Figure 4. CNO consensus convergence
& 4. CNO iR

Bt s E IR FST AL, IGUEHAEH], LIRS InIE 5 pron i & 5 PR B8 . FERATIERE S, FST
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Jede B BB i, R AT IR AR T T B AR R BOTAY SRS HL H B iR BRI o T g ik AU
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Figure 5. Verification of FSJ jump improvement
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Figure 6. Feasibility check of speed and acceleration
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Figure 7. Structure of the quadrotor experimental platform
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Figure 8. Semi-open field cruising coverage
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Figure 9. Obstacle-avoidance flight tests under trees
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