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Abstract

Repeated replanning from uncertain navigation estimates can produce unnecessary corrective manoeuvres. This paper develops
recurrent impulsive guidance for the approach from approximately 10 km to a 100 m handover in geostationary orbit. Every five
minutes, a policy uses the navigation solution, reported uncertainty and manoeuvre history to select a burn gate and a velocity
increment. A recoverability shield checks the thrust commands against a predicted braking manoeuvre with a four-standard-deviation
navigation margin. Dataset-aggregation imitation of an adaptive certainty-equivalent planner initializes the policy, and imitation-
regularized proximal policy optimization improves its fuel–time objective under randomized navigation errors and thruster faults.
Native Tudat evaluation includes Earth J2, lunisolar gravity and solar radiation pressure, with eighteen classical designs flying
matched missions. In nominal and combined-fault missions at navigation errors of 0.5–5 % of range, the policy achieves the lowest
mean fuel–time cost among the evaluated methods: 4–26 % below its adaptive teacher and 17–68 % below feedback guidance on
paired successful missions. Its mean propellant use over successful missions is lower than that of every classical design at each error
level. At 5 % error, nominal completion reaches 91.7 %, compared with 76.5 % for the teacher. The constraint audit records zero
violations in 22 800 test missions and five in 582 010 training episodes.

Keywords: Spacecraft rendezvous, far-range approach, safe reinforcement learning, run-time assurance, impulsive guidance,
imitation learning

1. Introduction

Autonomous on-orbit servicing requires a spacecraft to ap-
proach a client from kilometres away while respecting restric-
tions on approach direction and speed [1]. In the geostationary-
orbit (GEO) task considered here, the far-range phase connects
an initial separation of approximately 10 km to the 100 m han-
dover to close-range operations. The servicer must remain be-
hind the target, enter its vicinity through an approach corridor
and reduce its closing speed as the range decreases. Guidance
must accomplish this transfer with limited propellant while re-
sponding to navigation errors and changes in delivered thrust.

Navigation uncertainty makes the timing of a correction as
consequential as its magnitude. A noncooperative client can be
tracked through line-of-sight measurements, with range informa-
tion supplied by the relative motion. The ARGON and AVANTI
flight experiments demonstrated this form of navigation and
autonomous approach. ARGON reported a mean along-track
navigation error of about 1 % of the initial separation, while
AVANTI reported boresight accuracy of about 10 % of the cur-
rent separation [2–4]. These flight results motivate evaluating
guidance with range-dependent navigation errors. A certainty-
equivalent planner treats the resulting state estimate as the true
state when computing a manoeuvre. Repeated replanning there-
fore responds both to spacecraft motion and to changes in the
estimation error. This paper asks whether a policy trained with
navigation uncertainty can learn when to burn and how much
velocity increment to apply, improving the fuel–time cost of the
entire approach while its commands are checked for recoverabil-
ity.

Classical designs provide efficient solutions to the underly-

ing targeting problem. The Clohessy–Wiltshire (CW) model
[5] supports impulsive targeting and periodic replanning [1, 6];
glideslope guidance [6], artificial potential functions [7] and
model predictive control [8] provide feedback and constraint
handling. Disturbance observers estimate and compensate for
acceleration disturbances [9]. A dead band or longer replanning
interval reduces sensitivity to navigation fluctuations but delays
trajectory corrections. The design problem is therefore to select
burn timing and increments under uncertainty over a multi-hour
transfer.

Learning-based guidance has been applied to spacecraft prox-
imity operations [10, 11], docking [12] and adaptive guidance
[13]. Recent work brings learning and safety assurance closer to
operational rendezvous tasks. Van Wijk et al. [14] use discrete
control barrier functions within optimization-based run-time
assurance for learned spacecraft inspection. For far-range ren-
dezvous, Wijayatunga et al. [15] develop nominal trajectory plan-
ning and PPO guidance with safety and angles-only observability
considerations. Their policy selects a contraction parameter for a
convex optimization problem that computes corrective impulses.
Stephenson and Schaub [16] formulate shielded inspection using
impulsive velocity changes and selectable drift durations; their
action-projection shield preserves passive collision avoidance
under eccentric relative-motion dynamics.

Constrained policy optimization [17] and Lagrangian meth-
ods [18] incorporate constraint costs in learning, while shielding
[19] checks the actions issued by a policy. Backup-based run-
time assurance [20–22] and predictive safety filters [23] motivate
checking the continuation of a candidate command in addition
to its immediate effect. Dynamic model predictive shielding
[24] uses a local planner and learned value estimates to select



recovery actions that account for subsequent task reward. Game-
play filters [25] evaluate candidate actions through simulated
interactions between a learned safety policy and an adversarial
disturbance policy. For spacecraft proximity operations, Wijay-
atunga et al. [26] learn parameters and a residual barrier within
an input-constrained control-barrier-function formulation to im-
prove fuel use and recoverability.

Here, a navigation-conditioned policy allocates corrections
over a multi-hour GEO approach. The policy directly selects a
burn/coast gate and velocity increment at five-minute manoeuvre
opportunities. A fixed braking rule and five thrust blends supply
candidate commands, checked against the rear plane, approach
corridor and speed zone with navigation-dependent margins.
The learned quantities are thus mission-level corrections, cou-
pled to execution-level braking checks.

The contributions are:
1. A recurrent impulsive guidance formulation that directly

selects correction timing and magnitude from uncertain
navigation and manoeuvre history. Dataset aggregation
(DAgger) [27] supplies targeting actions from an adaptive
certainty-equivalent teacher; imitation-regularized PPO [28,
29] optimizes fuel–time cost over the complete approach.

2. A command-level recoverability shield that checks both
the next thrust interval and a subsequent braking seg-
ment against rendezvous geometry and speed constraints.
Matched ablations quantify the effect of this continuation
check relative to a one-step filter, a Lagrangian penalty and
unfiltered execution.

3. A matched native-Tudat evaluation against eighteen clas-
sical designs and the imitated policy, spanning exact and
uncertain navigation, actuator faults and starts near con-
straints. It quantifies fuel–time cost and mission comple-
tion across the tested regimes, with constraint violations
and shield exhaustion reported separately.

2. Problem formulation

The task is to guide a chaser from a kilometre-scale separation
to a close-range handover while balancing propellant and flight
time. Guidance uses an uncertain relative-state estimate and
commands thrusters whose efficiency, alignment and bias can
change during the approach. The formulation below defines the
dynamics available to the controller, the uncertainty encountered
by each mission, and the geometric and terminal conditions used
to evaluate the approach.

2.1. Relative dynamics
The target flies a near-circular geostationary orbit (a =

42 164 km, e = 10−4). The chaser state in the target local-
vertical local-horizontal (LVLH) frame is x = [r⊤, v⊤]⊤, with x
radial outward, y along the orbital velocity and z along the orbit
normal. For guidance design and training, the relative motion is
described by the CW equations with mean motion n,

ẍ − 2nẏ − 3n2x = ax + dx,

ÿ + 2nẋ = ay + dy,

z̈ + n2z = az + dz,

(1)

or ẋ = Ax + B(a + d), where a is the realized thrust acceleration
and d collects unmodelled accelerations. Commands are held
constant over the control interval ∆t = 1 s, and wherever a
prediction model is needed the exact zero-order-hold transition
of (1) is used,

x j+1 = Φx j + Γ(a j + d j),

Φ = eA∆t, Γ =

∫︂ ∆t

0
eAsB ds,

(2)

where j counts control steps. The test evaluation propagates
target and chaser in Earth-centred J2000 with native TudatPy
[30] integration (fixed-step fourth-order Runge–Kutta, 0.25 s):
Earth gravity with J2, point-mass gravity of Sun and Moon from
DE440 ephemerides, and cannonball solar radiation pressure
(SRP) with Earth shadow. The target has an area-to-mass ratio
of 0.015 m2/kg and Cr = 1.3; each chaser draws its own ratio in
0.005 m2/kg to 0.03 m2/kg and Cr ∈ [1.2, 1.5], so the differen-
tial SRP differs between missions. The epoch and the target’s
orbital phase are drawn per scenario. Guidance and the safety
layer use the CW transition throughout this evaluation, exposing
the closed loop to the dynamics mismatch between the training
and test models.

2.2. Thruster fault model
The commanded LVLH acceleration u, with ∥u∥ ≤ umax =

0.02 m/s2, is realized as

a = diag(η) R u + b, t ≥ t f , (3)

and a = u before the unknown onset time t f ∈ [0, 3 h]. The
per-axis efficiencies ηi ∈ [0.4, 1], the misalignment rotation
R (random axis, angle up to 5◦) and the constant bias ∥b∥ ≤
2 × 10−4 m/s2 are hidden from every controller; thrusters are
assumed held in the LVLH axes, so a per-axis efficiency loss both
shortens and deflects a burn. The out-of-distribution (OOD) test
scenario applies all three faults with extended ranges ηi ≥ 0.25,
angles up to 8◦ and ∥b∥ ≤ 4 × 10−4 m/s2.

2.3. Relative navigation
Every controller and the safety layer act on a navigation so-

lution x̂ = x + e, while the constraints and the handover are
evaluated on the true state. The position error per LVLH axis
has the standard deviation

σp(ρ) = 0.5 m + fρ, (4)

where ρ is the range and f the navigation-error level, the error as
a fraction of the range. On each axis i a unit second-order Gauss–
Markov process ξi with the natural frequency ωn = 2π/2 h and
the damping ζ = 0.7 sets the position and velocity errors,

ξ̈i + 2ζωnξ̇i + ω
2
nξi =

√︂
4ζω3

n νi(t),

er,i = σp(ρ) ξi, ev,i = σp(ρ) ξ̇i,
(5)

driven by unit white noise νi. Position and velocity errors there-
fore share a temporally correlated process. The process is ini-
tialized in its stationary distribution, with unit position vari-
ance and velocity-error standard deviation σv = ωnσp per axis.
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The measured acceleration innovation carries white noise of
2×10−5 m/s2, and every controller receives σp and σv evaluated
at the estimated range ρ̂. The evaluated levels f = 0.5–5 %
cover errors of the order encountered by angles-only navigation
in flight: about 1 % of the separation along track in ARGON [2]
and about 10 % in the boresight direction in AVANTI [3]. Every
method receives the same unit error process for a given mission
and level. Exact-navigation runs set the state error and reported
uncertainty to zero.

2.4. Mission, constraints and performance

Missions start 9.5 km to 10.5 km from the target, within 60◦

of the −y axis, with relative speed below 0.5 m/s. The approach
hands over to a close-range controller at 100 m. The trajectory
is required to satisfy

y ≤ 0 (rear half-space), (6)

∥r∥ ≤ Rc ⇒
√︁

x2 + z2 ≤ −y tan θ (7)

∥r∥ ≤ Rs ⇒ ∥v∥ ≤ vlim, (8)
∥r∥ ≥ Rko (keep-out). (9)

with Rc = 200 m, θ = 30◦, Rs = 100 m, vlim = 1 m/s and
Rko = 10 m. The corridor constraint (7) makes the safe set non-
convex: outside the 200 m sphere the chaser may be anywhere
behind the target, inside it must lie in the line-of-sight (LOS)
cone. A mission succeeds when the chaser enters the handover
sphere ∥r∥ ≤ 100 m at a speed within the speed-zone limit vlim
within 12 h and without an audited violation of (6)–(9). The au-
dit evaluates the true state at 0.25 s resolution and checks every
connecting straight segment against the corridor and keep-out
sphere (Section 3.3). Fuel is the commanded velocity expen-
diture ∆v =

∫︁
∥u∥ dt, and the flight time T is the time to the

handover. Both enter the performance index

J = ∆v + w T, w = 1
3 m/s per hour, (10)

which values an hour of flight at 0.33 m/s of propellant. Success,
violations, propellant and flight time are evaluated on the true
trajectory. With S the set of states that satisfy (6)–(9), the
guidance problem is

min
π

Ex0,ϑ,ξ
[︁
∆v + w T

]︁
s.t. x(t) ∈ S, ∥u(t)∥ ≤ umax, t ∈ [0, T ],
∥r(T )∥ ≤ Rs, ∥v(T )∥ ≤ vlim, T ≤ 12 h,

(11)

where the expectation runs over the initial state, the hidden fault
parameters ϑ = (η,R, b, t f ) and the navigation-error process (5).
The policy π selects burns from its observation history; the
hidden faults and state-estimation error make this a partially
observable problem. Section 3 combines a recurrent policy for
burn timing and velocity increments with a shield that checks
the resulting commands against the geometric constraints and
an assumed braking continuation.

3. Method

Figure 1 follows the online control loop from recurrent guid-
ance through burn execution and recoverability shielding to the
rendezvous environment. Every Td = 300 s, the policy uses the
observation ok to select a burn gate gk and a three-component
latent increment ℓk. The bounded mapping converts ℓk into the
requested velocity increment ∆vk, and the burn/coast executor
produces the proposed acceleration uprop, j at 1 s intervals. The
shield blends this proposal with a braking backup and checks the
candidates before selecting the command u j sent to the actuator.

The actuator model maps the selected command to the realized
acceleration a j, which drives the relative dynamics. Navigation
supplies the estimated state x̂ j, reported position uncertainty
σp and acceleration innovation w j to the shield and the policy
observation construction. The lower feedback paths carry the
executed command, selected blend and previous gated increment
into the manoeuvre history used at the next guidance decision.
The policy therefore selects burn timing and magnitude while
the shield checks individual acceleration commands.

3.1. Impulsive action

Burn selection and burn magnitude form a parameterized
action space [31]. At decision k the policy outputs the latent
(gk, ℓk) ∈ R × R3, with velocity increment

∆vk = ∆vmax
ℓk√︁

1 + ∥ℓk∥2
, ∆vmax = 2 m/s, (12)

and the burn/coast executor fires if the gate is open, gk > 0, and
∥∆vk∥ ≥ δ = 0.02 m/s, as indicated by the two conditions in
Fig. 1; otherwise it proposes zero thrust. At the control steps
j = 0, 1, . . . after the decision the executor proposes

uprop, j = umax min
(︂
1,

tb − j∆t
∆t

)︂+ ∆vk

∥∆vk∥
, (13)

where (·)+ = max(·, 0) and tb = ∥∆vk∥/umax. With a nominal
actuator, this command delivers ∆vk and then coasts; a new deci-
sion replaces any unfinished burn. The increment is independent
of spacecraft mass. Each burn is open loop, so an efficiency
fault changes the delivered increment and the policy receives
the measured outcome at its next decision. A closed gate explic-
itly requests a coast. The policy samples a Gaussian latent and
uses the following masked log-likelihood in its policy-gradient
update:

log π(g, ℓ) = logN(g) + Ig>0 logN(ℓ). (14)

The increment contribution is active only when the sampled gate
is open.

3.2. Observation and network

The observation ok ∈ R34 describes the approach geome-
try, recent control response and reported navigation uncertainty.
Geometry is represented by the estimated relative state with
positions scaled by 10 km, the range and its logarithm, the
speed, and the LOS-cone and corridor-sphere margins scaled
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Figure 1: Closed-loop architecture of recurrent impulsive guidance with burn/coast execution and recoverability shielding.

by 200 m. The LOS direction r̂/∥r̂∥ and clipped near-field po-
sition clip(r̂/300 m,−1, 1) resolve the corridor entry at short
range. The manoeuvre history supplies the interval means
of the executed command, acceleration innovation and shield
blend, together with the previous decision’s gated increment
∆vlast and mission clock. This stored increment is zero after a
coast decision. These features correspond to the lower feedback
paths in Fig. 1. Two uncertainty inputs, clip(20σp/ρ̂, 0, 2) and
log10(1 + σp/m)/3, describe its relative and absolute scales.

The control-response features use the acceleration innovation

w j = Γ
+(x j+1 − Φx j) − u j, (15)

which is the realized minus commanded acceleration of control
step j, measured with the accelerometer noise of Section 2.3.
Over the coasting steps Ck and the full-thrust steps Bk (∥u j∥ >
umax/2) of the last decision interval, the two fault measurements
are

w̄k =
1
|Ck |

∑︂
j∈Ck

w j, ϵk =
1
|Bk |

∑︂
j∈Bk

⟨w j, u j⟩

∥u j∥
2 . (16)

The coast innovation w̄k, scaled by 2 × 10−4 m/s2, measures the
additive disturbance, while ϵk measures the thrust error along a
burn and is retained through intervals without a burn. A 128-unit
layer encodes ok into χk, and a 128-unit gated recurrent unit
(GRU) [32] updates the memory hk. In Fig. 1, Z−1 returns hk−1
to the GRU, while the bypass forwards χk directly to the con-
catenation block. The resulting 256-dimensional vector [χk; hk]
passes through a 128-unit dense layer and a four-output linear
layer to obtain the mean of the gate and three increment latents:

χk = tanh(Wook + co), hk = GRU(χk, hk−1),
µk = W2 tanh

(︁
W1[χk; hk] + c1

)︁
+ c2,

(gk, ℓk) ∼ N
(︁
µk, diag(σ2)

)︁
,

(17)

with h0 = 0 at the start of a mission and a learned state-
independent standard deviation σ. Training samples the latent,
and the online path in Fig. 1 uses its mean µk for evaluation.
The critic receives the additional training input pk: hidden fault
parameters, navigation error x̂ − x and elapsed mission time,
following asymmetric actor–critic training [33]. Deployment
uses the actor inputs above.

3.3. Recoverability shield

At every control step, the braking-backup block in Fig. 1 com-
putes ub from the navigation state and the filtered acceleration
innovation. Candidate blending combines it with the executor
proposal (13); the checks and command-selection block then
selects the smallest admissible blend,

u(λ) = (1 − λ) uprop, j + λ ub,

λ⋆ = min{λ ∈ Λ : u(λ) passes tests (i) and (ii)},
(18)

with Λ = {0, 0.25, 0.5, 0.75, 1}. The selected weight at control
step j is denoted λ⋆j in Fig. 1, and the command is u j = u(λ⋆j ).
The reported uncertainty σp enters the candidate checks through
the prediction and braking margins below. If no candidate passes,
the shield reports exhaustion and executes the backup for the
current interval; the mission then terminates under the protocol
of Section 4.2. The backup brakes against the relative velocity,
cancels the CW drift and the shield’s own disturbance estimate
d̃, a low-pass filter of the innovation (15) with τ = 30 s, and
respects the thrust limit,

ub = satumax

[︂
satab

(︂vc − v̂
∆t

)︂
− f (x̂) − d̃

]︂
, (19)

where sata limits the norm of a vector to a, ab = 0.015 m/s2,
f (x) is the acceleration part of Ax in (1), and the commanded
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velocity vc is zero, or [0,−0.01, 0]⊤m/s, a slow retreat along −y,
once the chaser has stopped within 5 m of a boundary.

Test (i) predicts the next control interval from the navigation
solution with (2), the nominal actuator a j = u(λ) and d j = 0, at
τ = 0.25, 0.5, 0.75 and 1 s. The predicted states and the straight
segments between them must keep the margins of (6), (7) and (9)
at least

ρi(τ) = 1
2ετ

2 + 4σp(ρ̂) + ρres Iτ=∆t, (20)

a prediction margin that grows with ε = 2 × 10−4 m/s2, and
within Rs + ρi of the target the predicted speed must stay below
vlim − 0.02 m/s − ετ. The term 4σp(ρ̂) expands the geometric
margin with the reported position uncertainty at the estimated
range. The endpoint reserve is ρres = 0.5 m for λ < 1 and zero
for the full-backup candidate.

Test (ii) brakes straight from the predicted endpoint (r1, v1) at
the assumed deceleration b = 0.006 m/s2. The chaser stops after
ts at rs, and it slows to v̄ = vlim − 0.02 m/s after tv at rv,

ts =
∥v1∥

b
, rs = r1 +

1
2 tsv1,

tv =
(∥v1∥ − v̄)+

b
, rv = r1 +

∥v1∥ + v̄
2∥v1∥

tvv1.

(21)

The segment [r1, rs] must keep the margins of (6), (7) and (9) at
least ρii(ts), and unless ∥v1∥ ≤ v̄ the segment [r1, rv] must stay at
least ρii(tv) outside the speed zone, with the margin

ρii(t) = ρres + ρpos + 4σp(∥r1∥) + 1
2εt

2, (22)

where ρpos = 0.5 m. Thus a candidate is admitted when both its
predicted hold interval and its straight braking continuation pass
the expanded geometric and speed checks. The constants b, ε,
ρpos and ρres define the check, and the true-state trajectory audit
measures the closed-loop constraint outcomes. The one-step-
filter baseline applies test (i) only.

The nonconvex corridor set is handled exactly on straight
segments. Its point margin is max(∥r∥−Rc, mθ(r)) with the LOS
margin

mθ(r) = −y sin θ −
√︁

x2 + z2 cos θ, (23)

the signed distance to the cone surface, positive inside the cone.
On a segment r(s) = r0 + s∆r, s ∈ [0, 1], the part inside a sphere
of radius R is [s−, s+], with

s± =
−r⊤0 ∆r ±

√︂
(r⊤0 ∆r)2 − ∥∆r∥2

(︁
∥r0∥

2 − R2)︁
∥∆r∥2

(24)

clipped to [0, 1]. Because mθ is concave along any line, its
minimum over the chord is min{mθ(r(s−)),mθ(r(s+))}, an exact
test of the segment. The shield applies it with R = Rc + ρ for
its margin ρ, and with R = Rc the same test audits the realized
trajectory. The resulting algorithm uses the same geometric tests
for command admission and trajectory auditing, with uncertainty
and braking margins applied during admission. Section 5.3
reports the audited outcomes in Tudat.

3.4. Imitation of a certainty-equivalent planner
The teacher is a certainty-equivalent (CE) impulsive planner

using the same navigation solution, action and executor as the
student. At each transfer-leg decision it searches arrival times
τ ∈ [0.75 h, 8 h] on a grid, targeting the corridor entry point
rE = [0,−300, 0]⊤m. For each candidate time it solves the
forced CW targeting problem with constant estimated distur-
bance d̂. Writing the exact transition as x(τ) = Φ(τ)x +G(τ)d̂
and partitioning it into position and velocity blocks gives the
required departure and arrival velocities, evaluated at the naviga-
tion solution (r, v):

v⋆(τ) = Φ−1
rv

(︁
rE − Φrr r −Gr d̂

)︁
,

vE(τ) = Φvr r + Φvvv⋆(τ) +Gv d̂.
(25)

It then minimizes

∥v⋆(τ) − v∥ + ∥vE(τ) − vD(τ)∥

+ w
(︄
τ +

200 m
sD(τ)

)︄
(26)

over arcs that remain at least 30 m behind the rear plane. The
entry drift velocity is vD = [0, sD, 0]⊤, where sD is the along-
track arrival velocity vE,y clipped to 0.1 m/s to 0.8 m/s; w is
the time weight in (10). Replanning replaces the current plan
when its cost decreases by at least 0.01 m/s. At the last decision
before arrival, or whenever the measured state enters ∥r∥ ≤ ∥rE∥,
the planner switches to a drift toward [0,−50, 0]⊤m and re-
aims that velocity at each decision. The state-based entry rule
also assigns a drift command to student trajectories that reach
the entry sphere before the teacher’s planned arrival. During
coasts, the planner estimates the constant disturbance by low-
pass filtering the innovation (15):

d̂ ← d̂ +
∆t
τd

(︁
w j − d̂

)︁
, j ∈ C, τd = 60 s. (27)

The teacher combines three extensions of this planner, Imp-CE.
A corridor re-entry rule returns the chaser to the approach axis
when it nears the corridor sphere off axis. A per-axis efficiency
estimate then compensates the commanded increments (Imp-
CE-adapt). Using the full-thrust steps B accumulated during the
mission, the estimate for axis i is

η̂i = 1 +
∑︁

j∈B
(︁
w j,i − d̂i

)︁
u j,i∑︁

j∈B u2
j,i

, (28)

clipped to [0.15, 1.2] and used once
∑︁

j∈B u2
j,i > (0.02 umax)2,

and the planned increment is divided by η̂i on each axis. On the
transfer leg, finally, a re-targeting increment is fired only if

∥∆v∥ ≥ max
(︁
δ, k
√

3σv
)︁
, (29)

k times the root-mean-square magnitude of the velocity error
(Imp-CE-adapt-kσ). This dead band suppresses corrections at
the scale of the navigation uncertainty. The teacher uses k =
3 and is denoted Imp-CE-adapt-3σ; with exact navigation it
equals Imp-CE-adapt. Section 4.1 evaluates each extension as a
separate baseline.
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Dataset aggregation (DAgger) proceeds in nine rounds k =
0, . . . , 8 of 512 missions [27] from the training fault mixture,
with navigation errors whose level f is drawn per mission uni-
formly from [0, 4 %]. Each mission of round k is flown by the
policy πk, and the teacher π⋆ labels every decision using the nav-
igation solution visited by that policy. The aggregated dataset
grows as

Dk = Dk−1 ∪
{︁
(o0:K ,∆v⋆0:K)

}︁
πk
,

πk =

⎧⎪⎪⎨⎪⎪⎩π⋆ with probability βk = 2−k,

πθk−1 otherwise,

(30)

where o0:K and ∆v⋆0:K are the observations and teacher increments
of a mission and πθk−1 is the student fitted after round k − 1. The
student is fitted on the aggregated sequences by unrolling the
GRU over whole missions with the loss

LBC =
1∑︁
k ωk

∑︂
k

ωk

[︄
BCE

(︁
gk, I∥∆v⋆k ∥≥δ

)︁
+ I∥∆v⋆k ∥≥δ

∥∆vk − ∆v⋆k ∥
2

(0.05 m/s)2

]︄
,

(31)

where ∆v⋆k is the teacher’s increment and decisions within 1 km
of the target, which decide the corridor entry, carry the weight
ωk = 3 (otherwise 1). The first round fits 100 epochs and each
later round 30 epochs from the previous network; a final pass
of 60 epochs with a cosine learning-rate decay from 3 × 10−4

to 10−5 fits the full dataset of about 240 000 decisions. The
imitated policy predicts the teacher’s burn decision in 89.8 %
of the validation decisions, with a root-mean-square increment
error of 0.13 m/s.

3.5. Reinforcement learning
The imitated policy is improved with recurrent PPO [28] in

the exact CW simulator with the fault model (3) randomized per
mission (80 % of missions faulty, each with a random nonempty
subset of fault types and a random onset) and with navigation er-
rors whose level f is drawn per mission uniformly from [0, 4 %].
The reward of a decision interval is

r = 10
∆ρ

10 km
− 3∆v −

∆td
1 h

− 0.02
∑︂ ∥u − uprop∥

umax
+ 10 Isuccess

− 20 Ifailure − 10 Itimeout,

(32)

where ∆ρ is the progress toward the 100 m sphere, ∆v the pro-
pellant of the interval in m/s, ∆td its duration and the sum runs
over the shield’s interventions. Fuel and time enter with the
ratio of the performance index (10). With the probability ratio
qk = πθ(ak | o0:k)/πθold (ak | o0:k) of the masked latent likeli-
hood (14) and the critic Vϕ, the policy and critic losses of an
update are

LPPO = −Ek
[︁
min

(︁
qkÂk, clip(qk, 1 − c, 1 + c) Âk

)︁]︁
,

Âk =
∑︂
l≥0

(γλGAE)l δk+l, δk = rk + γVk+1 − Vk,

LV =
1
2 Ek

[︁(︁
Vϕ(ok, pk) − Âk − Vk

)︁2]︁
,

(33)

with the advantages Âk of generalized advantage estimation [34],
normalized over each update, the critic values Vk of the roll-
out, zero after the end of a mission, and the privileged critic
input pk described in Section 3.2. Following the demonstration-
augmented policy-gradient strategy of retaining a decaying aux-
iliary objective [29], the actor minimizes the clipped PPO loss
plus the imitation loss (31) on minibatches of the aggregated
dataset:

Lactor = LPPO + λ jLBC, λ j = 0.1 · 0.98 j, (34)

where j counts the actor updates. The decaying imitation term
retains the teacher’s guidance while PPO optimizes the mission
return. The critic trains alone for the first 20 updates. The
target KL divergence is 0.02; further actor updates stop when
the sampled approximate KL exceeds 0.03, while critic updates
continue for all epochs. The initial latent standard deviations
are 0.3 for the gate and 0.02 for the increment, controlling ex-
ploration of burn timing and magnitude separately. Each update
collects 16 decisions from each of 512 parallel missions and
runs four epochs of eight minibatches of 16-decision sequences,
with discount γ = 0.999 per decision, λGAE = 0.95, clip ratio
c = 0.2 and learning rates 10−4 and 10−3 for actor and critic.

Each run comprises three stages of 304, 304 and 305 up-
dates (2.2 × 109 control intervals in total). Stage two starts
from the final network of stage one, and stage three from the
checkpoint selected in stage two. Both restarts use a new opti-
mizer and five critic-only warm-up updates, with the imitation
weight continuing its decay. Stage three broadens the mission
mixture to include 20 % exact-navigation missions and 15 %
starts near a constraint. The latter use the stress-test distribu-
tions (Section 4.2) with different seeds. Stages one and two use
the continuous f ∈ [0, 4 %] distribution together with the 0.5 m
uncertainty floor. Checkpoints are saved every ten updates and
ranked on 192 development missions from the stage’s training
mixture, first by success rate minus twice the violation rate and
then by J. These development seeds are disjoint from the test
seeds. Four exploration/learning-rate settings, the continuation
to stage two, and three stage-three mixtures were compared on
separate development missions spanning the navigation-error
levels and stress conditions of Section 4.2.

4. Experimental setup

4.1. Methods

The comparisons assess fuel–time cost, improvement beyond
imitation and constraint outcomes. All methods fly the same
initial states, fault realizations and navigation-error processes.
Unless a safety ablation specifies otherwise, they also use the
same recoverability shield and navigation margin. Table A.1
collects the numerical settings.

The classical baselines use the common handover condition
of 100 m range and speed up to 1 m/s. They span fixed-time
transfers, online transfer-time selection, drift approaches and
continuous feedback:
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• Fixed-time impulsive targeting (Imp-T3, Imp-T4, Imp-T5):
the executor of Section 3.1 driven by CW re-targeting every
300 s toward an arrival at the entry point fixed at the mission
start (3 h, 4 h and 5 h, rear-plane checked), followed by the
drift phase.

• Certainty-equivalent impulsive planners (Section 3.4): Imp-
CE; with the corridor re-entry rule (Imp-CE-axis); with, in
addition, the per-axis efficiency estimate (Imp-CE-adapt);
and with, in addition, the dead band of two or three standard
deviations of the velocity error (Imp-CE-adapt-2σ and Imp-
CE-adapt-3σ, the teacher). On the development missions
the dead band of three standard deviations gave the lowest
performance index of all certainty-equivalent variants at
every navigation-error level from 1 to 3 %, nominally and
under combined faults; dead bands of one to two standard
deviations, fixed dead bands of 0.05 to 0.5 m/s and re-
planning intervals of 15 to 60 min for Imp-CE-adapt and
Drift-CE were less economical.

• Drift designs (Drift-T2 to Drift-T6, Drift-CE): CW target-
ing of the entry point with closed-loop burns and a coast-
only disturbance observer, a burn into a drift toward the
aim point at 0.1 m/s to 0.8 m/s with lateral centering and a
return to the axis when the chaser approaches the corridor
sphere off the axis; the transfer time is fixed (2 h to 6 h) or
chosen by the certainty-equivalent rule.

• Glideslope guidance [6]: two-impulse transfer to 1 km on
the −y axis, then six inbound glideslope pulses decelerating
from 0.6 m/s to 0.2 m/s.

• Artificial potential function (APF): a guidance design based
on potential-field rendezvous [7], implemented here as an
attractive velocity field toward the aim point with rear-plane
repulsion, a lateral waypoint for the corridor entry, a speed
limit of 0.8 m/s and a disturbance observer.

• Waypoint DOB-LQR: LQR on the exact CW model with a
disturbance observer, aimed at the entry point and then at
a hold point inside the handover sphere; and a two-phase
design (CW targeting to the entry, then DOB-LQR).

The learned comparisons include the proposed method (Imp-
RL, three seeds), its imitated policy before RL (Imp-BC), and
the same guidance trained with exact navigation (Imp-RL-exact,
three seeds). Imp-RL-exact imitates Imp-CE and is improved
in 200 PPO updates of 128 parallel missions with an increment
noise of 0.004 and an actor learning rate of 3 × 10−5. The
safety mechanisms and the alternatives to imitation are com-
pared within this exact-navigation training: PPO without im-
itation (Imp-RL-scratch), initialized with the gate closed and
an increment noise of 0.1; the training with the shield removed
(Imp-RL-none), with the one-step filter (Imp-RL-1step), and
with a Lagrangian penalty on violations and no shield (Imp-
RL-Lag, three seeds); and end-to-end PPO that outputs the full
acceleration every 10 s, initialized by behavior cloning of the
waypoint DOB-LQR, with the same four safety mechanisms
(E2E-none, E2E-1step, E2E-Lag, E2E-shield). A variant trained

on a wider fault envelope, Imp-RL-W, is introduced in Sec-
tion 5.5. Checkpoints for all learned methods are selected using
the criterion in Section 3.5.

4.2. Scenarios and protocol

The main comparison varies the navigation-error level in nom-
inal and combined-fault missions: every method flies with exact
navigation and at f = 0.5, 1, 2, 3 and 5 %. Four further fault
scenarios isolate efficiency loss, misalignment and bias, and
combine the extended OOD ranges. These four scenarios are
evaluated with exact navigation and at f = 1, 2 and 3 % for the
learned guidance, its imitated policy, the certainty-equivalent
planners Imp-CE-adapt, Imp-CE-adapt-2σ and Imp-CE-adapt-
3σ, Drift-CE and the feedback guidance laws glideslope, APF
and waypoint DOB-LQR. Five stress tests evaluate starts near
a constraint, with exact navigation and at f = 2 %: outside
the cone at 230 m to 600 m moving toward the corridor sphere
(nominal and combined faults), near the axis at 130 m to 250 m
closing at 0.6 m/s to 1.2 m/s (nominal and combined), and
20 m to 150 m behind the rear plane drifting forward. A fixed
seed defines each scenario’s initial states, hidden faults and unit
navigation-error processes, and the navigation levels reuse those
missions. Imp-RL and Imp-RL-exact use three training seeds;
Imp-BC and the single-seed ablations use one. Each scenario
contains 200 missions per method and training seed; each stress
test contains 100. Section 5.5 extends these missions to further
fault magnitudes and types.

Native Tudat propagation with SRP provides the primary eval-
uation, with a matched replay in the exact CW model. A mission
ends at successful handover, the 12 h time limit, an audited con-
straint violation, or shield exhaustion. Upon exhaustion, the full
backup is applied for one 1 s interval, that interval is audited,
and the mission is recorded as a failure. Constraint violations
and exhaustion events are recorded separately. Success rates
carry Wilson 95 % intervals, and fuel and time are averaged
over successful missions. Paired comparisons use the missions
completed by both methods. The reported 95 % intervals resam-
ple the pooled successful mission–seed pairs with replacement;
classical runs are matched to each learned-policy seed for the
same mission.

Development evaluations use 200 missions per scenario and
navigation level with seeds distinct from the test set. They set
the four-standard-deviation navigation margin, planner dead
bands, exploration settings and training mixtures. The two-stage
policy was evaluated before stage three was introduced. The
added stage targets two behaviours observed in the development
and test missions: increased cost with exact navigation and
prolonged holding near the corridor sphere in the 2 % stress
tests. Its mixture was selected on development missions, and the
final comparison reuses the earlier test missions to quantify the
change.
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5. Results

Unless identified as CW replay or development data, results
use native Tudat test propagation. Costs are means over success-
ful missions; paired differences use missions completed by both
methods. Bootstrap intervals resample pooled seed–mission
pairs, matching each learned seed to the same reference mission.

5.1. Performance under navigation errors

At navigation errors of 0.5 to 5 %, Imp-RL has the lowest
mean performance index and propellant expenditure among the
evaluated methods, both nominally and under combined faults
(Fig. 2). Table 1 gives paired cost differences, and Supplemen-
tary Appendix A contains the complete comparison.
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Figure 2: Navigation-error sensitivity: nominal missions (left) and combined faults (right), with successful-mission mean J above and success rate below.

Imp-RL lowers the teacher’s cost on jointly successful mis-
sions by 3.8–25.6 % nominally and 4.1–17.6 % under combined
faults. Both the teacher and the 2σ planner have higher paired
costs at every tested error level, with pooled-pair bootstrap 95 %
intervals below zero (Table 1). Imp-CE-adapt without a dead
band shows a much larger increase in nominal propellant, from
1.41 m/s with exact navigation to 11.04 m/s at 5 %; at 2 %, its
5.30 m/s compares with 2.64 m/s for the teacher. Across nomi-

nal and combined-fault missions at 0.5–5 %, its paired cost re-
ductions relative to the evaluated feedback guidance laws range
from 17.1 to 68.4 %.

The 1 % nominal comparison includes three unusually costly
teacher missions: shield overrides last 1.8–3.2 h, flight times
reach 7.8–11.2 h, and propellant expenditure is 20–49 m/s. Their
inclusion gives a paired cost reduction of 22.3 % for Imp-RL;
excluding these three missions gives 8.2 %.

Table 1: Paired difference of the performance index of the proposed guidance to the strongest classical designs (%, with pooled-pair bootstrap 95 % interval), over the
missions both complete, native Tudat. Columns identify the teacher (Imp-CE-adapt-3σ), the 2σ planner, Drift-CE and waypoint DOB-LQR.

Scenario Error Teacher 2σ planner Drift-CE DOB-LQR

Nominal exact +7.9 [+7.3, +8.6] +7.9 [+7.3, +8.6] +5.9 [+5.4, +6.5] −46.5 [−47.0, −46.0]
0.5 % −3.8 [−7.1, −1.4] −5.5 [−6.4, −4.7] −8.4 [−9.1, −7.9] −45.5 [−46.0, −44.9]
1 % −22.3 [−33.9, −12.5] −12.3 [−13.2, −11.4] −16.3 [−17.0, −15.7] −43.8 [−44.4, −43.3]
2 % −17.3 [−18.6, −16.0] −22.4 [−23.6, −21.3] −28.8 [−32.0, −26.1] −39.7 [−40.3, −39.0]
3 % −23.2 [−27.1, −20.2] −29.6 [−33.4, −26.6] −35.8 [−38.8, −33.0] −34.4 [−35.3, −33.6]
5 % −25.6 [−27.8, −23.5] −29.6 [−31.3, −27.7] −33.8 [−35.5, −32.0] −18.7 [−20.4, −17.0]

Combined exact +0.7 [−0.5, +2.0] +0.7 [−0.5, +1.9] −8.8 [−9.9, −7.6] −45.3 [−46.4, −44.2]
0.5 % −4.1 [−5.2, −3.0] −5.6 [−6.6, −4.6] −15.0 [−16.1, −13.9] −44.5 [−45.7, −43.3]
1 % −7.9 [−9.0, −6.8] −12.1 [−14.0, −10.5] −20.6 [−21.7, −19.5] −43.5 [−44.7, −42.4]
2 % −17.1 [−20.6, −14.1] −18.6 [−20.7, −16.6] −37.7 [−50.5, −27.5] −38.9 [−40.2, −37.7]
3 % −15.9 [−19.0, −12.9] −22.3 [−24.3, −20.3] −49.5 [−60.2, −39.9] −32.7 [−34.4, −30.7]
5 % −17.6 [−20.3, −14.9] −23.2 [−25.7, −20.9] −32.6 [−34.9, −30.3] −17.1 [−19.2, −15.1]
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Imp-RL retains higher completion than its teacher at the
largest navigation errors. At 5 %, it completes 91.7 % of nomi-
nal missions and 89.8 % under combined faults, compared with
76.5 % and 65.5 % for the teacher. APF completes all missions
and glideslope completes 96.0 % at this level, with costs 2.1–3.2
times those of Imp-RL. The remaining completion and paired-
cost comparisons are reported in Table 1 and Supplementary
Appendix A.

The fuel–time comparison shows that Imp-RL combines lower

mean propellant expenditure with shorter mean flights than its
teacher over successful missions (Fig. 3). The grey steps trace
the classical Pareto front, and the shaded region contains fuel–
time combinations dominated by classical designs. At 1–3 %
navigation error, its successful-mission means are 1.85–2.43 m/s
nominally and 2.70–3.51 m/s under combined faults. Relative
to the teacher, it saves 8.5–27.7 % propellant and arrives 0.21–
0.48 h earlier. Classical methods that arrive as early or earlier at
these levels use 1.3–4.3 times its propellant.
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Figure 3: Fuel–time trade-offs at 0.5–5 % navigation error, with successful-mission means for nominal (top) and combined-fault cases (bottom).

With exact navigation, the CE planners provide the lowest
nominal cost; Imp-CE achieves 2.51 m/s. Relative to Imp-CE-
adapt-3σ, Imp-RL arrives 0.49 h earlier with 26 % more propel-
lant and a 7.9 % higher paired cost. Under combined faults, its
mean cost is 3.60 m/s and its paired difference from this planner
is +0.7 % (95 % interval −0.5 to +2.0 %), with a flight 0.40 h
shorter. Imp-RL also outperforms Imp-RL-exact in the noisy
runs: at 2 % nominal error, their mean costs are 3.18 m/s and
6.19 m/s, respectively, while Imp-CE gives 6.15 m/s.

The same pattern appears when efficiency loss, misalignment

and bias are tested separately. At 1–3 % navigation error, Imp-
RL has the lowest mean cost in every single-fault scenario and
completes 99.7–100 % of missions. Its paired cost reduction rel-
ative to the teacher is 8.3–19.0 % for efficiency loss, 7.5–26.4 %
for misalignment and 15.0–22.1 % for bias. Under the extended
OOD fault magnitudes it completes 90.7–93.5 % of missions,
with a 3.6–7.0 % lower paired cost than the teacher. The com-
plete single-fault results are in Supplementary Appendix A.1;
Supplementary Appendix B presents the exact-navigation com-
parisons and the fault-response diagnostic.
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Figure 4: Position-conditioned remaining cost along 300 nominal CW missions at 2 % navigation error: Imp-RL (blue) and the classical guidance law named in each
panel.

The remaining-cost profiles in Fig. 4 place most of the differ-
ence from impulsive planners beyond 3 km. Across 300 nominal
CW approaches at 2 % navigation error, Imp-RL has the low-
est mean remaining cost in the sampled bands beyond 1 km:
0.90 m/s at 1–3 km, 1.55 m/s at 3–6 km, and 2.05 m/s beyond
6 km. The teacher, Imp-CE-adapt and Imp-T4 differ from it
by at most 0.11 m/s at 1–3 km; glideslope, APF and waypoint
DOB-LQR have 0.77–1.45 m/s more remaining cost there. Be-
yond 6 km, the teacher gives 2.45 m/s, Drift-CE 2.89 m/s and
the other designs 3.54–5.71 m/s. Imp-RL completes all 300
missions with mean total cost 3.17 m/s, compared with 287 and
3.81 m/s for the teacher, and 267–300 and 4.41–8.55 m/s for the
other designs.

Each surface averages the remaining propellant and weighted
flight time along that method’s successful trajectories, excluding

missions whose total cost exceeds three times its successful-
mission median. The profiles therefore reflect the positions and
histories visited by each method. Dark traces project example
trajectories from their first plotted positions (squares) to han-
dover (stars). Supplementary Appendix E gives the sampling
and surface-construction details.

5.2. Learning burn timing and velocity increments

Reinforcement learning improves both cost and completion
over the imitated policy. At 0.5–5 % navigation error, Imp-RL
reduces Imp-BC’s cost on jointly successful missions by 8.1–
23.6 % nominally and 17.0–24.8 % under combined faults, while
shortening flight time by 0.5–0.7 h. At 5 %, completion rises
from 76.0 to 91.7 % nominally and from 64.0 to 89.8 % under
combined faults (Tables A.2 and A.3).
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Figure 5: Training evolution: (a) development cost; (b, c) exact-navigation success and violation rates. Bands span three training seeds.

Development-set cost falls through the three training stages
(Fig. 5a). The selected stage-2 checkpoints reduce mean J from
4.33 m/s after imitation to 3.52–3.74 m/s. Across the three seeds,
stage three reduces mean J from 3.79–4.05 to 3.36–3.45 m/s
on development missions drawn from its training mixture. De-
velopment stress-test completion for rear-plane starts at 2 %
navigation error rises from 46.7 to 72.8 %. Supplementary Ap-
pendix D reports the full stage comparisons and exploration
settings.

The mission in Fig. 6 illustrates the reduction in burn count
and cost. Chosen near the orbital plane with propellant close

to both methods’ medians, this nominal 2 % navigation-error
case starts with a 319 m position error and a reported

√
3σp

of 357 m, shown by the dashed curve in panel (c). Imp-CE-
adapt fires 39 burns using 5.61 m/s; its 3σ teacher variant fires
9 burns using 2.47 m/s and arrives in 4.00 h. Imp-RL fires 7
burns using 1.91 m/s and arrives in 3.32 h. Its initial burn is
0.89 m/s, compared with the teacher’s 1.03 m/s, followed by
corrections at 2.08 and 2.75 h and four small corridor-approach
burns. The navigation error decreases with range, and the CW
replay reproduces both methods’ Tudat results for this mission.
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The burn-gate response is direction dependent in the velocity-
estimate sweep (Fig. 7). The probe uses a coasting decision
4.4 km from the target in one of the 300 nominal CW missions
underlying Fig. 4, with 2 % navigation error and σv = 0.077 m/s;
the recurrent state and other observation inputs are fixed while
velocity is offset along and across the line of sight, normalized
by σv. The cross locates the true velocity relative to the estimate.
The gate requests coasting inside its zero contour and a burn
outside it, with execution also subject to the increment threshold
of Section 3.1. Across 9255 coasting decisions from the 300
missions, a 24-direction scan gives a median nearest zero-gate
offset of 4.6σv (interquartile range 3.0–6.1σv). Median off-
sets along and across the line of sight are 7.9 and 4.9σv; the
teacher’s increment threshold provides a reference magnitude
of 3
√

3σv = 5.2σv. For position offsets along the line of sight,
75 % of decisions retain a closed gate within 30σp.
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Figure 7: Velocity-offset response of the Imp-RL burn gate at 2 % navigation
error. Black marks the zero-gate contour; orange marks the teacher’s increment
threshold.

With exact navigation, RL shortens flight time by 0.12–0.36 h
in every scenario, with paired cost changes from −6.7 to +1.8 %

(Table B.3). PPO from scratch never reaches handover within
the training budget. In a pilot initialized from an earlier imitated
policy, removing the imitation term in (34) lowers development
cost from 4.66 to 3.87 before it returns to 4.39; the regularized
run from the same start reaches 3.40.

5.3. Constraint audit and safety ablations

The true-trajectory audit records zero constraint violations
for every shielded method through the termination of its test
missions. For Imp-RL, this comprises 16 800 runs across the six
fault scenarios and navigation-error levels, 3000 runs beyond
the training envelope and 3000 stress runs with exact navigation
or 2 % error (Table 2). Its 582 010 training episodes contain 5
violations, or 0.00086 %: four at the corridor boundary and one
at the rear plane, including four episodes with faults. The shield
uses a four-standard-deviation position margin throughout these
runs.

The exact-navigation ablations show fewer violations with
the recoverability shield (Table 2). Imp-RL-exact records none
in 3600 test missions, 1500 stress missions and 28 759 training
episodes. Matched training produces violation rates of 7.3 %
without a filter, 4.6 % with the one-step filter and 5.2–5.8 % with
a Lagrangian penalty (Fig. 5c). Test violations are concentrated
under faults and near constraints: the one-step variant violates
in 64 of 200 OOD missions, and the unshielded and one-step
variants violate in 8–94 % of individual stress tests. Most cross-
ings occur at the corridor, with additional rear-plane crossings.
Shielded end-to-end PPO also records zero violations, with 21–
41 % mission completion; its unshielded training violates in
87–99 % of episodes.

The shielded trajectories pass close to the constraints (Fig. 8b–
d). Panels (b, c) accumulate mission fractions by minimum
corridor margin in the OOD and stress tests, respectively; panel
(d) gives the minimum rear-plane margin in OOD. In the OOD
and stress tests, respectively, 30 % and 57 % of missions come
within 1.1 m of the corridor boundary. Across all 5100 exact-
navigation test and stress missions, the minimum corridor and
rear-plane margins are 0.50 m and 0.73 m.

Table 2: Constraint audit in native Tudat. Violation columns give violating/tested missions; training entries give the percentage of violating episodes. Learned methods
pool three seeds where available. Imp-RL pools the navigation-error levels specified in Section 4.2; the remaining rows use exact navigation.

Policy and safety mechanism Training In distribution OOD Stress

viol. (%) viol. success (%) viol. viol.

Imp-RL (proposed), recoverability shield 0.001 0/14400 99.1 0/2400 0/3000

Imp-RL-exact, recoverability shield 0.0 0/3000 99.4 0/600 0/1500
Imp-RL-exact, one-step filter 4.6 35/1000 96.2 64/200 263/500
Imp-RL-exact, Lagrangian penalty 5.5 120/3000 96.0 198/600 –
Imp-RL-exact, no filter 7.3 46/1000 95.4 69/200 292/500

E2E, recoverability shield 0.0 0/1000 28.2 0/200 0/500
E2E, one-step filter 92.9 1814/3000 6.1 382/600 846/1500
E2E, Lagrangian penalty 34.4 1/3000 0.0 7/600 399/1500
E2E, no filter 96.7 1352/3000 1.1 324/600 828/1500
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Figure 8: Exact-navigation constraint audit: (a) violation rates with Wilson 95 % intervals; (b)–(d) cumulative distributions of minimum corridor and rear-plane
margins.

5.4. Exact-navigation trajectories and performance distribu-
tions

Exact-navigation runs resolve the transfer geometry and
mission-to-mission variability. Imp-RL-exact, trained with exact
navigation to imitate Imp-CE, is evaluated through trajectory
replays and performance distributions alongside Imp-RL and the
classical designs.

In the CW ensemble of Fig. 9, all 20 000 nominal missions
and 19 533 of 20 000 combined-fault missions reach handover.
No constraint violation is recorded in either ensemble. These
runs use Imp-RL-exact seed 1 and mission seeds distinct from

the test set. The nominal median burn count is 19, with 80 % of
missions firing 12–29 burns. The median first burn is 0.80 m/s,
and the median first-burn share of mission propellant is 46 %;
subsequent burns have median magnitude 0.031 m/s, with 41 %
occurring in the last kilometre. Panel (a) shows later burns be-
yond 1 km for one mission in twenty; the black example is near
the orbital plane and closest to median propellant. Nominal
trajectories reach off-axis angles up to 86◦ beyond 1 km. Of the
3989 missions exceeding 60◦, 3985 start below the target orbit
and drift forward beneath it, accounting for 40 % of below-orbit
starts. Overall, 89 % enter the last 500 m from below the target
orbit (Fig. 9b).
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Figure 9: CW trajectory ensembles for Imp-RL-exact: (a, b) transfer and terminal geometry; (c)–(f) angle and speed distributions over successful nominal and
combined-fault missions.

The trajectories converge toward the corridor and form two
handover-speed groups (Fig. 9c–f). From 350 m inward, 90 %
of nominal missions lie within 30◦ of the approach axis. At the
10 s recording interval, maximum angles inside the corridor are
29.6◦ nominally and 29.7◦ under combined faults. The nominal
handover angle has median 8.5◦ and maximum 25.5◦; the faulty
maximum is 29.4◦. Median nominal speed is 0.93 m/s between
3 and 1 km, before separating toward handover speeds near 0.8
and 0.1 m/s, the teacher’s drift-speed bounds. Of above-orbit
starts, 85 % brake near 650 m and retain about 0.8 m/s; 88 %
of below-orbit starts approach the slow group. Median arrivals
are 2.8 h and 4.1 h, respectively. Maximum handover speeds
are 0.85 m/s nominally and 0.98 m/s under faults, within the
1 m/s limit. Faulty missions have a median of 22 burns and
wider near-field distributions: 174 come within 50 m of the rear
plane, with a minimum margin of 1.0 m. Of the 467 combined-
fault timeouts, 92 % hold just outside the corridor sphere at
201–209 m.

Among the methods in Fig. 10, Imp-RL has the earliest me-
dian arrival in all three scenarios. Its flight-time interquartile
range is also narrower than those of Imp-RL-exact and the CE
planners. Its median flight times are 2.94 h nominally, 2.86 h un-
der combined faults and 2.93 h in OOD, with median propellant
of 1.77 m/s, 2.39 m/s and 3.19 m/s, respectively. Imp-RL-exact
also arrives earlier than the shown classical methods under com-
bined and OOD faults: its median times of 3.04 h and 3.01 h
compare with 3.09–3.10 h for the CE planners and Drift-T3 and
4.13–4.16 h for Drift-T4 and glideslope. Its median propellant
in these scenarios, 2.50 m/s and 3.49 m/s, lies below the drift
and glideslope designs and above Imp-CE and Imp-CE-adapt.
Nominally, the CE and drift designs use less median propel-
lant, 1.30–1.54 m/s compared with 1.74 m/s for Imp-RL-exact.
Dashed lines provide the Imp-RL medians as a reference. Suc-
cess percentages are printed below the flight-time panels; +n
counts observations outside the plotted limits.
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Figure 10: Propellant and flight-time distributions for successful exact-navigation missions. White circles and black bars mark medians and interquartile ranges.

5.5. Beyond the training envelope
The extended tests change the magnitude or time dependence

of the actuator faults. OOD-2 uses efficiencies down to 0.2, mis-
alignment up to 10◦ and bias up to 5 × 10−4 m/s2. The Thruster
case assigns an efficiency to each firing direction; Degradation
decreases efficiency over time; Outage introduces intermittent
loss of thrust; and Unmodelled combines these changes. Imp-RL
completes 99.7, 100 and 95.8 % of the Thruster, Degradation and
Outage missions, and 89.8 % of Unmodelled missions (Fig. 11).
In OOD-2 it completes 88.5 %, compared with 96.5 % for Imp-
CE-adapt and 63.7 % for Imp-RL-exact. The variant trained
on the wider fault envelope, Imp-RL-W, completes 93.5 % of

OOD-2 missions.
The stress tests place the initial state next to the corridor, rear

plane or speed boundary. With exact navigation, Imp-RL com-
pletes 100 % of the nominal corridor and rear-plane missions
and 99.3 % of the combined-fault corridor missions. At 2 % nav-
igation error, completion is 97.3, 82.0 and 95.3 %, respectively.
Some missions exhaust the admissible-command set at the first
step; among its 900 corridor and rear-plane runs at this error
level, ten further failures occur after the first step. No constraint
violations are recorded in these extended tests. Supplementary
Appendix C gives the full scenario definitions, performance
comparisons and failure counts.
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with 2 % error in (d).
5.6. Model mismatch: CW versus Tudat

CW replay and Tudat propagation give the same outcome
in 99.9 % of Imp-RL’s 22 800 missions. Across methods and
scenarios, mean performance indices differ by 0.4 % on average;
the CW audit records no violations across 111 200 runs. For the
120 paired comparisons between Imp-RL and ten other methods,

the median discrepancy is 0.05 percentage points and 90 % lie
within 0.4 points. The largest difference is the 1 % nominal
comparison against the teacher: −16.8 % in CW and −22.3 % in
Tudat. One teacher mission reaches handover in 11.2 h in Tudat
and times out in CW. The differential perturbations in these GEO
approaches at 10 km are of order 10−8 m/s2.

16



6. Discussion

Navigation uncertainty changes the value of a correction. Re-
peated certainty-equivalent targeting reacts to changes in the
estimated state, including changes caused by the navigation er-
ror. A magnitude dead band reduces this expenditure, but can
also delay useful corrections. This tradeoff helps explain why the
teacher spends less propellant than unrestricted retargeting yet
loses completion at larger errors. The learned policy responds
differently by direction: at fixed recurrent state, its coast region
extends farther along the line of sight than across it (Fig. 7).
Equally sized velocity-estimate changes can therefore lead to
different burn decisions, allowing corrections in one direction
while suppressing them in another. In the example mission of
Fig. 6, a smaller initial increment, two later corrections and
small corridor trims yield both lower expenditure and earlier
arrival than the dead-band teacher.

The comparison with Imp-BC links this behaviour to optimiza-
tion over the complete approach. Imitation supplies a usable
targeting strategy at the states visited by the student; its loss
rewards agreement with the teacher at each decision. PPO in-
stead evaluates increments and coasts through their contribution
to subsequent propellant expenditure, flight time and mission
completion. The lower mission cost and shorter flight after PPO
(Fig. 3) are consistent with revising the sequence of manoeuvres
across the transfer. Increment exploration permits such changes,
while the decaying imitation term keeps the targeting strategy
available during optimization. In the pilot comparison, cost con-
tinues to fall with imitation regularization after the unregularized
run loses its initial gain.

The shield checks whether a command leaves room to brake
before reaching a boundary. A command can pass a one-second
constraint check while leaving a stopping distance that intersects
the corridor boundary or rear plane. Recoverability checking
evaluates that subsequent braking segment, with the assumed de-
celeration and uncertainty margins of Section 3.3. The matched
ablations concentrate violations at these boundaries, especially
under faults and near-constraint starts. In the corresponding
shielded runs, the minimum-margin distributions show trajecto-
ries approaching within roughly a metre of the corridor while
retaining positive audited margins (Fig. 8).

The prescribed navigation-error process isolates the guidance
response to uncertain estimates. Coupling the policy to an angles-
only navigation filter would extend the timing problem to in-
formation gathering, connecting the present correction policy
to observability-aware far-range planning [15]. A manoeuvre
would then change both the relative trajectory and the observabil-
ity of range, so its value would include the effect of improved
subsequent estimates on later corrections. The next question
is when improved estimates justify an extra burn and how they
change the preferred coast intervals.

7. Conclusion

Recurrent impulsive guidance learns when to correct an uncer-
tain rendezvous trajectory and how much velocity increment to
apply, with recoverability checking at the thrust-command level.
In native Tudat evaluation of the GEO approach from approxi-
mately 10 km to 100 m, it achieves the lowest mean fuel–time
cost among the evaluated methods in nominal and combined-
fault missions at navigation errors of 0.5–5 % of range. Cost
is 4–26 % below that of its adaptive teacher on paired success-
ful missions. At 5 % error, nominal completion rises from the
teacher’s 76.5 % to 91.7 %. The true-trajectory audit records
zero constraint violations through termination in all 22 800 test
missions.
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