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Abstract – Trajectory design for icy moon explo-
ration in highly perturbed environments such as the
Jovian system requires explicit treatment of uncer-
tainties, particularly during repeated close flybys
that demand precise targeting and safety guaran-
tees. This work presents a sequential covariance
steering approach based on the SCvx* algorithm to
design simultaneously optimal transfers and an asso-
ciated trajectory-correction policy while probabilisti-
cally guaranteeing safety constraints under statistical
uncertainties. Two convex formulations are imple-
mented and compared within the same framework:
a block Cholesky method and a full covariance ap-
proach. At each flyby, B-plane geometric targeting
constraints are imposed while a safety chance con-
straint ensures a minimum flyby altitude with high
probability even under complete loss of control au-
thority. To reduce the number of active maneuvers,
an ℓ1,p regularized sparsification algorithm is intro-
duced, inspired by recent developments in hands-off
covariance steering. The approach is demonstrated
on representative Jupiter–Europa transfers in the
Circular Restricted Three-Body Problem (CR3BP)
and validated through nonlinear Monte Carlo simu-
lations which confirm the robustness of the transfers
when reintroducing the full nonlinear stochastic dy-
namics.

I. INTRODUCTION
Among the most compelling targets in the search for hab-
itable environments beyond Earth are the icy moons of
the outer Solar System, whose frozen crusts and sub-
surface oceans suggest conditions potentially favorable
to life [1]. In particular, Europa has emerged as a pri-
mary scientific focus, motivating dedicated exploration
campaigns such as NASA’s Europa Clipper mission [2].
Meeting the associated science objectives demands a se-
quence of close flybys and intricate transfers carried out
within a strongly perturbed multi-body environment.
From an operational standpoint, repeated-flyby tours in
the Jovian or Saturnian systems are intrinsically challeng-
ing. The combination of multi-body gravity, highly non-
linear dynamics driven by frequent close encounters, and

hostile environmental conditions (e.g., radiation) makes
trajectories extremely sensitive to even small dispersions.
In this scenario, maneuver execution and navigation er-
rors can amplify across successive encounters, leading
to missed observation opportunities and, in the worst
case, to unsafe flyby geometries and potential surface
impacts at later encounters. Communication delays and
constrained visibility windows further motivate a design
philosophy in which robustness and onboard autonomy
are necessary for mission success.
Traditional mission design typically starts from determin-
istic reference trajectories and addresses uncertainty a
posteriori through heuristic margins and extensive navi-
gation analyses. In contrast, this work incorporates statis-
tical uncertainty directly into the mission design process
by combining chance-constrained control with sequen-
tial convex programming (SCP) in a tractable covariance
steering formulation. Stochastic Optimal Control (SOC)
approaches based on SCP have already been applied to
nonlinear space mission problems [3–6], naturally lead-
ing to covariance steering (CS) formulations in which
both the mean trajectory and the state dispersion are ex-
plicitly controlled under chance constraints [7].
Despite these advances, the literature still lacks a se-
quential covariance steering framework specifically tai-
lored to icy moon multi-flyby trajectory design, where
repeated close encounters and probability of impact (PoI)
requirements must be handled within a unified optimiza-
tion setting.
This work addresses that gap by developing a chance-
constrained sequential covariance steering framework
for robust trajectory design in representative Jupiter–
Europa transfers. In addition, the framework is extended
by promoting sparsity of the control maneuvers using
a strategy based on hands-off covariance steering [8].
While this approach has been recently introduced and
demonstrated on representative test cases, this paper ap-
plies it, to the best of the authors’ knowledge, for the first
time to a relevant space mission design problem involv-
ing nonlinear dynamics.
The paper is organized as follows: Section II introduces
the mathematical model. Section III gives an overview
of the scenario and the design of the deterministic refer-
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ence trajectories. Section IV presents the complete for-
mulation of the chance-constrained trajectory optimiza-
tion problem. Section V reports the numerical results.
Finally, Section VI summarizes the main findings and
outlines possible future developments.

II. MATHEMATICALMODEL
This section introduces the mathematical model adopted
in this work. First, the B-plane representation used for
flyby targeting and probabilistic impact assessment is re-
called. Then, it reports the equations of motion and the
dynamical models utilized for the selected application.
A. B-Plane Definition
The B-plane provides a compact geometric representa-
tion of a hyperbolic flyby and is widely used for en-
counter targeting, uncertainty mapping, and impact-risk
analysis. This representation is especially convenient be-
cause the encounter geometry can be described by the
components of the B-plane vector along the R̂ and T̂ di-
rections:

b(x) =
[
bR bT

]⊤
. (1)

In this paper, B-plane coordinates are used both for flyby
targeting and for probabilistic impact requirements. For
the latter purpose, it is convenient to work with the
scaled B-plane coordinates, thus an impact corresponds
to ∥b∥2 < Rmoon [9]. The reader is referred to [10] for
the complete derivation of the B-plane parameters used
in this work.
B. Equations of Motion
Let the spacecraft state vector be denoted by x ∈ Rnx

and the control vector by u ∈ Rnu . In the present appli-
cation, the state is expressed in Cartesian coordinates and
collects spacecraft position and velocity. The equations
of motion for spacecraft orbital dynamics under control
are expressed as a control-affine system:

ẋ = f(x,u, t) = f0(x, t) +Bu(t), B =

[
03×3

I3

]
(2)

where f0(·) denotes the uncontrolled dynamics and B
maps the control acceleration or impulse into the velocity
components of the state.
In this work, the control action is modeled as a finite
sequence of impulsive maneuvers. In particular, uk ≡
∆vk denotes the impulsive velocity increment applied
at the prescribed maneuver epoch tk, with k ∈ ZN−1

0 :

u(t) =

N−1∑
k=0

uk δ(t− tk) (3)

where δ(·) denotes the Dirac delta function and N is the
planning horizon of the control input opportunities. The
impulsive control model is naturally aligned with the se-
lected application [11].

C. Dynamical Model
The Jupiter–Europa Circular Restricted Three-Body
Problem (CR3BP) is adopted as the dynamics model to
capture the key multi-body effects driving same-body
transfers. The equations of motion are written in nondi-
mensional form in a rotating frame, using the standard
CR3BP scaling, where the uncontrolled dynamics f0(·)
is given by [12]:

f0(x) =

[
v

fa(x)

]
, fa(x) =


2ẏ +

∂Ω

∂x

−2ẋ+
∂Ω

∂y
∂Ω

∂z

 . (4)

The pseudo-potential function Ω is

Ω(x, y, z) =
1

2
(x2 + y2) +

1− µ
r1

+
µ

r2
, (5)

where

r1 =
√

(x+ µ)2 + y2 + z2, (6a)

r2 =
√

(x− 1 + µ)2 + y2 + z2, (6b)

µ =
m2

m1 +m2
(6c)

and m1 and m2 are the Jupiter and Europa masses, re-
spectively.

III. SCENARIO ANDREFERENCE TRAJECTORIES
This section introduces the mission scenario considered
in this work and summarizes the deterministic reference
trajectories used to support the chance-constrained SCP
framework developed in the subsequent section.
The considered case study is representative of the science
phase of NASA’s Europa Clipper mission, which relies
on a sequence of close Europa flybys with highly ellipti-
cal Jupiter-centered orbits. In this paper, the analysis is
restricted to a subset of the Europa science campaign of
the 21F31 baseline tour [13], focusing on ballistic same-
body transfers. Specifically, two representative phases
are considered: (i) non-resonant arcs within the petal ro-
tation segment, where alternating 1:4+ and 1:5− pseudo-
resonant legs rotate the line of apsides while minimizing
the accumulated radiation; and (ii) resonant arcs within
the crank-over-the-top (COT-1) segment, consisting of
1:6 resonant transfers. The orbital and physical parame-
ters of the Jupiter-Europa system adopted for the consid-
ered scenario are summarized in Table 1.
A. Deterministic Reference Generation in the CR3BP
Two deterministic reference trajectories are constructed,
a non-resonant one and a resonant one. In both cases,
the reference spans two complete petals: it starts imme-
diately after a Europa flyby, evolves through the two sub-
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Table 1. Orbital and physical parameters

Jupiter - Europa CR3BP parameters
Length Unit [km] 671051.2
Velocity Unit [km/s] 13.74
Time Unit [s] 48839.2
Europa gravitational parameter [km3/s2] 3200.99
Jupiter gravitational parameter [km3/s2] 1.2669 × 108

Mass ratio of Jupiter–Europa system [-] 2.5266 × 10-5

Europa radius [km] 1564
Jupiter radius [km] 69911

sequent close encounters, and terminates at the follow-
ing apocenter. The generation procedure follows the ap-
proach described in [14] and consists of three main steps:

1. Patched-conic initialization: compute an initial
guess with the patched-conic approximation consis-
tent with the desired phasing (non-resonant) or res-
onance (resonant) conditions.

2. Mapping to the CR3BP: convert the flyby condi-
tions into rotating-frame initial states and propagate
the CR3BP dynamics to obtain a nearly periodic
arc.

3. Differential correction and continuation: en-
force periodicity matching conditions and a pre-
scribed Jacobi constant via a forward-backward
shooting differential correction approach. Then, by
applying a simple numerical continuation strategy,
the solution converges to an operationally meaning-
ful closest-approach altitude.

The non resonant transfer has a total time of flight of
TOF = 39.4 days while the resonant trajectory presents
a total orbital duration of TOF = 53.4 days. The
resulting deterministic references provide dynamically
consistent nominal trajectories that preserve the targeted
flyby geometry. They serve as the baselines for dynam-
ics linearization, uncertainty propagation, and probabilis-
tic constraints enforcement in the subsequent chance-
constrained SCP framework.

IV. CHANCE-CONSTRAINED SEQUENTIAL
COVARIANCE STEERING

This section presents the chance-constrained sequential
covariance steering framework adopted to design ro-
bust multi-flyby transfers under uncertainty. A chance-
constrained control approach is selected as it allows han-
dling unbounded distributionswhile enforcing safety and
operational requirements with a prescribed confidence
level [15]. An overview of the proposed architecture is
shown in Fig. 1.
Themethod explicitly incorporates both the force and the
uncertainty models and computes statistically optimal

nominal trajectories by directly embedding chance con-
straints into the formulation, while minimizing a statis-
tical objective. Both nominal trajectory and flight-path
control (FPC) policies π0:N−1 are optimized through a
sequential convex programming (SCP) algorithm, which
iteratively solves tractable convex subproblems [16].
On board, the feedback control policy πk is uploaded to
the flight computer, where a Kalman filter estimates the
state x̂k from the measurements yk, and produces the
control actionuk required to execute the safe transfer [6].
The final solution is assessed through nonlinear Monte
Carlo simulations, where the full nonlinear stochastic dy-
namics and uncertainty sources are reintroduced.
The section first outlines the original stochastic optimal
control problem. It then introduces the tractable covari-
ance steering reformulation obtained by parameterizing
the FPC policies and propagating uncertainty through lin-
earized covariance dynamics.
A. Original Stochastic Optimal Control Problem
The original stochastic optimal control problem is first
presented in its original nonlinear form.

Uncertainty Models. The stochastic formulation ac-
counts for the main uncertainty sources encountered in
deep-space missions. In this work, uncertainty is mod-
eled through: (i) initial state dispersion due to orbital in-
sertion errors, (ii) maneuver execution errors modeled
through the Gates model [17], (iii) stochastic accelera-
tions capturing dynamical mis-modeling and unmodeled
perturbations, and (iv) orbit determination (OD) or navi-
gation uncertainty.
Collecting the previous uncertainty sources, the space-
craft dynamics is modeled as a set of stochastic differen-
tial equations (SDEs):

dx = [f(x,u, t) +B ũ(t)] dt+G(x) dw(t), (7)

where f(x,u, t) = f0(x, t) + Bu. f0(·) denotes the
natural dynamics modeled with the CR3BP, ũ(t) repre-
sents the maneuver execution error mapped into the state
dynamics through the input matrixB. Stochastic acceler-
ation due to dynamicmis-modeling can be naturallymod-
eled by a Brownian motion: G(x) dw(t), where G(·)
is the intensity of disturbances and dw(t) is a standard
Brownian motion vector. The Brownian motion is ap-
proximated by discrete-time white noisewk with a zero-
order hold over a small time step t ∈ [tk, tk + ∆tk) as
[18]:

G(x) dw(t) = Gk(x)
1√

∆tWN
wk, (8)

where ∆tWN denotes the time discretization step for ap-
proximation of SDE with white noise and Gk is the dis-
cretized stochastic disturbances matrix.

Statistical objective function. A standard objective in
trajectory optimization is the total control effort. In the
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Fig. 1: Statistical trajectory optimization under uncertainty scheme

stochastic setting, however, the closed-loop control is it-
self a random variable because of the feedback policy.
Therefore, this work minimizes the 99%-quantile of the
closed-loop impulsive control effort,

J =

N−1∑
k=0

Q∥uk∥2
(p = 0.99), (9)

whereQX(p) denotes the quantile of the randomvariable
X evaluated at probability p. This metric is commonly
referred to as ∆V99 in space mission design.

Constraints. The constraints considered in this study
include both path and terminal requirements. Since state
and control are subject to uncertainty, constraints are
treated stochastically through chance and distributional
formulations. The following constraints are imple-
mented within the considered scenario:

1) Control chance constraint: the maneuver magnitude
is limited with 99.9 % confidence:

P [∥uk∥ ≤ umax] ≥ 1−ϵu, k = 0, · · · , N−1 (10)

2) Terminal distributional constraint: the final state dis-
tribution is shaped by constraining its mean and covari-
ance:

E [x(tf )] = x̄f , Cov[x(tf )] ⪯ Pf (11)

3) Maximum covariance constraint: to limit dispersion
growth and preserve the validity of linearized covariance
propagation, a bound on the covariance is imposed, in-
cluding at the closest-approach instants:

Cov[xk] ⪯ Pmax, k = 0, · · · , N (12)

4) B-plane and TCA targeting constraint: rather than en-
forcing a full-state matching at each flyby, targeting is
imposed in the B-plane. This solution reduces the nonlin-
earities given the linearized mapping [10]. In this work,
the mean trajectory is constrained to match the target B-
plane coordinates and the time of closest approach (TCA)
both extracted from the reference transfer.

b(x̄FB) = b̄target, tCA(x̄FB) = t̄CA, target (13)

5) B-plane safety chance constraint: to enforce planetary
protection compliance, a safety chance constraint is in-
troduced to guarantee impact avoidance even under com-
plete loss of maneuverability. For a selected set of nodes
along the second half of each petal, i.e., after the apoc-
enter until the subsequent flyby, the trajectory is prop-
agated ballistically from the assumed loss of control in-
stant to the closest approach, and a probabilistic lower
bound is imposed on the B-plane miss distance:

P [∥bj∥2 ≥ ρsafe] ≥ 1− εim (14)

where bj denotes the B-plane vector for the j-th final
maneuver before the loss of maneuverability and ρsafe is
the minimum safe miss distance (set to the Europa ra-
dius) and εim is the allowable impact probability which
is selected as 0.1% [19]. This constraint ensures that,
with probability at least 1− εim, the spacecraft’s closest
approach distance remains above the prescribed safety
threshold even without corrective maneuvers.
The original formulation of the developed chance-
constrained optimal control problem can be described as
follows:

Problem 1 (Original Chance-Constrained Control Prob-
lem). Find the nominal trajectory x∗(t), u∗(t) and the
control policies π0:N−1, that minimize the cost function

30th International Symposium on Space Flight Dynamics
1–5 June 2026, Toulouse, France.



(9) subject to the dynamical constraint (7), path chance
constraints (10, 14), maximum covariance constraint
(12), terminal constraint (11) and targeting constraint
(13) under a sequence of FPC policies informed by the
state estimates in Eq. (12) of [6].

B. Tractable Formulation via Covariance Steering
The original problem is generally intractable, as rigorous
uncertainty quantification through nonlinear dynamics
would be computationally prohibitive. To solve the orig-
inal SOC problem via sequential convex programming,
the dynamics is linearized about the current reference tra-
jectory at each SCP iteration. Under the assumption of
Gaussian-distributed uncertainties and locally linear dy-
namics, the evolution of the state distribution is repre-
sented through its first two moments, namely mean and
covariance [6].
Therefore, the chance-constrained stochastic optimal
control problem is reformulated via sequential linear co-
variance steering to control both the nominal trajectory
and the state dispersion, while minimizing the statistical
cost metric and satisfying the mission constraints.
In this work, an affine version of the control policy is
considered :

uk = ūk +Kk(x̂k − x̄k) (15)

where x̄k and ūk denote the nominal state and control,
x̂k is the state estimate provided by a Kalman filter and
Kk is a feedback gain matrix.
C. Covariance Steering Formulations
Two covariance steering formulations are implemented
and compared in this work, as this direct comparison has
not been thoroughly addressed in the existing literature.
Both rely on the affine feedback policy introduced above,
but differ in the way the state covariance evolution is pa-
rameterized and convexified.
The first one is the block Cholesky (BC) formula-
tion. This approach leverages a block lower-triangular
Cholesky factor of the covariance matrix, obtained by
shaping it after stacking the state and the control statis-
tics [16]. In compact form, the stacked covariance can
be written as:

PX = P
1/2
X

(
P

1/2
X

)⊤
, (16)

where P
1/2
X denotes the Cholesky factor of the co-

variance associated with the complete state history.
This parameterization makes several chance constraints
tractable in convex form, since they can be expressed
through affine functions of the Cholesky factors. How-
ever, the resulting formulation involves large linear ma-
trix inequalities (LMIs), whose size grows rapidly with
the number of discretization nodes becoming computa-
tionally expensive [20].

The second one is the full covariance (FC) approach. In
this case, the covariance matrices are introduced explic-
itly as decision variables at each node Pk.
The covariance propagation is then handled through
a lossless convexification based on auxiliary variables.
The procedure for lossless convexification is defined as
follows: denote by P̂k the covariance of the state esti-
mate, introduce the variables:

Uk := KkP̂k, Yk := UkP̂
−1
k U⊤

k , (17)

and finally impose the LMI[
P̂k U⊤

k

Uk Yk

]
⪰ 0. (18)

After the optimization, one can recover the feedback gain
matrix asKk = UkP̂

−1
k .

This procedure yields a formulation that is computation-
ally less demanding than the block Cholesky approach.
A further advantage of the full covariance formulation
is that it naturally supports feedback on the latest state
estimate, whereas block Cholesky implementations typi-
cally rely on feedback policies on the state estimate his-
tory [21]. The main drawback is that some chance con-
straints become nonlinear functions of the covariance
variables and therefore require additional convexifica-
tion techniques within the SCP loop.
Rearranging the state and control variables with the two
approaches, it is possible to write the probabilistic con-
straints in Sec. IV.A in a deterministic and convex form.
Here, two deterministic and convex upper bounds of the
objective function in (9) are presented for the two for-
mulations:

JBC
0 (z) =

N−1∑
k=0

[
∥ūk∥2 +mχ2(ε, nu)∥P 1/2

uk
∥2
]

(19a)

JFC
0 (z) =

N−1∑
k=0

∥ūk∥+mχ2(ε, nu)
√
λmax(Yk)

+ ϵY tr(Yk)

(19b)

where mχ2(ε, nu) denotes the square root of the quan-
tile function of the chi-squared distribution with nu de-
grees of freedom evaluated at probability 1 − ε. These
bounds are minimized in place of the original cost func-
tion for tractability purposes. For complete details of
the two formulations (BC and FC), the reader is referred
to [16, 21], respectively. In this paper, both are imple-
mented for comparison, while the full covariance formu-
lation is adopted as the baseline for the hands-off exten-
sion.
D. Solution Method via SCvx*
After reformulating the original non-convex problem in a
convex form as explained above, it is solved using a SCP
framework. In particular, this work adopts the SCvx* al-

30th International Symposium on Space Flight Dynamics
1–5 June 2026, Toulouse, France.



gorithm [22] which is based on a sequential convexifi-
cation loop with an outer update of the Lagrange multi-
pliers, effectively following the augmented Lagrangian
(AL) method. The SCvx* algorithm is demonstrated to
globally converge to a feasible local optimum of the orig-
inal problem with a linear convergence rate of the La-
grangemultipliers, which take care of penalizing the con-
straints violations. The statistical cost function is there-
fore augmented with the penalty term weighted by the
Lagrange multipliers λ and µ introduced in Eq. (52) of
[21] and presented also in [23].
The convex subproblem is then solved at every iteration
of the loop. The procedure is repeated until convergence
in both feasibility and optimality metrics is achieved.
Denoting by z the collection of decision variables,
including nominal states, controls, feedback gains,
covariance-related variables, and slack variables, the
generic convex subproblem solved at each iteration can
be written as:

Problem 2 (Convex subproblem).

min
z, ξ, ζ≥ 0

Jaug(z, ξ, ζ) := J0(z) + Jpen(ξ, ζ)

s.t. g̃(z) = ξ, h̃(z) ≤ ζ, ζ ≥ 0,

gaffine(z) = 0, hcvx(z) ≤ 0,

∥z − z̄∥∞ ≤ ∆(k).

Here, g̃ and h̃ are the linearized nonconvex equality
and inequality constraints, respectively. The trust-region
constraint limits the validity region of the local approx-
imation and mitigates artificial unboundedness. To ad-
dress artificial infeasibility, two slack variables are in-
troduced: ξ relaxes a subset of the equality constraints
(dynamics and B-plane targeting), while ζ relaxes a sub-
set of the inequality constraints (B-plane safety chance
constraint). After each accepted step, the reference tra-
jectory, trust-region radius, and Lagrangian multipliers
are updated according to the SCvx* procedure.
E. Hands-Off Covariance Steering
In practical mission operations, each correction maneu-
ver introduces costs beyond propellant consumption, in-
cluding operational overhead and attitude reorientation
for thruster alignment. For this reason, it is often de-
sirable to minimize not only the total control effort but
also the number of active control interventions, leading
to sparse control profiles in which many maneuver op-
portunities are left unused.
Building on the full covariance steering formulation, this
work integrates the iteratively reweighted ℓ1,p (IRL1P)
framework proposed by Kumagai and Oguri [8] to pro-
mote group sparsity in the feedback component of the
correction policy. This choice is motivated by the nu-
merical evidence that, in the considered scenario, the
feedback term represents the dominant contribution to
the overall trajectory correctionmaneuver (TCM) profile.

Practical modifications are introduced to improve the
sparsity-promotion performance in the considered set-
ting while retaining compatibility with the SCvx* inner
loop used to solve the convex subproblems. A flowchart
summarizing the resulting nested procedure, composed
of an outer IRL1P loop and an inner SCvx* loop, is pro-
vided in Fig. 2. The main modifications are reported in
the following.
At the l-th outer iteration, the augmented objective of the
full covariance subproblem is modified as

Jaug = J0(z) + Jpen(ξ, ζ) + ψ

N−1∑
k=0

w
(l)
k ∥Uk∥F , (20)

whereψ > 0 is a regularization parameter controlling the
sparsity promotion andUk is the full covariance auxiliary
variable introduced in Section IV.C. Unlike the original
formulation, where the regularization is imposed on Yk,
this work regularizes Uk, which was found to improve
sparsity in the considered application.
The reweighting coefficients are updated from the recov-
ered feedback gains as

w
(l+1)
k =

1

∥K(l)
k ∥F + ε

, w
(1)
k = 1, (21)

where ε > 0 is a small user-defined parameter. This up-
date assigns larger penalties to maneuvers whose feed-
back gains are already small, progressively driving neg-
ligible correction actions toward zero.
Since numerical optimization generally leaves small
residual gains rather than exact zeros, a thresholding
mechanism is introduced. If the feedback gain at a ma-
neuver opportunity satisfies

∥Kk∥F < δth, (22)

then the corresponding correction action is deactivated.
Once amaneuver is nullified, it is kept inactive in the sub-
sequent outer iterations, allowing the sparsity pattern to
progressively stabilize. Finally, in the hands-off config-
uration, the B-plane safety chance constraint is enforced
on every maneuver opportunity within each petal up to
the subsequent flyby, with the exception of the first one,
instead of being restricted to the second half of the petal
as in the baseline formulation. This modification is mo-
tivated by the sparsification process which nullifies sev-
eral maneuvers. With the resulting sparse profile, ap-
plying the safety constraint over the entire petal remains
tractable and yields a more realistic design approach.
F. Nonlinear Monte Carlo Simulation
After the optimization, the solution is verified through
nonlinear Monte Carlo (MC) simulations, following the
methodology originally proposed by Oguri and Lantoine
[16]. Due to the nonlinearity of the simulation, an ex-
tended Kalman filter (EKF) replaces the Kalman filter
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Fig. 2: Flowchart of the hands-off covariance steering algorithm

(KF) for the filtering process. Moreover, state propaga-
tion is performed by integrating the full nonlinear SDEs
in (7) under optimized control policies while taking into
account the uncertainties introduced in Sec. IV.A.

V. NUMERICALRESULTS
This section reports the numerical results of the non-
linear Monte Carlo simulations (NMC = 500 samples)
performed on the proposed chance-constrained trajec-
tory optimization framework for the two representative
transfers. The convex subproblems are modeled using
YALMIP [24] and solved with the MOSEK solver [25].
The SCvx* parameters are the same as the ones reported
in [21] for both covariance steering formulations investi-
gated in this work.
A. Uncertainty Modeling
The operational uncertainties introduced in the nonlinear
MC simulations include initial dispersion, OD error, ma-
neuver execution error, and unmodeled dynamics mod-
eled as a stochastic force. The initial state dispersion and
initial estimate error are modeled as:

P̂−
0 = blkdiag(σ2

r0I3, σ
2
v0I3), (23a)

P̃−
0 = blkdiag(σ2

obs,rI3, σ
2
obs,vI3) (23b)

The target distribution in (11) and the maximum covari-
ance in (12) follow an analogous structure.
The OD process is modeled as a full-state observa-
tion f obs(xk) = xk with Gaussian noise: Gobs =
blkdiag(σobs,rI3, σobs,vI3)which represents the naviga-
tion or OD error. In the adopted setup, OD updates and
impulsive maneuver opportunities are scheduled at the
same discretization nodes, approximately once per day.
The stochastic acceleration is modeled as G =
[03×3, σaI3]

⊤ with σa = 1× 10−11 km/s3/2, consistent
with previous CR3BP and planetary applications [16, 21].
In the MC validation, the nonlinear SDEs are integrated
using a finer discretization, with each segment subdi-
vided into 1000 intervals, yielding an effective white-
noise update interval ∆tWN ∼ 1.5 min in (8). For the
maneuver execution error, only the proportional magni-
tude and pointing errors of the Gates model are consid-
ered. The uncertainty parameters are drawn from pre-
vious work on the Europa Clipper mission [11]; in this
work, they are intentionally inflated with respect to the

original values to highlight the approach robustness. Ta-
ble 2 and Table 3 summarize the uncertainty and con-
straint parameters for the block Cholesky and full covari-
ance formulations, respectively.

Table 2. Uncertainty and constraint parameters for BC
Quantity Symbol Value Unit
Initial dispersion (pos.) σr,0 100 m
Initial dispersion (vel.) σv,0 10 mm/s
Initial est. error (pos.) σobs,r 3 m
Initial est. error (vel.) σobs,v 0.1 mm/s
Terminal dispersion (pos.) σr,f 300 km
Terminal dispersion (vel.) σv,f 10 m/s
Max. cov. (pos.) σr,max 500 km
Max. cov. (vel.) σv,max 100 m/s
Flyby max. cov. (pos.) σr,FB 1-5 km
Flyby max. cov. (vel.) σv,FB 0.1-1 m/s
Exec. error (prop. mag.) σ2 0.33 %
Exec. error (prop. point.) σ4 6.67 mrad
Stochastic acceleration σa 10−11 km/s3/2
Max. control magnitude umax 10 m/s
Risk bound (control) ϵu 10−3 –
Risk bound (safety) ϵim 10−3 –

Table 3. Uncertainty and constraint parameters for FC
Quantity Symbol Value Unit
Initial dispersion (pos.) σr,0 100 m
Initial dispersion (vel.) σv,0 10 mm/s
Initial est. error (pos.) σobs,r 30 m
Initial est. error (vel.) σobs,v 1 mm/s
Terminal dispersion (pos.) σr,f 100 km
Terminal dispersion (vel.) σv,f 10 m/s
Max. cov. (pos.) σr,max 500 km
Max. cov. (vel.) σv,max 100 m/s
Flyby max. cov. (pos.) σr,FB 1 km
Flyby max. cov. (vel.) σv,FB 0.1 m/s
Exec. error (prop. mag.) σ2 0.33 %
Exec. error (prop. point.) σ4 6.67 mrad
Stochastic acceleration σa 10−11 km/s3/2
Max. control magnitude umax 5 m/s
Risk bound (control) ϵu 10−3 –
Risk bound (safety) ϵim 10−3 –

30th International Symposium on Space Flight Dynamics
1–5 June 2026, Toulouse, France.



For the block Cholesky case, slightly looser bounds on
flyby and terminal covariance constraints, and lower
navigation uncertainty were required to achieve conver-
gence.
B. Case 1: Non-resonant transfer
In the first scenario, block Cholesky and full covariance
formulations are compared in terms of solution quality
and constraints satisfaction. Fig. 3 and Fig. 5 report the
MC trajectories (gray) with the target covariance (red)
while Fig. 4 and Fig. 6 show the control maneuvers his-
tory throughout the transfer.
The comparison highlights a consistent advantage of the
full covariance approach. It yields a lower ∆V budget
and maintains tighter uncertainty control, whereas the
block Cholesky formulation exhibits poorer covariance
propagation, leading to larger dispersions both along the
transfer and at the final node. The maximum covariance
constraint is fundamental to keep the dispersion within a
region where linearized uncertainty propagation remains
meaningful. An alternative would be to implement the
adaptive mechanism proposed in [26, 27] to regulate un-
certainty growth by explicitly limiting local nonlinearity,
which may improve the propagation of covariance, espe-
cially for the BC approach. Moreover, the full covari-
ance formulation is significantly more computationally
efficient, with a total solving time of about 1minute com-

Fig. 3: MC trajectories on xy-plane for block Cholesky

Fig. 4: Control profile: nominal (black), MC samples
(gray) for block Cholesky

Fig. 5: MC trajectories on xy-plane for full covariance

Fig. 6: Control profile: nominal (black), MC samples
(gray) for full covariance

pared to approximately 7minutes for the block Cholesky
approach.
Finally, the results also reveal that both covariance steer-
ing formulations tend to produce dense maneuver sched-
ules, which are undesirable. This motivates the hands-
off covariance steering extension introduced in Sec-
tion IV.E, whose results are reported in the following.
Fig. 7 exhibits the sparser TCM schedule retrieved from
the hands-off covariance steering optimization.
As shown in Fig. 8, the final node dispersion satisfies
the prescribed target-covariance constraint: both with
the predicted and actual 99.9% statistics, confirming that
sparsity promotion does not compromise the assump-

Fig. 7: Control profile for hands-off covariance steering
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Fig. 8: State dispersion at the final node for hands-off
covariance steering

tions on the linear covariance propagation.
The impact-avoidance role of the B-plane safety chance
constraint is highlighted in Fig. 9 and 10. When the
safety constraint is enforced in the optimization (Fig. 9),
the predicted 99.9% covariance region and the Monte
Carlo samples, propagated ballistically under nonlinear
stochastic dynamics from the last maneuver before the as-
sumed loss of control authority to the subsequent flyby,
remain outside the impact boundary, confirming satis-
faction of the prescribed PoI requirement. In contrast,
when the safety constraint is removed in the optimiza-
tion (Fig. 10), the distributions violate the impact sur-
face, demonstrating that explicit inclusion of the B-plane
safety constraint is essential to obtain a trajectory that is
safe with respect to the Europa surface impact at flyby.
The results are reported for the worst-case scenario of
loss of control authority, corresponding to the failure oc-
curring at the furthest node from the second Europa flyby,
namely the first node where the safety constraint is ap-
plied.

Fig. 9: B-plane miss distance with the safety constraint
with MC samples (black) at the second Europa flyby

Fig. 10: B-plane miss distance without the safety con-
straint at the second Europa flyby

C. Case 2: Resonant transfer
For the resonant transfer case, the results are reported
only for the full covariance formulation combined with
sparsity promotion and are shown in Fig. 11, Fig. 12 and
Fig. 13.

Fig. 11: MC trajectories on xy-plane for the resonant
transfer (full covariance with sparsity promotion)

Fig. 12: Control profile: nominal (black), MC samples
(gray) for resonant transfer (full covariancewith sparsity
promotion)
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Fig. 13: B-plane miss distance with the safety constraint
with MC samples (black) at the second Europa flyby

As in the previous case, the full covariance formulation
with sparsity promotion successfully satisfies the termi-
nal covariance and the B-plane safety constraints despite
the longer time of flight and amplified sensitivity to un-
certainties. The total ∆V99 is comparable to the one of
the non-resonant case after sparsification. However, in
the non-sparsified scenario, the resonant case presented
a higher total ∆V99 mainly due to the increased feedfor-
ward effort required to enforce the safety constraint over
the longer arcs. Sparsity promotion concentrates the cor-
rection effort into roughly four impulses per petal, yield-
ing a greater sparsity level than in the non-resonant case
while still reducing the total ∆V99 with respect to the
non-sparsified solution.
Table 4 summarizes the main quantitative results across
the two case studies, including the predicted and Monte
Carlo ∆V99, the number of active maneuvers, and the
computational performance of each formulation. The
∆V UB

99 is the convex upper bound on the 99th percentile
of the closed-loop control effort, used as objective func-
tion in the convex subproblem 2; theMC∆V99 is instead
obtained empirically as the 99th percentile of the total
∆V across the Monte Carlo samples. As it can be no-
ticed, the resulting ∆V99 of the BC approach is substan-
tially larger than the one obtained with full covariance.

Table 4. Summary of the numerical results. BC stands
for the block Cholesky approach, FC for the full
covariance method, HO for hands-off covariance

steering.

Case Non res. Non res. Non res. Res.
Formulation BC FC FC + HO FC + HO
∆V UB

99 [m/s] 39.13 1.75 1.13 1.21
∆V MC

99 [m/s] 33.40 1.51 0.88 0.94
Active TCMs 35 35 12 10
CPU time ∼7 min ∼1 min ∼3 min ∼3.5 min
SCvx* iter. 15 14 36 34

VI. CONCLUSIONS
This work demonstrates a chance-constrained trajectory
design workflow for Europa multi-flyby transfers under
realistic operational uncertainty. By combining sequen-
tial convex programming with covariance steering, the
framework generated statistically robust nominal trajec-
tories and feedback policies that satisfy B-plane target-
ing and PoI requirements, as confirmed through nonlin-
ear Monte Carlo validation. While baseline solutions
tended to have dense TCMs schedules, hands-off co-
variance steering effectively converted them into oper-
ationally plausible maneuver plans by concentrating the
∆V budget into fewer, well-separated TCMs while pre-
serving probabilistic guarantees.
Overall, the proposed methodology provides a computa-
tionally tractable and practically effective approach for
robust multi-flyby design under uncertainty. One of
the most important direction for future work is to im-
prove dispersion modeling in strongly nonlinear regimes
moving beyond the Gaussian assumption by adopting
non-Gaussian covariance steering approaches. Among
others, possible developments are: to enhance the nav-
igation process with a more realistic model, to move
to higher-fidelity dynamical models, and to further re-
fine the sparsity promotion algorithm. Further progress
toward operational use will require improved verifica-
tion and validation, including comparisons with higher-
fidelity feedback strategies to better quantify perfor-
mance and limitations.
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