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Fig. 1. System overview of the lunar rocket-landing pipeline. The trajectory comprises three phases: (1) Entry, (2) Flip & attitude capture, and (3) Terminal
landing burn to a pre-specified target pad. An RL policy observes vehicle pose/velocity relative to the target and outputs throttle plus 2-DoF gimbal

commands (pitch, yaw) to achieve pose-accurate touchdown while minimizing propellant under lunar gravity (g=1.62 m/s?).

I. INTRODUCTION

Lunar exploration has been deserted since the 1980s after
the Apollo mission due to its high cost, and low profitability.
Sustained lunar spacecrafts are to reduce cost and logistics,
making lunar explorations possible again. Modern vertical-
takeoff—vertical-landing (VTVL) systems on Earth has gained
noticeable success in the past decade, notably SpaceX’s first-
stage returns, illustrate the economic and operational impact
of rapid reuse [1]. Translating that capability to the Moon
raises distinct challenges. The Moon’s environment largerly
differs from the Earth, with reduced gravity (g~1.62 m/ s?),
plume-regolith effects, uncertain local slopes and rocks,
and sensing constraints under high-contrast illumination. In
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addition, due to the lack of infrastructure on the Moon, GPS,
radar towers are missing, causing the challenge in localization
when landing. Those unique challenges on the Moon com-
plicate classical guidance—navigation—control (GNC) stacks
built from hand-tuned guidance laws, estimators, and cas-
caded PID/LQR controllers [2], [3]l.

Motivated by this mission need, we propose using re-
inforcement learning (RL) for pose-targeted lunar landings
with a two degree-of-freedom (DOF) gimbaled engine. In
addition, this project is also largely inspired by the adventures
of Tintin’s rocket that first sparked our interest in spaceflight.
The objective is a soft, on-pad touchdown within tight
position and attitude tolerances while minimizing the fuel
consumption during landing. In Project 1, we focused on
the simulation modeling. We implemented a physics-based
model in MuJoCo, featuring a stylized Tintin rocket and
Moon-like terrain. This model allows us to simulate the
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rocket thrust control, analyzing the rocket’s pose, and velocity
changes, and the relative position to the target pose. This
simulator also provides the environment for RL policy devel-
opment (Project 2), and it allows us to evaluate dynamical
modeling choices and establish baselines for classical versus
learned control.

RL is attractive here for three reasons. First, by directly
commanding throttle and gimbal angles, a learned policy
can co-shape translational and rotational dynamics, miti-
gating coupling that is cumbersome to tune in cascaded
architectures. Second, training with domain randomization
(gravity level, terrain heightfields, sensor noise) targets distri-
butional robustness to off-nominal conditions [4]], [5]. Third,
multi-objective rewards naturally trade pad accuracy, attitude
alignment, touchdown softness, and propellant usage without
redesigning the control structure.

To sum up, there are three main contirbutions in this
project: (i) we developed a MuJoCo-based lunar-landing
simulator with a gimbaled-thrust Tintin vehicle and heteroge-
neous regolith terrain; (ii) defined pose-targeted metrics (po-
sition/attitude error, terminal vertical/horizontal velocities)
and disturbance suites for validation; and (iii) compare a
classical PID control baseline to motivate RL-based control
for Project 2. This modeling based simulation study estab-
lishes our mission: a reproducible environment framework,
and quantitative tests that validate the policy performance
for learning-based control.

II. RELATED WORK
A. Physics-Based Methods

Classical powered-descent studies model the vehicle and
environment to keep guidance problems tractable rather than
exhaustively physical. They normally adopt simple but dom-
inant effects and terminal constraints [6]], [[7]. Translation
is typically reduced to a point-mass with constant gravity,
bounded thrust, and a fixed specific-impulse mass-depletion
relation [2]], [6]. Nonconvex thrust-direction limitations are
reshaped as thrust cones and compatible magnitude bounds,
enabling efficient solution methods []], [9]. When six degrees
of freedom are retained, the vehicle is modeled as a rigid
body with fixed inertia and straightforward gimbal/torque/rate
limits, while attitude is decoupled via a fast inner-loop
assumption so translation can treat thrust direction as directly
commanded [10]], [11]]. Terrain and contact are often not sim-
ulated. Instead, safe landing is enforced via terminal altitude,
glide-slope, touchdown-speed, often with a short vertical-
braking leg standing in for true contact [2]], [[1 1]. Disturbances
like the wind or gravity error and sensing noise are simplified
as bounded biases or white noise without explicitly modeled
as the dynamic model [|6], [10]. Overall, “constraint shaping”
yields convex or near-convex programs—Ilossless convexifi-
cation, G-FOLD, and successive convexification—supporting
real-time implementable guidance [8[]-[12].

B. Learning-Based Methods

Learning-based guidance and control approaches have
gained increasing attention in recent years, focusing on

autonomous policy learning for planetary powered descent
and landing. These methods often employ simplified dynamic
environments for tractable training. Typically, the target ref-
erence frame is defined as an inertial frame centered at
the landing site with constant gravity. The terrain is not
explicitly modeled as a mesh or image, instead, touchdown is
represented by an altitude condition (h = 0) with glideslope
and attitude constraints to emulate safe terminal descent. A
short vertical descent phase (below ~15 m) is commonly
enforced to approximate pre-contact behavior.

In terms of control formulation, both imitation poli-
cies (trained on optimal trajectories) and deep reinforce-
ment learning (DRL) policies have been explored. Gaudet
et al. [13]], [14] demonstrated a PPO-based integrated
guidance-and-control (IGC) policy in a full 6-DOF simula-
tion environment, achieving robust Monte Carlo performance
and competitive fuel efficiency. However, their environment
used simplified vehicle and actuator models, assumed full-
state observability, and excluded explicit touchdown con-
tact or regolith physics—Ileaving open issues in sim-to-real
transfer and constraint enforcement. The study primarily fo-
cused on realistic thrust-torque—mass—attitude coupling and
dynamic uncertainty modeling.

Scorsoglio et al. [15] proposed a vision-based meta-RL
framework for autonomous lunar landing that integrates
image-based navigation and intelligent guidance. The en-
vironment employed a real lunar DTM from the LROC
Apollo 16 site rendered via Blender/Cycles with physically
based path tracing, using the DTM as a displacement map
to generate realistic grayscale images. The policy learned
image-to-thrust mappings via PPO and recurrent networks,
showing promising adaptation to uncertain dynamics. Never-
theless, the dynamics were limited to 3-DOF without explicit
ground contact or plume effects, making transfer under
illumination changes, dust obscuration, and sensor latency
still challenging.

III. METHODS
A. Analytical Modeling

We first model a rigid single-body TINTIN rocket with
four frames: the world/inertial frame JFyy, the rocket body
frame Fp fixed at the center of mass (CoM), the thrust/nozzle
frame Fr attached at the bottom of the physical nozzle, and
a target frame Jy, fixed to the desired landing location.

We define the model’s states and controls as

T
X=1q]|, u= |60, - (D
w 0y

Here p = [z y 2] (m) is the CoM position in the world
frame Fyy; v = [v, v, v,] " (m/s) is the CoM linear velocity
in Fiy; ¢ = [w o y 2]" is the unit quaternion mapping
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Figure 2: Coordinate frames and external forces for the rocket
model: world frame, rocket inertial/body frame at the CoM,
thrust frame at the gimbaled engine, and a target/landing
frame for guidance. Thrust is commanded in the thrust frame
and transformed to the body frame via pitch-yaw gimbal
angles; drag opposes the flying direction and gravity acts in
the world frame.
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Fp— Fw and induces Ry 5(q) € SO(3); w = [wy wy ws] "
(rad/s) is the body angular velocity expressed in Fp; m > 0
(kg) is the vehicle mass. The control u consists of thrust
magnitude 77 > 0 (N) and gimbal angles (6,,6,) (rad)
deﬁning RBT(ep; Gy) S 80(3)

Variable mass: We decompose the total mass as

m(t) = Mdry + Mprop(t), Mprop(t) > 0,

where mqry is the fixed dry mass (structure/avionics/engine)
and mprop(t) is the remaining propellant. With CoM fixed,
propellant burns according to

Mprop = M = —

and we clamp at burnout:
m(t) « max(mary, m(t)).

Here T' [N] is the commanded net thrust magnitude, I, [s]
is the engine specific impulse, and gy = 9.81 m/s? is the
standard gravity constant.
For the later stability of the RL training, we maintain the
inertia constant at its initial value and neglect J:
J ~ J(mg) = diag(J°, J°, J9) )

xrYyr Yz

Jo+wx (Jw)="T. 3)

Kinematics modeling: The vehicle has height h, and the
nozzle origin is offset from the CoM along —e} by a distance
d. Based on this kinematics relationship we can get the thrust
force relative to the rocket body as

0
rZp=101, 4)

—d
Rwg(q) € SO(3), (5)
Rp1(0),6,) = Ra(6,)R,(6,) € SO(3). (©6)

Here r%, is the translation from the body origin (CoM) to
the thrust-frame origin, expressed in F;. The height of the
rocket h is used for geometry modeling, and stays constant.
The nozzle position in the world is

pi. =PV + Rwa(q) rir.

With t7 = e3 = [0 0 1]T the thrust axis in Fr, the thrust
directions in body and world are

tp = Rpr(0,,0,) tr, (8
tw = Rwp(q) ts. )

Dynamics modeling: Under Moon environment, vacuum
descent, the aerodynamics drag can be ignored. Thus the
only modeled external forces are gravity applied at the CoM,
thrust applied at the bottom of the throttle, and any other
contact impulses generated by MuJoCo. The thrust force and
its torque about the CoM are

FY =7t", (10)
% =rrp x (TtP), (11)
¥ = Riwp(q) 2. (12)

Let FYV and 7%V denote net contact force/torque at the CoM
produced by MuJoCo’s constraint solver (zero when in free
flight). The continuous-time equations of motion are

p=v, (13)
mv=mg+FY +FY, (14)
i=7359w)q, (15)
Jo+wx (Jw) =77 +Rpw(@) 7", (16)
T
Isp 90
where I, is specific impulse (s), go = 9.81 m/s?, and
0 —w; —wy -—w;
Wy 0 W,  —Wwy
Qw) = (18)
Wy —Wwy 0 We
W, Wy Wy 0
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Equations (T0)—(T6) implement a gimbaled thrust applied at
the physical nozzle location (torque via the lever arm rpp),
with gravity acting through the CoM and no aerodynamic
forces. Further, we can stack the equations to get the rocket’s
full body dynamics as x = f(x, u), where

v

T 1
g+ Rw(q) Rpr(0p,0y) €3 + - |

Jfl(rgT X (TRBT(HpaHy eg) + RBW(q) TZV —w X (J L«J))

(19)
MATLAB simulation verification: We verified the 6-DoF
dynamics by simulating a Moon—gravity transfer from p 4 to
pp using the dynamics model above.The designed experi-
ment objective is to transfer the rocket body from pose A
to pose B in 3D. For testing, we use a simple world-frame
position PID to generate a desired acceleration ac,g and
allocate thrust by quy = Tomabw with magnitude saturation
Thin < Temd < Tinax and direction clamped by the gimbal
cone. The induced lever-arm torque 72 = r8.. x (Tumats)
excites attitude dynamics; no attitude setpoint is commanded.
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Figure 3: Closed-loop Moon transfer .4 — B using a posi-
tion—PID thrust—vectoring controller (gimbal-limited, offset
nozzle). Left: 3-D CoM trajectory with target. Right: time
histories of thrust magnitude, yaw and pitch gimbal angles,
and mass burn; the vehicle reaches 5 in ~19.6 s within thrust
and gimbal bounds.

(i) Frame and wrench consistency: applying thrust at the
physical nozzle and observing the induced body torque con-
firms the Fyy <> Fp transforms and the cross-product torque
mapping. (ii) Mass—thrust coupling: monotonic mass decay
and the resulting acceleration trends match 1h = —T'/ (L go)
and mv = mg + Fng , validating the variable-mass terms.
(iii) Actuator limits: the closed-loop motion respects Ty ax
and the gimbal cone, indicating correct saturation and cone
projection. (iv) Trajectory feasibility: the 3-D path converges
to pp within position/velocity tolerances, showing a dynam-
ically feasible transfer without active attitude regulation.

We logged mass, 3-D trajectory, and thrust control angles
over time for dynamics analysis. In the experiment run, mass
decreases smoothly, the path bends as expected from offset-
thrust torques, and speed evolves consistently with thrust
saturation.

B. MuJoCo Simulation Modeling

To mitigate the computational cost of evaluating full ana-
Iytic dynamics at high rates, we use MuJoCo as the physics
integrator and contact solver. The Tintin rocket mesh is ex-
ported from STEP to OBJ in Blender. In MuJoCo the vehicle
is a single rigid body with a <freejoint/>. The gimbaled
engine is modeled as a thrust wrench applied at a body-
fixed nozzle frame. Ground contact uses simple MuJoCo
geoms. Lunar gravity is set to gmeon = 1.62 m/ s2. Contact
parameters are tuned (friction, rolling friction, restitution) to
achieve realistic touchdown deceleration without excessive
rebound. At runtime we compute only the thrust wrench
(force plus equivalent CoM torque) from the control u and
the current pose, and inject it as an external wrench on the
lander body.

Algorithm 1: TINTIN rocket MuJoCo per-step com-
putation process pseudocode

Input: xj, = [Pr, Vi, Qs Wk, Mi), Wk = [Tk, Op iy Oy k], B
At
Output: Applied wrench (FY, 7% ), updated mass my1
1) Pose: read Ry 5 (qx), Pks set Py, < Pk + Rwn(ar) rio
2) E}imbal: RBr,i Rz(ap’k) Ry(Gy’k);
t;” < Rwr (k) Rpr ik €3.
3) Wrench: Y, « TtV 7V, « (piV . —pr) x P}
4) Apply: data.xfrc_applied([bid, :3] + Fj‘/yk;
data.xfrc_applied[bid, 3:] TQW,Q.
b ;
Ispkgo At, mdry).
6) Step: mj_step; set m <— my4; and read back xj4 ;.

5) Mass: mj4q  max(my —

In short, the method enforces a minimal, physically
grounded lander model: rigid-body dynamics with fixed
principal inertia, gravity, and a gimbaled thrust applied at
the nozzle location. MuJoCo supplies contact impulses and
integrates the equations of motion; our implementation com-
putes only the thrust wrench from the control and updates the
rocket’s mass by the rocket equation (I7). This separation
keeps the simulator faithful yet lightweight for large-scale
policy training.
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