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(ISHACDE-ADCP: Adaptive Dimension-wise Cauchy Perturbation
for Deep—Space Trajectory Optimization)
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Abstract

Space mission trajectory optimization in the preliminary design of deep-space missions is challenging
due to strong nonlinearity and nested multi-funnel landscapes, especially for multiple-gravity—assist
(MGA) problems where differential evolution (DE) often stagnates and prematurely converges. We
propose ISHACDE-ADCP, which augments Independent Success History Adaptation Competitive
Differential Evolution (ISHACDE) with Adaptive Dimension-wise Cauchy Perturbation (ADCP).
ISHACDE-ADCP retains ISHACDE’s competitive exploration-exploitation switching and independent
success—history parameter adaptation, while injecting targeted diversity during crossover. At each
generation, the algorithm estimates a convergence level for every decision variable from the reduction
of population dispersion and maps it to a dimension-specific jumping rate. When a dimension becomes
over—-converged, a Cauchy perturbation is applied with higher probability, encouraging re-exploration;
otherwise the operator is suppressed to avoid unnecessary disruption. We evaluate the proposed method
on the GTOPX benchmark suite and compare it with ISHACDE in terms of solution quality and
robustness across repeated runs. Additional analyses of convergence curves and dimension-wise
jumping-rate dynamics illustrate how ADCP mitigates stagnation without sacrificing late-stage
refinement.

B keywords : Space mission trajectory optimization ; Multiple-gravity-assist ; Differential evolution ; Adaptive
dimension-wise Cauchy perturbation
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Algorithm 1 ISHACDE ADCP
Require: Objective function f{x), bounds b, ub, population size NP, dimen
ston D, max generations T, learning rate o, fixed std o5, 00, JR g0, JH 0 K
Ensure: Dest solution x,,.,
Initialization:
Generate initial population |x‘] NP uniformly in [lb ub|
Evaluate f(x") for all i; set x§,,, = argmin; f(x?)
Set (pre, pre, s, prea) < 05, (o, pore) + 0.5
Set o (L1, oy 0.1
(ADCP) Initialize per-dimension statisties:
for _1 1 I:J D do
NE o
‘ o W i1 Fiy
of e \Jp T (e, T
JRE' — J Ruin
end for
fort=0t0T—1do
(ADCP) Update per-dimension jumping rates (once per gener-
ation):

i =142
of—y/#r Z.=1(-r-u —zP

L

CL, H(:liplu_”(l - ?17:’_;*)
st

JRY ¢ J Runin + (T Bunax — d Rusia) - =iyt
end for
Initialize success sets SFy, SFy, SFs, SFy «+ 0; SCry, SCra + @
fori—=1io NP do
Randomly select mutually distinet indices ry, 72,73 € {1 ...... rP}\{i}
if fixl,) < f(x}) then
C(llldml Dﬂ,i'mml fo-best /1 phase (Algorithm 2).
else
Conduet DE/current-to-best /1 phase (Algorithm 3).
end if
end for
Update best: x,':ﬁl[ £ arg min; f{xi"’l}
for kide — 1 t04 do
if SFiige # 0 then
Pk — (1 — c)ppid. + - LenvmerMean(SFLa. )
end if
end for
for jidr = 1 to 2 do
if SCrjia: # 0 then
Hevjids 4 (1 — €)perside + ¢ - MEAN(SCTi:)
end if
end for
end for
return xl_.,,,

Algorithm 1. M| otst= LE|Fe| SAlZE

rl

1
mean; ﬁi;xw, )
1 Az
stddev ﬁi:1(x”—mean )
ol ADCP+= 27| ¥+¥At stddev? A g
H =} stddevt?/] H) &< o] §ato] U =9 =z

& gev) 2ol Aoa.

Hold 5% CLI7F Z7K, ol

A FRENES rn. o

2 3 A%

Algorithm 2 DE/rand-to-best/1 Phase (with ADCP crossover)
Fy + SampLel (ppy, op); Fa +— SAMPLEF (g, o)
Cr +— SAMPLECR{ i1, 0oy )
Vit %y + Pi(Xiew — x1,) + Palxr, — x1,)
u! +— ADCPBinoMmiaLCrossovER(x! v Cr JR! )
u! + BounpRerar(u, Ib, ub)
if f[u ] < J’[ ;) then
Leud
SF  SPU {F}; SF, + SE, U{FR)}
807+ 5Cr U{Cr}
else
xt+!

end if

t
+ x!

Algorithm 2. H|tst= i1z &2
DE/rand—to-best/1 EHA|

Algorithm 3 DE/current-to-best /1 Phase (with ADCP crossover)
Fy + SAMPLEF (jips, op); Fy ¢ SAMPLEF (jtpa, a8)
Cr — SAMPLECR(Jicrye, 0y )
vi e X+ Falxg, — xi) + Falx, —x,)
u§ +— ADCPBivomiaLCrossover(x!, vi, Cr, JR! 7)
u! + BounpReraik(u!, Ib, ub)
if f[u‘] < f( 1) then
e ul
S’F, SJ‘T‘ U{F); 5F « SFU{F}
SCrs +— S5Cr2 L) {Fr}

else
xbH!

“x

end if

Algorithm 3. | etsh= *.T’_EIESI

DE/current—to-best/1 EtA
Algorithm 4 ADCP-based Binomial Crossover
Require: target vector x!, mutant vector v!, crossover rate Cr, per-dimension
jumping rates JR' {.L’?' ,,,,,, TRL), CéLIIIle seale y (default (.1)
Ensure: trial vector ul
Choose fena ~ W41, ..., D}
for j =1 to D do
Ty~ L0, 1)
if ry < Cvor § = jrana then
uj v,
else
ra ~ (0, 1)
if g < JR;; then
;= CavenyRann(z ;. )

else
uf ;e
end if
end il
end for
return u:

Algorithm 4. ®|otst= Lzl o8 WRE o4 AKX}

JRt lemln (JRmaX - JRmin)

017]}\1 JRmin, JRmaxJE XE‘I]E éjl-%g] _%]Z,\‘/_%]EH%)\'O]
H, k= S7F 549 7l€7l% F4dsh= shol ¥ et
HEolt} o] YulolE= AU 135] s d.

(2) ADCP [t olgt WA} o4 £kA}

WA el o3, ISHACDE®] #7] 3 whe} il
A O O B2 OnpollM AE"E 0 AHSE
q’. l‘jd q—% jrande{lr“aD}% ?j]‘qli }l\j_Eu‘lé]--T—,‘;
7t 244 joll tiel ok A OR trial WEE A
Fi
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x! otherwise

¥

o 7|4 randc(m,s)+= location m, scale s& 2+
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pp—1—c)pup+c o mean_L(Sy) (1)
,uc,.e(l—c)u(hﬁrc « mean_A (Sc*r)

7|14 e stEEolY. ISHACDE-ADCPl A &=
9 NS (B F, Fy Fy O Cry) Z42F] e M=
Oe A JAdS AHEet SyAoR Fasin
AA A= Algorithms 14 Fe|2 gokg )
Algorithm 1-& At BHE 25 Holw 2z} At
oA () AL 2t AR FEFES Alts)
A JrjE AN H, () AA 7]
winner—to-best ¥ o](Algorithms 2 - 3)& o] Ml
& At o] % (i) o3} waf A oA ol
HE 7} AEEA v A dis) Jr{ o o
Cauchy 455 82 oz ] (Algorithm 4)5}o]
W 2] AFAS fFEshal, e R (iv)

ge dd 9 gFele s vus 438 3

T R

2 Aol E ASF AA HA S FAY A
g s s7]1 918 GTOPX wlx|wh=[12]
o  wd  HH(space trajectory
optimization, SMTO) 4| 7/H& AF&3Fith
GTOPX+= AA| 75 7|¥te = & Bk 14
A7 EAER AR, ZF EA0 AAW 2
(D)3} Ak 24 F(m)= B3 2ot
* Cassinil (D=6, m=4)

e Cassini2 (D=22, m=0)

*  Messenger(reduced) (D=18, m=0)
*  Messenger(full) (D=26, m=0)

* GTOCI1 (D=8, m=6)

Rosetta (D=22, m=0)

Sagas (D=12, m=2)

Aot 7%l ISHACDE-ADCPS] &35 23]
A7) flall, vl e darelso 2 ADCP7F
AgtE A e Y ISHACDEE AHE-siitt.
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E 1. Motste &z(En v gug|Ee Ms "ot Zof
ISHACDE-ADCP ISHACDE
F D m

Mean FEV (Std. Dev.)

Mean FEV (Std. Dev.)

—+— ISHACDE-ADCP

Cassini 6 4 1.323et01 (3.975e+00) 1.325e+01 (4.078e+00)
Cassini2 2 0 2.017e+01 (3.500e+00) 2.075e+01 (2.600e+00)
Messenger (reduced) 18 0 —6.411e+05 (1.497e+05) -6.287e+05 (1.236e+05)
Messenger (full) 26 0 1.54%e+01 (1.531e+00) 1.478e+01 (1.430e+00)
GTOCH 8 6 1.760e+01 (2.854e+00) 1.641e+01 (2.601e+00)
Rosetta 0 4.206e+00 (1.771e+00) 5.835e+00 (2.205e+00)
Sagas 12 2 5.458e+07 (3.088e+07) 6.487e+07 (2.600e+07)

(a) Cassini2 (b) Messenger (reduced) (c) Messenger (full)

175 —+— ISHACDE-ADCP 18
—#— ISHACDE

Best fitness

—+— ISHACDE-ADCP —+— ISHACDE-ADCP
—+— ISHACDE —»— ISHACDE

y y 0.0 02
Generation / max_gen

(d) GTOCT

Generation / max_gen

(e) Rosetta

0.6 08 10 0.0 0.2 0.4 0.6 08 1.0
Generation / max_gen

(f) Sagas

2 3. GTOPX 2HE & 3 2kt Xfo|7} 2Hab=l 671 2H|(Cassini2, Messenger(reduced), Messenger(full), GTOCT,
2t

=
M2 3038 =7 Ado|A best-so-far fitnessel &atS LIERH D,

SYE AIRR HIE LIEKHCE JI2E2 HstEl Mo H]2(Generation/max_gen), MZ%2 best fitness(log10)0/ k.,

ISHACDE-ADCP+= 1.a} @Al A vk xpl =
AEE W d ADCP 45 AuHon A g,

RE 4ge AW ¥ P 9%
MaxFE=20,0000.% A3, 7HA« =27]
NP=2002 34 2 daeZe 484
4e geka] A9 BAY 208 59 59
W, 7} Agl A Qe AE el &
Watol EAH oz vwatgk
ISHACDE ¥4 sfo]¥ a2} e = ISHACDE ¢
R RS RGO AFIH, up D e B 05
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rE
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a2
ok
4y
N
o
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Ak Agg S8 Ee dagsel F4 wHdE
WAS Agetgion HdEr E23E WUHAR
Flo)v= Y3t 2ol A oasink:

)= f(2)+wX" ymax(0, — g;(z)) (12)
o714 we TR ARSI olE S ()
feasible &&= HAFF o= vlaE i, (i)
infeasible <= $Wkekel] vl #H|sto] &e]stA 3715
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o] Ft FFEPA ol gho] #AerE 3}
th EoAME o W Fdaks #5A ZAEA
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2 olojd F &5 sttt o= AL
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° o

PN
Ta=
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| 7k

A=y
el BAHGE, ol

A REAdol kst 3 2] =
heavy-tail 549 Cauchy A&°] B4 IS
7Falshe thal A8 7k AxE g ¢ JSS 9

1% 32 670 GTOPX ZAlol thaf] Aldh o]
2 best-so-far A= +H FME vlugt}
teES Aarstd Al vjEoln, MRS best
fitnessE& 21 AALRZ FAISHATHE, GTOCI
Z7] WY ghol Wi A A 2ALRE ANA). 7} =
e FdwelH, 9 A9 1 HEIQR)S YEL

3t A S 1ol § ket A e A
Tkl FAJste}, ojul [SHACDE-ADCPE %
A A Tk AAE ghsteb F4ARI S
fFresteE e wolt) Cassini2e 27 54 %
T fFARIY SHk o] & ISHACDEZF A4l &

Hol= whA [SHACDE-ADCP+ Y S best
fitness®= 714 7o) A &H ). Rosettadl A=
ISHACDE?} plateaudl 7}7b2 $itgh 2448 Hol
= 5¢F ISHACDE-ADCP7} $-8b74A] 81738 4
sto] HF 9 ol H 9A YERd T Sagasel
M= $9k 740 A ISHACDE-ADCP7} 4% $-4]
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St 59 Fol AdiF o 7 AR Al &
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