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Abstract – This paper presents a chance-constrained
covariance steering framework for safe autonomous
proximity operations around small bodies under nav-
igation uncertainty, maneuver execution errors, and
unmodeled accelerations. The method combines lin-
ear covariance steering with sequential convex pro-
gramming to jointly design nominal transfers and
affine trajectory correction policies, while satisfying
probabilistic and passive-safety constraints. Passive
safety is guaranteed in off-nominal scenarios by re-
quiring ballistic trajectories after a missed-thrust
event (MTE) to remain outside a keep-out zone with
prescribed probability over a continuous-time safety
horizon. Two objective formulations are compared:
the first minimizes the statistical fuel cost through the
Δ𝑉99 metric, while the second minimizes a convex
bound on nonlinear dynamical effects using higher-
order dynamical information from State Transition
Tensors (STTs). The framework is applied to rep-
resentative transfers between Periodic and Resonant
Terminator Orbits around asteroid (99942) Apophis
and validated through nonlinear Monte Carlo simu-
lations. Results show that both formulations satisfy
the passive-safety requirements, while the minimum
nonlinearity cost improves coherence between linear
covariance predictions and nonlinear sample statis-
tics in highly nonlinear regimes, with only a limited
increase in fuel consumption.

I. INTRODUCTION
Close-proximity operations around small bodies are in-
fluenced by highly nonlinear dynamics and uncertainties
that can perturb the spacecraft’s nominal trajectory. Au-
tonomy and robustness in these regimes are especially
crucial due to the long ground communication delays
and the fast dynamics. In this context, several works
have previously addressed autonomous small-body ex-
ploration, including autonomous mission architectures
and navigation strategies [1–3], as well as robust hover-
ing and close-proximity guidance under uncertainty [4–
6]. Trajectory design under uncertainty around small
bodies has been investigated through terminator-orbit
transfers minimizing covariance and energy [7], chance-

constrained robust guidance [8], stochastic primer-vector
theory [9], and onboard trajectory refinement for au-
tonomous mapping campaigns [10].
Stochastic optimal control and chance-constrained co-
variance steering have emerged in the literature as
promising tools for robust trajectory optimization under
operational uncertainties. Chance-constrained control
enables safety requirements to be imposed probabilisti-
cally, which is particularly suitable when the uncertainty
sources are modeled through unbounded distributions,
e.g. Gaussians [11, 12]. Recent works have combined co-
variance steering with sequential convex programming
(SCP) for robust trajectory design in nonlinear astrody-
namics environments, an approach referred to as sequen-
tial covariance steering, including applications to cislu-
nar transfers and interplanetary mission design [13–15].
However, its application to small-body proximity opera-
tions remains largely unexplored.
This paper designs safe and autonomous science-orbit
transfers around small bodies by applying sequential co-
variance steering, simultaneously designing robust nom-
inal trajectories and feedback control policies, to prob-
abilistically guarantee safety under navigation uncer-
tainty, maneuver execution errors, and unmodeled accel-
erations. Moreover, safety under temporary loss of con-
trol authority is explicitly guaranteed by constraining off-
nominal ballistic trajectories following a missed-thrust
event (MTE) to remain outside a predefined safety re-
gion with high probability.
Two stochastic optimization strategies are compared.
The first minimizes the statistical fuel cost through the
Δ𝑉99 metric [11, 14]. The second introduces a con-
vex bound on nonlinear dynamical effects using higher-
order dynamical information from State Transition Ten-
sors (STTs) and semi-analytical measures of nonlinear-
ity [16], with the objective of reducing the mismatch be-
tween linearized covariance predictions and the actual
nonlinear behavior [17].
The proposed framework is demonstrated with two repre-
sentative Apophis transfers between a Periodic Termina-
tor Orbit (PTO) and a Resonant Terminator Orbit (RTO),
and validated via nonlinear Monte Carlo simulations.
The paper is structured as follows: Section II defines
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the model for the spacecraft dynamics, Section III for-
mulates the optimal chance-constrained problem and out-
lines the solution method via sequential convex program-
ming, Section IV showcases the numerical results. Fi-
nally, Section V summarizes the main findings of this
work.

II. DYNAMICS MODELING
This paper considers spacecraft orbital dynamics under
impulsive control. Let 𝒙 = [𝒓⊤, 𝒗⊤]⊤ ∈ ℝ6 and 𝒖 ∈ ℝ3

denote the Cartesian state and control vectors, respec-
tively, the equations of motion are modeled as a control-
affine system:

̇𝒙 = 𝒇0(𝒙, 𝑡) + 𝐵𝒖(𝑡), 𝒖(𝑡) =
𝑁−1
∑
𝑘=0

𝒖𝑘 𝛿(𝑡 − 𝑡𝑘) (1)

where 𝒇0(⋅) represents the uncontrolled orbital dynamics,
𝐵 = [03×3; 𝑰3]maps the impulsive control action into the
velocity components, and 𝛿(⋅) denotes the Dirac delta
function. The control sequence is therefore represented
by a finite set of impulsive Δ𝑣 maneuvers 𝒖𝑘 applied at
prescribed maneuver epochs 𝑡𝑘 , 𝑘 = 0, … , 𝑁 − 1 [11].
The natural dynamics 𝒇0(⋅) are modeled using the
Augmented Normalized Hill Three-Body Problem
(ANH3BP), which describes the motion of a spacecraft
in the vicinity of a small body under the combined
effects of the small-body gravity, solar gravity, and
solar radiation pressure (SRP) [18]. In the normalized
asteroid-centered Hill frame, the ANH3BP equations of
motion are given by:

̈𝑥 = 2 ̇𝑦+3𝑥− 𝑥
𝑟3 +𝛽, ̈𝑦 = −2 ̇𝑥− 𝑦

𝑟3 ̈𝑧 = −𝑧− 𝑧
𝑟3 , (2)

where 𝑟 = ‖𝒓‖ and 𝛽 is the nondimensional SRP param-
eter, measuring the relative strength of solar radiation
pressure with respect to the small-body gravitational at-
traction [18]. The ANH3BP admits a rich set of bounded
solutions and periodic orbits, including Sun-stabilized
terminator orbits [18–21].
In this work, the departure and arrival science orbits are
selected from the families of Periodic Terminator Orbits
(PTOs) and Resonant Terminator Orbits (RTOs). PTOs
are obtained by correcting frozen terminator orbit solu-
tions into periodic orbits through differential correction
and numerical continuation, following the procedures
described in [19, 22]. RTOs are then identified from
period-multiplying bifurcations of the PTO family, de-
tected through the eigenvalues of the monodromy ma-
trix, and corrected through multiple-shooting differen-
tial correction [21–23]. In particular, this paper consid-
ers transfers from a PTO to a 6∶1 RTO around asteroid
(99942) Apophis, selected as a representative small-body
proximity-operations scenario, consistent with similar
science-orbit operations planned for NASA’s OSIRIS-
APEX mission [24].

III. METHODOLOGY
This section summarizes the methodological framework
adopted in this paper. The core architecture is illustrated
in Figure 1, which outlines the safe autonomy guidance
and control framework adopted in this work [11].
A chance-constrained optimal control problem is solved
on the ground using sequential convex programming, in-
corporating models of the spacecraft dynamics, uncer-
tainties, and mission constraints to compute safe nom-
inal trajectories and associated linear feedback control
policies. The resulting policies are validated via nonlin-
ear Monte Carlo simulations and subsequently uploaded
onboard. During flight, the spacecraft estimates its state
through the onboard navigation filter and applies impul-
sive control actions to safely execute the transfer.
A. Original Chance-Constrained ProblemFormulation
This paper formulates the science-orbit transfer under un-
certainty as a stochastic optimal control problem, incor-
porating uncertainty arising from i) initial Gaussian state
dispersion, ii) maneuver execution errors with the Gates
model, iii) navigation uncertainty, and iv) unmodeled ac-
celerationsmodeled as a Brownianmotion, following the
procedure outlined in [11, 14].
The initial state is modeled as a Gaussian random vari-
able, while maneuver execution errors are represented as
stochastic control perturbations obtained with the Gates
model [25]. The navigation process is modeled as a fil-
tering process conditioned on all past measurements, so
that the control policy is based on the uncertain estimated
states coming from the solution of the orbit determina-
tion (OD) problem.
To express the spacecraft dynamics, a set of nonlinear
stochastic differential equations (SDEs) is adopted [11]:

d𝒙 = [𝒇 (𝒙, 𝒖, 𝑡) + 𝐵 ̃𝒖 ] d𝑡 + 𝐺(𝒙)d𝒘(𝑡)
𝒇 (𝒙, 𝒖, 𝑡) = 𝒇0(𝒙, 𝑡) + 𝐵𝒖 (3)

where 𝒇0(⋅) denotes the natural dynamics modeled with
the ANH3BP [18], ̃𝒖 represents the maneuver execution
error, d𝒘(𝑡) ∈ ℝ𝑛𝑤 is a standard Brownian motion, and
𝐺(𝒙) maps the Brownian motion to the dynamics of the
system.
This paper models the problem in the form of a chance-
constrained control problem [11–13], which aims at find-
ing a sequence of control policies that minimize a proba-
bilistic cost while satisfying a set of statistical constraints
with a user-defined confidence level. Chance constraints
are defined as [11, 26]:

ℙ [𝑔(𝒙, 𝒖, 𝑡) ≤ 0] ≥ 1 − 𝜖, (4)

where 𝜖 is a user-defined risk tolerance (e.g., 𝜖 = 0.01
for 99% confidence). This paper considers path chance
constraints both in discrete and continuous-time formula-
tions, while terminal conditions are imposed as distribu-
tional constraints, requiring the final state distribution to
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Fig. 1: Safe autonomy framework for chance-constrained guidance and control [11, 14].

match a prescribed target mean 𝒙𝑓 and to remain below
a desired terminal covariance 𝑃𝑓 :

𝔼[𝒙𝑁] = 𝒙𝑓 , Cov[𝒙𝑁] ⪯ 𝑃𝑓 (5)

The original chance-constrained control problem can be
stated as follows:
Original Chance-Constrained Problem Find the
nominal trajectory ̄𝒙∗(𝑡) and the control policies
𝜋𝑘(⋅), ∀𝑘 = 0, … , 𝑁 − 1 that minimize a statistical cost,
subject to the nonlinear SDEs Eq. (3) and satisfying the
path chance constraints Eq. (4) and terminal constraints
Eq. (5), informed by the filtering process Eq. (12) of
[11].
B. Convex Reformulation via Block Cholesky Linear

Covariance Steering
To solve the originally intractable stochastic problem via
sequential convex programming, the nonlinear SDEs Eq.
(3) are discretized into 𝑁 nodes and linearized about the
reference state and impulsive control {𝒙∗(𝑡), 𝒖∗(𝑡)} at
each SCP iteration. Under the assumption of locally lin-
ear dynamics and Gaussian uncertainties, the evolution
of the state distribution can be characterized entirely by
its mean and covariance [11].
Following the same procedure, also the observation pro-
cess Eq. (11) of [11] is linearized and a Kalman filter
is used to sequentially update the state estimate. Linear
covariance steering is then utilized to control both the
nominal trajectory and the state distribution, while min-
imizing the statistical cost. The control policy 𝜋𝑘(⋅) is
modeled as affine in the estimated state, as [11]:

𝒖𝑘 = ̄𝒖𝑘 + 𝐾𝑘 ( ̂𝒙𝑘 − ̄𝒙𝑘) , (6)

where ̄𝒖𝑘 and ̄𝒙𝑘 denote the nominal control and state
sequences, 𝐾𝑘 are linear feedback gains, and ̂𝒙𝑘 is the
state estimate provided by the Kalman filter.
This work uses a block-Cholesky linear covariance steer-
ing formulation to propagate the filtered state dynamics
and express covariance constraints in a convex form, en-
abling efficient solution via SCP [11, 14].

The filtered state-estimate dynamics are written in com-
pact block-matrix form as:

𝑿̂ = 𝐴 ̂𝒙−
0 + 𝐵𝑼 + 𝐶 + 𝐿 ̃𝒀, (7)

where 𝑿̂ collects the estimated states, 𝑼 collects the con-
trol inputs, ̃𝒀 is the innovation process, 𝐴, 𝐵, 𝐶 are the
linear system matrices and 𝐿 contains the a priori calcu-
lated Kalman gains. Readers are referred to [11] for a
complete derivation of the block matrices. The affine
output-feedback policy is also written in block-matrix
form as:

𝑼 = 𝑼̄ + 𝐾𝒁, 𝒁 = 𝐴 ( ̂𝒙−
0 − ̄𝒙0) + 𝐿 ̃𝒀, (8)

where 𝐾 = blkdiag(𝐾0, … , 𝐾𝑁−1) is the feedback gain
matrix and 𝒁 contains the evolution of the stochastic pro-
cess given by Eq. (38) in [11]. By applying the expec-
tation operator, it is possible to derive the nominal state
and control histories, as [11]:

𝑿̄ = 𝔼[𝑿̂] = 𝐴 ̄𝒙0 + 𝐵𝑼̄ + 𝐶, 𝑼̄ = 𝔼[𝑼]. (9)

where ̄𝒙0 denotes the initial nominal state.
To derive the covariance matrices of the state and control
evolution, let:

𝑆 = Cov[𝒁] = 𝐴𝑃̂−
0 𝐴⊤ + 𝐿𝑃 ̃𝑌 𝐿⊤, (10)

where 𝑃̂−
0 is the initial state-estimate covariance and 𝑃 ̃𝑌

is the covariance of the innovation process. Then, by
applying the Cholesky factors it is possible to obtain
the state-estimate and control covariances at node 𝑘, ex-
pressed as:

𝑃̂1/2
𝑘 = 𝐸𝑥𝑘 (𝐼 + 𝐵𝐾) 𝑆1/2, 𝑃1/2𝑢𝑘 = 𝐸𝑢𝑘 𝐾𝑆1/2, (11)

where 𝐸𝑥𝑘 and 𝐸𝑢𝑘 are extraction matrices for the
state and control at node 𝑘, respectively, and 𝑆1/2 =
[𝐴𝑃̂1/2

0− 𝐿𝑃1/2
̃𝑌 ]. The full state covariance is then re-

trieved as 𝑃𝑘 = 𝑃̂𝑘 + 𝑃̃𝑘 , where 𝑃̃𝑘 is the covariance
of the navigation error propagated by the Kalman filter.
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In this paper, the decision variables of each convex sub-
problem are the nominal state and control sequences:

𝑿̄ = [ ̄𝒙⊤
0 … ̄𝒙⊤

𝑁]⊤ , 𝑼̄ = [ ̄𝒖⊤
0 … ̄𝒖⊤

𝑁−1]⊤ , (12)

together with the feedback gains {𝐾𝑘}𝑁−1
𝑘=0 .

Since the Cholesky factors of the state and control covari-
ance matrices are all affine functions of the optimization
variables, as shown in [11], it is possible to write proba-
bilistic constraints on the control magnitude and terminal
covariance in deterministic convex form.
In particular, a maximum control magnitude chance con-
straint is imposed as:

ℙ [‖𝒖𝑘‖2 ≤ 𝑢max] ≥ 1 − 𝜖𝑢, (13)

and it is reformulated using the chi-square quantile as:

‖ ̄𝒖𝑘‖2 + 𝑚𝜒2(𝜖𝑢, 𝑛𝑢) ∥𝑃1/2𝑢𝑘 ∥2 ≤ 𝑢max, (14)

where 𝑃𝑢𝑘 is the control covariance and 𝑚𝜒2(𝜖𝑢, 𝑛𝑢) de-
notes the square root of the chi-square quantile with 𝑛𝑢
degrees of freedom evaluated at probability 1 − 𝜖𝑢.
Using the block-Cholesky formulation, the terminal con-
straints Eq. (5) are expressed in deterministic convex
form. The terminal mean constraint becomes

𝐸𝑥𝑁 (𝐴 ̄𝒙0 + 𝐵𝑼̄ + 𝐶) − 𝒙𝑓 = 0, (15)

where𝐸𝑥𝑁 is amatrix defined to extract the terminal state.
The terminal covariance constraint is imposed through
the Cholesky factor of the terminal covariance as

∥(𝑃𝑓 − 𝑃̃𝑁)−1/2 𝐸𝑥𝑁 (𝐼 + 𝐵𝐾) 𝑆1/2∥
2

− 1 ≤ 0, (16)

where 𝑃̃𝑁 is the terminal estimation-error covariance
propagated by the Kalman filter.
C. Continuous-Time Passive Safety Chance Constraint
This section defines the methodology adopted to enforce
passive safety guarantees in the event of a loss of control
authority during the autonomous science-orbit transfer,
conceptually illustrated in Figure 2.
Following a missed-thrust event (MTE) at each dis-
cretization node 𝑘, the corresponding post-maneuver dis-
tribution is propagated ballistically over a safety time
horizon and required to remain outside a predefined keep-
out zone (KOZ) around Apophis.
The passive safety requirement is imposed as a
continuous-time chance constraint on the ballistic distri-
bution,

ℙ [‖𝒓(𝑡)‖2 ≥ 𝑟safe] ≥ 1−𝜖safe, ∀𝑡 ∈ [𝑡𝑘 , 𝑡𝑘+𝑡safety] (17)

where 𝑟safe = 400 m is the KOZ radius, 𝜖safe is the allow-
able safety-constraint violation probability, and 𝑡safety =
7 days is the duration of the passive-safety horizon.

Departure Arrival

MTE
occurs

N
om

inal

trajectory

KOZ

Off-nominal
post-maneuver
distribution

Fig. 2: Conceptual illustration of the proposed safety
framework.

To prevent inter-sample violations and ensure
continuous-time satisfaction of the safety require-
ment, a convex continuous-time chance constraint is
formulated, building on the procedure outlined in [27].
First, an instantaneous penalty function is defined as:

Λ(𝑡) ≜ max (0, 𝑟safe − [‖ ̄𝒓(𝑡)‖2−

𝑚𝜒2(𝜖safe, 3) ‖𝑃1/2𝑟 (𝑡)‖2])
𝑛 (18)

where 𝑛 > 1 and 𝜖safe denotes the continuous-time pas-
sive safety risk bound.
Then, the spacecraft state is augmented with an auxiliary
scalar variable 𝑞(𝑡) accumulating safety violations,

̇𝑞(𝑡) = Λ(𝑡), ∀𝑡 ∈ [𝑡𝑘 , 𝑡𝑘 + 𝑡safety] 𝑞(𝑡𝑘) = 0 (19)

Equivalently, the ballistic dynamics are augmented as

̇𝒙aug(𝑡) = [𝒇0(𝒙(𝑡), 𝑡)
Λ(𝑡) ] , 𝒙aug(𝑡) = [𝒙(𝑡)

𝑞(𝑡)] . (20)

Since Λ(𝑡) ≥ 0 by construction, enforcing:

𝑞(𝑡𝑘 + 𝑡safety) = 0, ∀𝑘 (21)

is equivalent to requiring ∫𝑡𝑘+𝑡safety
𝑡𝑘 Λ(𝑡) d𝑡 = 0, which

guarantees continuous-time satisfaction of the passive
safety constraint over the entire safety horizon. In prac-
tice, this augmented continuous-time constraint is lin-
earized and discretized within the SCP loop over each
passive-safety propagation interval.
D. Cost Functions
Two different performance metrics are considered. The
first minimizes the statistical fuel cost in terms of the
99%-quantile of the control effort by minimizing the
Δ𝑉99 metric:

𝐽Δ𝑉99 =
𝑁−1
∑
𝑘=0

𝒬‖𝒖𝑘‖2(𝑝 = 0.99). (22)

Following the block-Cholesky covariance steering for-
mulation, this cost is conservatively upper bounded in
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deterministic convex form as [11, 14]:

𝐽Δ𝑉99 ≤
𝑁−1
∑
𝑘=0

[‖ ̄𝒖𝑘‖2 + 𝑚𝜒2(1 − 𝑝, 𝑛𝑢) ∥𝑃1/2𝑢𝑘 ∥2] (23)

The second formulation employs the cost proposed in
[17], which minimizes higher-order nonlinear errors ne-
glected by the first-order linearization, aiming at miti-
gating the main limitation of linear covariance steering.
Themotivation is that linear covariance steering relies on
locally linear dynamics and Gaussian uncertainty propa-
gation. In highly nonlinear regimes, such as those en-
countered around asteroids, these assumptions inevitably
break down and the actual nonlinear distribution may de-
viate from the distribution predicted by linear covariance
analysis.
To quantify this effect, the local nonlinear propagation
error is expressed from the Taylor expansion of the flow
map. Let 𝛿𝒙𝑘 denote the deviation from the reference
trajectory at node 𝑘. Using the Taylor series expansion
(TSE) around the nominal trajectory, the propagated de-
viation at node 𝑘 + 1 can be written as:

𝛿𝒙𝑘+1 = Φ(𝑡𝑘+1, 𝑡𝑘) 𝛿𝒙𝑘+
∞
∑
𝑚=2

1
𝑚! Φ(𝑚)(𝑡𝑘+1, 𝑡𝑘) (𝛿𝒙𝑘)𝑚

(24)
where Φ(𝑡𝑘+1, 𝑡𝑘) is the state transition matrix (STM)
and Φ(𝑚)(𝑡𝑘+1, 𝑡𝑘) denotes the 𝑚-th order State Transi-
tion Tensor (STT). Standard linear covariance steering
retains only the first-order STM term and neglects the
higher-order remainder:

ℛ(𝛿𝒙+
𝑘 ) =

∞
∑
𝑚=2

1
𝑚!Φ(𝑚)(𝑡𝑘+1, 𝑡𝑘) (𝛿𝒙+

𝑘 )𝑚 (25)

Let 𝛿𝒙𝑘 and 𝛿 ̃𝒙𝑘 denote the actual state deviation and
the deviation propagated through the linearized dynam-
ics, respectively. The nonlinear effects can be described
in terms of the discrepancy between these two deviations
[17]:

𝝐1 = 𝛿𝒙1 − 𝛿 ̃𝒙1 = ℛ0(𝛿𝒙0),
𝝐2 = 𝐴1ℛ0(𝛿𝒙0) + ℛ1(𝛿𝒙1),
𝝐3 = 𝐴2𝐴1ℛ0(𝛿𝒙0) + 𝐴2ℛ1(𝛿𝒙1) + ℛ2(𝛿𝒙2).

(26)

where 𝐴𝑘 denotes the linearized dynamics from 𝑡𝑘 to
𝑡𝑘+1. By extending this process to any future epoch 𝑡𝑘 ,
it is clear that the nonlinear error 𝝐𝑘 depends on the
remainder ℛ(⋅) at the current step, as well as all the
accumulated remainders from all previous steps. As
a consequence, nonlinear effects progressively accumu-
late along the trajectory, producing a significant mis-
match between the predicted linear covariance and the
actual nonlinear sample distribution.
Since the exact nonlinear remainder requires the use
of State Transition Tensors (STTs), it is non-convex in

the optimization variables. Following the approach pro-
posed in [17], convex upper bounds are introduced us-
ing induced tensor norms computed from the STTs [28].
The terms ‖𝒜ℛ(𝛿𝒙+

𝑘 )‖2, where 𝒜 = ∏𝑖 𝐴𝑖, are upper
bounded using the triangle inequality:

∥𝒜ℛ(𝛿𝒙+
𝑘 )∥2 ≤

𝑚∗

∑
𝑚=2

1
𝑚!𝑔𝑘(𝒜, 𝑚) ∥𝛿𝒙+

𝑘 ∥𝑚
2 (27)

where 𝑔𝑘(𝒜, 𝑚) denotes the 2-norm function of the
ℬ(𝑚) tensor, constructed as the product between 𝒜 and
Φ(𝑚)(𝑡𝑘+1, 𝑡𝑘) [17]:

ℬ(𝑚)
𝑗𝑖1𝑖2…𝑖𝑚(𝑡𝑘+1, 𝑡𝑘) = 𝒜𝑗𝑘 Φ(𝑚)

𝑘𝑖1𝑖2…𝑖𝑚(𝑡𝑘+1, 𝑡𝑘) (28)

In this work, only the dominant second-order contribu-
tion is retained to construct a tractable measure of non-
linearity, i.e. 𝑚∗ = 2.
Finally, it is possible to rewrite the upper bounds on the
nonlinear dynamical errors in block-matrix form, obtain-
ing Eq. (34) of [17]. The position and velocity compo-
nents of this bound are then separated, yielding the quan-
tities ̃𝜖𝑟,𝑘 and ̃𝜖𝑣,𝑘 , which are therefore convex upper
bounds of the semi-analytical nonlinear error measures.
It is important to note that the STT is computed alongside
the dynamics linearization process, meaning that 𝑔𝑘(⋅) is
a constant and can be calculated a priori at each SCP it-
eration using MATLAB’s Tensor Toolbox [29], reducing
significantly the computational burden.
The resulting minimum nonlinearity objective is

𝐽𝑁𝐿 = max
𝑘

[(1 − 𝜎) ̃𝜖𝑟,𝑘 + 𝜎 ̃𝜖𝑣,𝑘] , (29)

where 𝜎 = 0.5 is a scalar that balances position and ve-
locity contributions, attributing the same weight in this
work.
E. Solution Method via Sequential Convex Program-

ming
The original non-convex stochastic optimal control prob-
lem is solved using Sequential Convex Programming. At
each iteration, the problem is approximated by a convex
subproblem obtained by linearizing the nonlinear dynam-
ics and the non-convex constraints about the current ref-
erence trajectory, using a block-Cholesky formulation to
express covariance propagation and chance constraints
in convex form [14]. In particular, this work uses the
SCvx* algorithm [30], which embeds successive convex-
ification within an Augmented Lagrangian framework.
Lagrange multipliers and a quadratic penalty are intro-
duced for the relaxed constraints, providing theoretical
guarantees of convergence to a feasible local solution of
the original non-convex problem.
Starting from the deterministic reference trajectory, the
stochastic problem is linearized and discretized at each
iteration. To prevent artificial unboundedness caused
by linearization, trust-region constraints are imposed on
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Fig. 3: Block diagram overview of algorithmic solution via SCvx*

the decision variables 𝒁 = {𝑿̄, 𝑼̄, 𝑲}. To address arti-
ficial infeasibility, slack variables are introduced to re-
lax the selected constraints. The cost function is aug-
mented with penalty terms weighted by Lagrange multi-
pliers, which penalizes constraint violations. In particu-
lar, this paper uses the 1-norm penalty introduced in [31]:

𝐽𝑝𝑒𝑛(𝝃) = 𝝀(𝑗) ⋅ 𝝃 + 1
2𝑤(𝑗)𝝃 ⋅ 𝝃 + √𝑤(𝑗)‖𝝃‖1 (30)

The resulting finite-dimensional convex subproblem is
then solved to update the reference trajectory. The pro-
cess is repeated until convergence in both feasibility and
optimality is achieved. Figure 3 illustrates the overall
iterative structure of SCvx*.
At each iteration, the convex subproblem to be solved is
in the form:

min
𝒁,𝝃

𝐽𝑎𝑢𝑔(𝒁, 𝝃) = 𝐽(𝒁) + 𝐽𝑝𝑒𝑛(𝝀, 𝝃)

s.t. 𝒈eq,affine = 0, ̃𝒈eq,relaxed = 𝝃
𝒉cvx ≤ 0, ‖𝒁 − 𝒁ref‖∞ ≤ ΔTR,

Here, 𝒈eq,affine = 0 includes the linearized filtered state
dynamics and control constraints Eq. (9), 𝒉cvx ≤ 0 rep-
resents the control magnitude constraint Eq. (14) and
convex terminal covariance constraint Eq. (16), while
̃𝒈eq,relaxed collects the relaxed terminal mean Eq. (15) and
continuous-time passive safety constraints Eq. (21).

IV. NUMERICAL RESULTS
This section presents the numerical results obtained by
applying the previously introduced framework to two
PTO-RTO transfers around Apophis. The solutions are
validated through nonlinear Monte Carlo simulations
(𝑁MC = 500 samples) by propagating the full nonlinear
SDEs under the optimized control policies, following the
procedure proposed in [14].
To initialize the stochastic optimization, a deterministic
reference trajectory is first generated using an Adaptive-
Mesh sequential convex programming (AMSCP) frame-

work [32], which directly optimizes both impulsive ma-
neuvers and the time discretization. This approach
places the control actions at optimal epochs, approaching
as closely as possible the theoretical optimum provided
by Pontryagin’s Minimum Principle while retaining nu-
merical efficiency. Themethod enables the generation of
free-phase optimal trajectories from the departing PTO
to the arrival 6∶1 RTO with bounded time of flight, opti-
mizing the departure and arrival locations as well as the
transfer duration.
The convex subproblems are modeled in MATLAB us-
ing YALMIP and solved with MOSEK.
A. Multiple Revolution Transfer
The first case study involves a multi-revolution trans-
fer. The robust nominal trajectories for both optimiza-
tion strategies are showcased in Figure 4.
Although the nominal trajectories are geometrically sim-
ilar, the two solutions differ significantly in their control
structure, particularly in the trajectory correction maneu-
ver (TCM) policies, as shown in Figure 5. The minimum
Δ𝑉99 formulation primarily relies on nominal feedfor-
ward maneuvers, with limited feedback TCMs to reduce
the statistical fuel cost. In contrast, the minimum nonlin-
ear error solution introduces more aggressive TCMs to
actively control the dispersion and maintain it within the
locally linear and Gaussian regime.
As a consequence, in the minimum Δ𝑉99 case the non-
linear MC samples progressively deviate from the linear
prediction, leading to a terminal distribution that does
not fully satisfy the target statistics, as shown in Figure 6.
This discrepancy is the result of the accumulation of non-
linear effects in the ANH3BP dynamics, and the real
distribution quickly becomes non-Gaussian. Conversely,
the minimum nonlinear error mitigates these effects, re-
sulting in amuch closer agreement between the predicted
and sample terminal distributions.
This improved consistency is achieved at the expense of
a slightly higher fuel cost, although its increase remains
limited to a few mm/s, as shown in Table 1.
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Fig. 4: Robust nominal trajectories (Case Study 1).

Fig. 5: MC control magnitudes at discrete maneuver
epochs for Min. Δ𝑉99 and Min. NL strategies (Case
Study 1).

B. Fly-by Transfer
The second case study considers a flyby transfer with a
close approach to Apophis.
The robust nominal trajectories are showcased in Fig-
ure 7. In this case, the minimum Δ𝑉99 strategy results
in a higher and more conservative nominal flyby altitude,
due to the safety constraints and the larger dispersions as-
sociated with its solution. In contrast, the minimum non-
linear error solution allows a closer nominal approach.
The nonlinear Monte Carlo results for the nominal opera-
tions exhibit trends similar to Case Study 1 and are omit-
ted for brevity. Figure 8 shows the comparison between
the Monte Carlo trajectories obtained in open loop (i.e.,
with 𝐾𝑘 = 0 ∀𝑘) and in closed loop for the minimum
nonlinear error solution, highlighting the essential role
of TCMs for robust autonomous science-orbit transfers
under uncertainty. In the open loop case, the dispersion
grows significantly along the transfer, leading to large
deviations from the nominal trajectory, while the closed
loop simulation shows active regulation of the dispersion
through the feedback controls, maintaining the distribu-
tion within the locally linear regime and ensuring conver-
gence toward the target distribution.
In this case study, greater insight is obtained by analyz-
ing off-nominal scenarios, where MTEs are simulated at

Table 1. Monte Carlo Δ𝑉 statistics for minimum Δ𝑉99
and minimum nonlinear error objectives (Case Study 1).

Min. Δ𝑉99 Min. NL
Nominal Δ𝑉 [cm/s] 2.75 2.80
Mean MC Δ𝑉 [cm/s] 2.91 3.06
MC Δ𝑉99 [cm/s] 3.17 3.41

(a) With minimum Δ𝑉99

(b) With minimum nonlinear error

Fig. 6: State distribution at target node (Case Study 1).

each maneuver epoch. A separate off-nominal Monte
Carlo analysis is performed and the resulting ballistic tra-
jectories, propagated from each node over the full safety
horizon, are shown in Figure 9. Both strategies are effec-
tive in guaranteeing passive safety, with only minimal
KOZ violations exhibited by the minimum nonlinear er-
ror solution.
Although the minimum nonlinear error solution starts
from smaller post-maneuver covariances, the resulting
ballistic dispersion appears larger in the MTE simula-
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Fig. 7: Robust nominal trajectories (Case Study 2).

(a) Open Loop (i.e., 𝐾𝑘 = 0 ∀𝑘).

(b) Closed Loop (Min. NL).

Fig. 8: Open vs Closed Loop MC Trajectories (Case
Study 2).

tions. This is not due to higher uncertainty levels, but to
the structure of the control profile. The minimum Δ𝑉99
trajectory contains several nearly ballistic segments with
limited corrective action, so MTEs at those nodes have
minor impact and the overall deviations remain more
contained. This indicates that robustness to missed-
thrust events depends not only on covariance magnitude,
but also on the frequency of control actions. To this
end, introducing sparsity-promoting techniques [33, 34]
within theminimum nonlinear error framework to reduce
TCMs could provide a more favorable trade-off between
terminal distribution robustness and passive safety under
MTE scenarios.

(a) With minimum Δ𝑉99

(b) With minimum nonlinear error

Fig. 9: Ballistic trajectories after MTEs (Case Study 2).

V. CONCLUSIONS
A chance-constrained covariance steering framework
is applied to safe autonomous science-orbit transfers
around small bodies. The proposed formulation jointly
designs nominal impulsive trajectories and feedback tra-
jectory correction policies while enforcing terminal dis-
tribution constraints and continuous-time passive safety
guarantees against missed-thrust events. Numerical re-
sults for PTO–RTO transfers around Apophis show that
both tested objectives can successfully provide proba-
bilistic passive safety in case of loss of control authority.
Minimizing theΔ𝑉99 metric results in solutionswith lim-
ited corrective feedback and reduced control effort, but
the accumulation of nonlinear effects leads to significant
discrepancies between the predicted and actual state dis-
tributions. In contrast, minimizing the nonlinear errors
results in improved consistency between linear covari-
ance predictions and nonlinear Monte Carlo samples, at
the cost of a marginal increase in fuel consumption.
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APPENDIX
A. Uncertainty parameters
The uncertainty parameters used in the numerical sim-
ulations are summarized in Table 2. The initial state
distribution is modeled as 𝑃0 = 𝑃̂−

0 + 𝑃̃−
0 , where

the prior state-estimate covariance is defined as 𝑃̂−
0 =

blkdiag(𝜎2
𝑟,0𝐼3, 𝜎2

𝑣,0𝐼3) and the initial estimation-error
covariance is 𝑃̃−

0 = blkdiag((𝜎nav𝑟 )2𝐼3, (𝜎nav𝑣 )2𝐼3).
The target terminal distribution is defined as 𝑃𝑓 =
blkdiag(𝜎2

𝑟,𝑓 𝐼3, 𝜎2
𝑣,𝑓 𝐼3). For the minimum-Δ𝑉99 for-

mulation, a maximum covariance bound 𝑃max =
blkdiag(𝜎2𝑟,max𝐼3, 𝜎2𝑣,max𝐼3) is additionally imposed to
limit uncertainty growth and preserve the validity of the
local linear-Gaussian approximation. Maneuver execu-
tion errors are modeled through the Gates model, param-
eterized by fixed and proportional magnitude errors, 𝜎1
and 𝜎2, and fixed and proportional pointing errors, 𝜎3
and𝜎4. The navigation process is approximated as a full-
state observation with Gaussian noise, i.e., 𝑓obs(𝒙𝑘) = 𝒙𝑘
and 𝐺obs = blkdiag(𝜎nav𝑟 𝐼3, 𝜎nav𝑣 𝐼3). Unmodeled accel-
erations are represented as a stochastic acceleration act-
ing only on the velocity dynamics, with diffusion matrix
𝐺 = [03×3, 𝜎stoch√Δ𝑡 𝐼3]⊤ after time discretization. Fi-
nally, the control magnitude and chance constraints are
enforced with risk parameters 𝜖𝑢 and 𝜖safe, respectively.
B. SCvx* parameters
The SCvx* parameters adopted in the stochastic opti-
mization are briefly reported in this section. The feasi-
bility tolerance is set to 𝜖feas = 10−6, while the optimal-
ity tolerance 𝜖opt is selected depending on the objective
function: a value of 10−6 is used for the minimum-Δ𝑉99
formulation, while 10−4 is selected for the minimum-
nonlinearity formulation due to the higher computational
cost and numerical complexity. The step acceptance and
trust-region parameters {𝜂0, 𝜂1, 𝜂2} and {𝛼1, 𝛼2} are se-
lected as those in [14], as well as the augmented La-
grangian parameters 𝛽, 𝛾, 𝑤(1) and 𝑤max. The trust-
region radius is initialized at Δ(1) = 0.2 and constrained
between Δmin = 10−8 and Δmax = 1.
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