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Abstract

Lunar quadruped robots face landing challenges including weak gravity, large mass
variations, uncertain sloped terrain, and strict payload acceleration limits, requiring
effective impact mitigation and rapid post-landing stabilization. This paper presents a novel
end-to-end reinforcement learning-based landing controller with three key novelties: (i) a
phase-structured yet implicitly encoded formulation that distinguishes contact preparation,
energy dissipation, and stabilization without explicit phase switching; (ii) a terrain-agnostic
state and control representation using equivalent support direction construction and
contact-gated modulation to decouple normal–tangential dynamics; and (iii) an extremum
oriented learning strategy that directly captures peak impact suppression and buffering
sufficiency, addressing limitations of cumulative rewards in hybrid, peak-dominated tasks.
A hybrid control model for lunar quadruped landing dynamics is established, incorporating
variable mass, low impact, and full stroke as key constraints during training. Simulation
and full-scale experimental prototypes are built to validate the controller. Simulation results
demonstrate robust landing buffering and stability control under varying mass, landing
velocity, and slope conditions, with favorable robustness against parameter variations.
Experimental verification is conducted under diverse conditions including different masses
(200 kg, 250 kg), vertical/horizontal landing velocities (0.8 m/s, 0.2 m/s), and slopes
(0◦, 8◦). The deviation between simulation and experimental results does not exceed
30%, confirming the effectiveness and transferability of the proposed approach.

Keywords: quadruped robots; landing buffering; reinforcement learning; friction modeling;
intelligent control

1. Introduction
In low-gravity environments such as the lunar surface, quadruped robots typically

achieve deployment and obstacle negotiation with the assistance of jumping/propulsion.
Their ground contact phase is characterized by multi-point contact switching, significant
uncertainties in contact stiffness and friction, and the coupling difficulty of normal cushion-
ing and tangential anti-sliding is further exacerbated on sloped terrain and soft/deformable
ground [1–3]. The landing impact dynamics exhibit strong nonlinearity and transience,
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where hazards are often dominated by short-term peak accelerations/loads, thereby induc-
ing the risks of structural damage and attitude instability. Under the conditions of uncertain
terrain and soft ground, stability prediction and verification have also highlighted the im-
portance of such peak-dominated failure mechanisms [4–6]. Meanwhile, in low gravity,
the energy dissipation mechanisms (cushion stroke utilization, contact energy consump-
tion) are more prone to forming an “energy dissipation–stability” contradiction with the
demands for attitude stabilization and anti-sliding, making control strategies that rely solely
on empirical parameters or simplified contact assumptions unable to cover all working
conditions [7,8].

For impact mitigation and stability recovery, research approaches have evolved from
model-based soft landing concepts of energy loss minimization and impedance/cushioning [9],
cushioning design of landing mechanisms [10], and multi-physics coupled modeling and
analysis of the landing process [8], to dynamic motion generation and tracking com-
bined with optimization and predictive control [11,12]. Against this backdrop, reinforce-
ment learning (RL) has been systematically summarized and widely adopted due to its
adaptability to continuous state-action spaces, unknown dynamics, and complex contact
interactions [13,14]. On the one hand, neuro-inspired/central pattern generator (CPG)
methods and hierarchical learning have improved the energy efficiency of quadruped
locomotion and adaptability to complex environments [15,16] and been validated in rough-
terrain walking and robust locomotion skill learning [3,17]. On the other hand, deep RL
has been applied to the control and gait transition of typical quadruped platforms [18,19],
the stability enhancement and adaptability of hexapods on complex terrain [20], and ex-
tended to scenarios such as low-gravity jumping/landing, redirection-landing control,
and stable jumping in planetary missions [21,22]. In addition, image/meta-RL-based guid-
ance, navigation, and control (GNC) for autonomous landing with safe site selection, as well
as mission decision-making methods such as multi-criteria group decision-making criterion
reduction, have also driven the learning-oriented trend of the “perception–decision–control”
closed loop [23–25].

Despite the progress made in learning paradigms, existing landing-related studies still
have three common limitations in their general approaches [26,27]. First, the assumptions
about the environment and system are overly idealized: many studies focus on single-
leg jumping balance or horizontal ground contact scenarios, or verify strategies under
fixed parameters and nominal models, making it difficult to cope with real mission distur-
bances such as sloped terrain, friction drift, and large-range mass variations [2,19,28,29].
Even though research on trajectory optimization of lunar jumpers, image/meta-learning-
based autonomous landing and safe site selection has considered task-level uncertainties,
the coupling problems of mass/contact randomness and control in the landing phase are
often weakly addressed, resulting in insufficient cross-condition consistency [30]. Second,
the semantic modeling of physical coupling and constraints is inadequate: the suppres-
sion of normal impact and tangential anti-sliding stability are strongly coupled during
sloped landing, while the normal terrain properties and friction are often not directly
measurable [31–33]. Although relevant studies have revealed the coupling mechanisms
from the perspectives of stability analysis on uncertain terrain, predictive verification on
soft ground, bionic lander design, and discrete element method–finite element method–
multi-body dynamics (DEM–FEM–MBD) coupled simulation [4–6,8], there is a lack of a
unified learnable constraint representation with end-to-end policy learning, leading to a
common reliance on friction priors or decoupled modeling [34,35]. Furthermore, studies
on spring–damper devices and fuzzy RL for space robot capture, attitude–orbit coupled
sliding mode and event-triggered transmission for spacecraft formation, and RL-based
robust control for underactuated multi-agent coordination have provided experience in
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handling “coupled systems + constraints”, but have not directly solved the optimizable
expression of extreme-type safety metrics such as foot-end contact peaks and ground
clearance during the landing transient [36–38]. Finally, rewards and objectives fail to re-
flect the phase characteristics of the landing mission: in the field of locomotion control,
the advantages of phase/hierarchical decomposition have been demonstrated through CPG
hierarchical control, hexapod hierarchical stability, and multi-agent hierarchical energy
management [16,20]. However, in most end-to-end RL methods for landing, the three key
phases of contact preparation, energy absorption, and stability recovery are still com-
pressed into a single reward function. This leads to the dilution of critical transient peaks
by step-wise cumulative rewards, unclear learning guidance, and limited training efficiency
and policy performance [39]. Even though transfer learning and integrated objectives
have been introduced in planetary redirection landing and integrated attitude-landing
control [21,22,40], more explicit phase semantics and extreme safety characterization are
still required to support engineering deployability [41,42].

Based on the above limitations, this paper proposes a learning-based control frame-
work for the landing of lunar quadruped robots on complex sloped terrain with large-range
mass uncertainty. Compared with existing reinforcement learning landing methods that
often assume flat terrain, fixed mass, or rely on explicit terrain priors, the proposed ap-
proach offers three distinctive contributions: (1) a phase-structured yet implicitly encoded
control formulation that differentiates contact preparation, energy dissipation, and stabi-
lization without requiring explicit phase switching; (2) a terrain-agnostic state and con-
trol representation based on equivalent support direction and contact-gated modulation,
which decouples normal–tangential dynamics and reduces reliance on terrain geometry;
and (3) an extremum-oriented learning objective that directly captures peak impact suppres-
sion and buffering sufficiency, addressing the limitations of standard cumulative rewards
in hybrid, peak-dominated tasks. These elements collectively enable robust impact mitiga-
tion and stability recovery under uncertain mass, varying impact velocities, and sloped
terrain conditions.

The remainder of this paper is organized as follows. The lunar sloped-terrain landing
problem is formulated in Section 2 as a hybrid control task, and the limitations of naive
end-to-end reinforcement learning are discussed. The phase-structured landing framework
and the implicit phase encoding strategy are presented in Section 3. The terrain-aware
state and control representation, including equivalent support direction construction and
contact-gated modulation, is introduced in Section 4. The learning-based control design,
reward function, and success criteria are detailed in Section 5. The training configuration
and implementation details are described in Section 6. Simulation results and robustness
analysis are reported in Section 7. Hardware experimental validation under multiple test
conditions is presented in Section 8. The paper is concluded in Section 9.

2. Problem Formulation and Modeling
2.1. Dynamics Model of a Lunar Quadruped Robot

To address the challenges of mobile exploration across the complex terrain of the
lunar surface, this paper proposes and designs a lunar quadruped robot. Adopting a
bio-inspired leg configuration, the platform exhibits high-dynamic locomotion, terrain
adaptability, and efficient obstacle-negotiation capabilities, making it suitable for long-
distance, multi-task scientific exploration under the low-gravity, soft-soil, and rugged
topographical conditions of the Moon. The robot employs a symmetric quadruped layout,
with each leg featuring three active degrees of freedom (DoFs) that respectively achieve hip
abduction/adduction, hip pitch, and knee pitch motion. The overall structure is compact
and highly integrated; while ensuring sufficient structural stiffness and load-bearing ca-
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pacity, lightweight design and high-performance actuation enable efficient mobility. This
section focuses on the design of the robot’s leg mechanism, including configuration selec-
tion, kinematic layout, materials and lightweighting strategies, and the design of the joint
drive units.

As the core components responsible for both locomotion and support, the leg con-
figurations directly influence the robot’s locomotion performance, terrain adaptability,
and energy efficiency. The legs of the proposed quadruped robot adopt a hybrid parallel–
serial mechanism, with the main structure based on a Parallel Five-Bar Mechanism (PFBM)
for knee actuation, combined with a serial hip abduction/adduction DoF. This design
ensures a large workspace and high load-bearing capacity while enabling a concentrated
mass distribution of the drive units, significantly reducing the leg’s moment of inertia and
benefiting joint dynamic response and walking efficiency.

As illustrated in Figure 1, the robot’s thigh and shank are connected via a set of
parallel five-bar linkages, where the actual knee motion is jointly controlled by two active
actuators located at the hip. Specifically, the thigh link is connected to the shank link
through two parallel rocker arms, forming a closed kinematic chain. This layout relocates
all knee-driving motors upward near the hip joint, substantially reducing the mass of the
shank and foot-end, thereby lowering the inertial load of the swing leg and improving
gait frequency and energy efficiency. In addition, all electrical components are positioned
above the hip, avoiding direct exposure of motors, encoders, and wiring to harsh lunar
conditions such as dust and extreme temperatures, thus enhancing environmental tolerance
and system reliability.

Figure 1. Mechanical Design of a Lunar Quadruped Robot.

Each leg possesses three active DoFs:

• Hip abduction/adduction: Enables leg spreading and retraction in the lateral plane,
used to adjust the support polygon, achieve turning, and maintain lateral balance.

• Hip pitch: Cooperates with the knee to generate forward and backward leg swinging,
serving as the primary source of propulsion.

• Knee pitch: Implemented via the PFBM, works in conjunction with hip pitch to accom-
plish foot-end trajectory tracking, ground contact force control, and terrain adaptation.

The motion range of each joint is optimized to balance workspace requirements with
structural interference avoidance: the hip abduction/adduction range is ±90◦, the hip
pitch range is −90◦ to 30◦, and the equivalent knee pitch range is −180◦ to 70◦. This
configuration allows the robot to perform various locomotion modes on the lunar surface,
including large-stride walking, in-place turning, and leg lifting for obstacle negotiation.

Leg geometric parameters directly affect kinematic performance and force trans-
mission efficiency. Considering the lunar low-gravity environment and soil mechanical
properties, this paper selects equal lengths of 0.5 m for both the thigh and shank links. This
equal-length design maximizes the workspace for a given total leg length and ensures that
the hip and knee joints share a similar torque distribution during the stance phase, which
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is beneficial for actuator load balancing and thermal management. Moreover, equal-length
links enhance kinematic symmetry, simplifying gait generation and control algorithms.

In terms of structural materials, the primary load-bearing components of the legs—
such as the thigh, shank, and connecting rods—are fabricated from carbon fiber composite
materials into hollow thin-walled tubular structures, achieving extreme lightweighting
while maintaining adequate stiffness and strength. Specifically, the thigh link weighs 2.1 kg,
the shank 1.2 kg, and the foot pad 0.6 kg. Carbon fiber materials offer high specific strength,
a low coefficient of thermal expansion, and good vibration damping characteristics, making
them well-suited for the large diurnal temperature variations and mechanical vibration
environment of the Moon.

To improve energy efficiency during walking and enhance adaptability to ground
impacts, a passive linear tension spring (with a stiffness of 6000 N/m and a free length of
0.21 m) is integrated at the knee joint. This spring stores part of the kinetic energy during
the stance phase and releases it during the swing phase, helping to reduce joint motor
power consumption and achieve tendon-like elastic energy cycling. During continuous
walking, the passive spring can smooth joint torque fluctuations, reduce peak actuator
loads, and improve overall system efficiency and endurance.

Each active joint is driven by a custom-developed Integrated Drive Unit (IDU), which
is compact, lightweight, and capable of high torque output. The IDU comprises an outer-
rotor servo motor, a harmonic drive reducer, a torque sensor, an encoder, and an integrated
housing, with a total mass of only 3.0 kg and a maximum output torque of 140 N·m.
The motor features a high torque density design, with a rated torque of 1.8 N·m and a
peak torque of 2.4 N·m; when combined with a harmonic reducer with a transmission ratio
of 100, it meets the high-torque and dynamic response requirements of lunar locomotion.
The torque sensor provides real-time measurement of joint output torque for force control
and ground contact detection, while the high-resolution encoder offers precise joint position
feedback to support high-accuracy trajectory tracking.

The robot’s body adopts a semi-monocoque structure combining an aluminum alloy
frame with carbon fiber skin, measuring 1.45 m (length) × 1.45 m (width) × 0.4 m (height).
The interior integrates the control system, communication module, energy storage battery,
and interfaces for scientific payloads. The total mass of the robot is adjustable within the
range of 200–360 kg to accommodate different mission configurations. The four legs are
symmetrically arranged at the four corners of the body, forming a stable support base. All
hip joint actuators are embedded within the body, further lowering the center of mass and
enhancing both static and dynamic stability. In summary, through the synergistic design
of parallel actuation layout, equal-length link optimization, carbon fiber lightweighting,
passive elasticity integration, and high-performance drive units, the robot’s leg mechanism
achieves a favorable balance among structural stiffness, motion agility, environmental
adaptability, and energy efficiency, laying a solid mechanical foundation for robust mobility
across the complex terrain of the lunar surface.

The specific parameters of the lunar quadruped robot are shown in Table 1.
As shown in Figure 2, the body frame ΣB is defined with its origin at the lander’s

body center. The x-axis of ΣB points forward (in the direction of travel) and the z-axis
is perpendicular to the upper plane of the body (pointing roughly upward). Each leg i
(for i = 1, . . . , 4) has an associated leg frame ΣLi with origin at the leg’s hip joint (the inter-
section point of the axes of the three leg joints). In frame RLi , the x-axis points from the
leg hip toward the body center, and the y-axis is chosen parallel to the z-axis of ΣB (so all
frames are oriented consistently in the vertical direction). The world frame ΣW is a fixed
reference frame (e.g., lunar surface frame) that coincides with ΣB at the initial time. All
coordinate systems are right-handed Cartesian frames.
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Table 1. Design of Key Parameters for a Lunar Quadruped Robot.

Name Unit Number

Mass kg 200–360
Thigh link length m 0.5
Shank link length m 0.5

Body length m 1.45
Body width m 1.45
Body height m 0.4

Maximum joint torque N·m 140
Roll joint motion range ◦ −90–90

Hip pitch joint motion range ◦ −90–30
Knee pitch joint motion range ◦ −180–70

Tension spring stiffness N/m 6000
Tension spring free length m 0.21

Joint mass kg 3
Thigh link mass kg 2.1
Shank link mass kg 1.2
Foot pad mass kg 0.6

For each leg, we define the vector of generalized coordinates (active joint angles) as
qi = [θai , θti , θsi ]

T, where θai is the abduction angle, θti is the thigh angle, and θsi is the rocker
arm angle (related to the knee joint). In the following, since all legs have identical structure,
we derive the leg dynamics for a generic leg and omit the leg index i for simplicity.

Figure 2. Dynamic model of the Lunar Quadruped Robot.

The Lunar Quadruped Robot is modeled as a central rigid body supported by four legs,
as shown in Figure 2. Let mb be the total mass of the body, and Ib its inertia tensor about
the body frame origin Ob. We denote by rcom the vector from Ob to the body center of
mass (COM). For each leg, let OL be the origin of its leg frame (coincident with the hip joint
location), and BPtip the vector from Ob to OL. The vector from Ob to the leg’s tip is denoted
BPtip , and similarly we denote by LiPtip the vector from the leg frame origin OL to the tip
(thus BPtip = BPLi +

LiPtip in coordinates of ΣB). When the lander contacts the ground,
a ground reaction force Fg will act on the tip of each contacting leg (pointing upward from
the ground on the tip). Each leg contains active joint actuators that behave as tunable
spring–damper units (by compliance control), characterized by spring stiffness coefficients
Ka, Kt, Ks and damping coefficients Ba, Bt, Bs for the abduction, thigh, and rocker joints
respectively. In addition, each leg has a passive linear spring (in the parallel five-bar
mechanism of the knee) with stiffness Kp.

Using Newton–Euler equations, the translational and rotational equations of motion
for the body can be written as:
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mbab = mbg +
4

∑
i=1

Fgi (1)

d
dt
(Ibωb) =

4

∑
i=1

(
(rcom + rti)× Fgi

)
(2)

where ab and ωb are the linear acceleration and angular velocity of the body in ΣB, and g
is the gravitational acceleration vector (in ΣB coordinates). The first equation is simply
F = ma for the body center of mass, stating that the net force (gravity plus all ground
contact forces Fgi on the legs) equals the total mass times acceleration. The second equation
is the angular momentum balance about the body’s center of mass (incorporating the
gyroscopic term ωb × Ibωb) and states that the sum of moments due to all ground reaction
forces about Ob equals the time rate of change in angular momentum of the body. In these
equations, rcom and rti are expressed in the body frame.

When the lander is in flight (no ground contact), Fgi = 0. During landing, as soon
as a leg’s foot contacts the ground, the corresponding Fgi becomes nonzero and the leg
begins to compress, causing rti (the tip position relative to the body) to change with time.
Thus, to solve the above body equations for the landing dynamics, we first need the leg tip
trajectories rti, which are obtained by solving the leg dynamic model as derived next.

We derive the dynamic equations of a single leg of the Lunar Quadruped Robot using
d’Alembert’s principle in the form of virtual work. Let the leg’s generalized coordinates be
q = [θa, θt, θs]T, where θa is the hip abduction (or swing) angle, θt is the thigh (upper leg)
rotation angle, and θs is the shank (lower leg) rotation angle. These angles uniquely define
the leg configuration. We consider infinitesimal virtual displacements δθa, δθt, and δθs

in each of these coordinates. Correspondingly, each link j (for j = 1, . . . , 5) of the leg
experiences a virtual linear displacement δrcj of its center of mass (COM) and a virtual
angular displacement δθcj about its COM.

In applying d’Alembert’s principle, we introduce the inertial force and inertial torque
for each link j:

FI j = −mjacj TI j = −Ijαcj (3)

where mj is the mass of link j, Ij its moment of inertia about the relevant axis, acj the linear
acceleration of its COM, and αcj its angular acceleration. The negative signs indicate these
inertial forces/torques act opposite to the actual accelerations. The leg is also subjected
to applied forces/torques: (i) Ta, Tt, Ts are the torques applied by the actuators at the
joints corresponding to θa, θt, θs, respectively (positive in the direction of increasing each
coordinate); (ii) a passive linear spring (with an inline damper) in the leg’s parallelogram
mechanism exerts an internal spring force Fp along its length Lp; and (iii) an external
ground reaction force Fg = [Fex; Fey; Fez]T acts on the foot (tip). Using the principle of
virtual work, the total virtual work done by all these forces and torques (including inertial
forces) must sum to zero for any set of virtual displacements (δθa, δθt, δθs). To account
for joint friction at the three actuated joints (θa, θt, θs), we introduce friction torques Tf a,
Tf t, Tf s at the hip abduction, thigh, and shank joints, respectively. These torques act in
opposition to the motion at each joint. Incorporating these into the principle of virtual work
adds additional negative work terms for each DOF. Therefore, we can write the equilibrium
of virtual work as:

FT
p δLp + TT

a δθa + TT
t δθt + TT

s δθs − TT
f aδθa − TT

f tδθt − TT
f sδθs + · · ·

· · ·+
5

∑
j=1

(
FT

Ijδrcj + TT
Ijδθcj

)
+ FT

g δrtip = 0 (4)
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Each term in Equation (4) corresponds to the virtual work done by a force or torque:
for example, Taδθa is the work by the hip actuator torque through the virtual rotation δθa,
FT

Ijδrcj is the work by the inertial force of link j through its virtual COM displacement, etc.
We now proceed to expand each term in detail.

The passive spring (of length Lp) is connected between the thigh and shank via the
parallelogram linkage. Let La and Lb be the fixed link lengths from the spring’s mounting
points to the hip and shank joints, respectively, and let p be a constant geometric offset
angle in the spring’s placement. The length Lp is a function of the joint angles θt and θs

(and p). In fact, from the law of cosines one can derive:

Lp =
√
[L2

a + L2
b − 2LaLbc(θs − θt)] (5)

Differentiating this expression, the virtual change in spring length δLp is obtained as:

δLp =
LaLb
Lp

s(π + θs − θt) · (−δθt + δθs) (6)

The spring’s virtual work contribution in Equation (4) is then

FpδLp = Fp
LaLb
Lp

s(π + θs − θt) · (−δθt + δθs) (7)

Next we derive δrcj for each link j. For clarity, let us define shorthand notations
cx := cos x and sx := sin x for any angle x. All coordinates and vectors are expressed in the
leg’s local coordinate frame ΣLi (attached at the leg’s base). The kinematic structure of the
leg of Lunar Quadruped Robot is as follows: link 1 is the hip housing (rotating about the
body with angle θa about a nearly horizontal axis), link 2 is the thigh (rotating by θt relative
to the hip), link 3 is a rocker arm in the four-bar knee mechanism (rotating by θs relative
to the hip, in concert with the shank), link 4 is the connecting link of the four-bar (pinned
between the thigh and rocker), and link 5 is the shank (which holds the foot). Each link j
has a known length or offset to its center of mass, denoted rj (for j = 1, . . . , 5). Additionally,
links 3 and 5 have small COM offset angles u3 and u5, respectively (accounting for the fact
that their centers of mass are not located exactly along the geometric link line). Links 1, 2, 4
have COMs on their symmetry axis so any offset angle for them is zero or neglected. Using
the leg geometry, we can write the position vectors of each link’s COM in the RL frame as
functions of θa, θt, θs. Differentiating those will give the virtual displacements δrcj. We list
the results here:

δrc1 =
[
0 0 0

]T
(8)

δrc2 =

 −r2sθtδθt

r2cθtcθaδθt − r2sθtsθaδθa

r2cθtsθaδθt + r2sθtcθaδθa

 (9)

δrc3 =

 −r3s(θs − φ3)δθs

r3c(θs − φ3)δθscθa − r3s(θs − φ3)δθasθa

r3c(θs − φ3)δθssθa + r3s(θs − φ3)δθacθa

 (10)

δrc4 =

 −Lasθsδθs − r4sθtδθt

(Lacθsδθs + r4cθtδθt)cθa − (Lasθs + r4sθt)sθaδθa

(Lacθsδθs + r4cθtδθt)sθa − (Lasθs + r4sθt)cθaδθa

 (11)
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δrc5 =


−Ltsθtδθt + r5s(θs − φ5)δθs

[Ltcθtδθt − r5c(θs − φ5)δθs]cθa

−[Ltsθt − r5s(θs − φ5)]sθaδθa

[Ltcθtδθt − r5c(θs − φ5)δθs]sθa

+[Ltsθt − r5s(θs − φ5)]cθaδθa

 (12)

We must also account for the virtual rotations δθcj of each link’s COM. Each link’s
small rotation can be expressed in terms of the virtual changes δθa, δθt, δθs. Importantly, θa

is a rotation about the leg’s x-axis, while θt and θs are rotations taking place in the plane
that has been rotated by θa. A small rotation of link j by δθa corresponds to an angular
displacement δθ about the x-axis (i.e., δθx = δθa, δθy = 0, δθz = 0 in RL coordinates).
A small rotation by δθt (of those links that depend on θt, namely links 2 and 4) corresponds
to an angular displacement about an axis perpendicular to the x-axis. When θa = 0, the θt

rotation axis is along the z-axis of RL; for a general θa, that axis is rotated by θa about x,
yielding a unit direction vector (0,−sθa, cθa) in the RL frame. Similarly, a small rotation
δθs (for links 3 and 5 which depend on θs) is about an axis initially along the z-axis (when
θa = 0) and thus along (0,−sθa , cθa) after rotation by θa.

Using these observations, we can write the virtual rotation of each link’s COM as a
3-component vector. For example,

δθc1 =
[
δθa 0 0

]T

δθc2 =
[
δθa −sθaδθt cθaδθt

]T

δθc3 =
[
δθa −sθaδθs cθaδθs

]T

δθc4 = δθc2

δθc5 = δθc3

(13)

Finally, the virtual displacements of Fp can be given as

δrtip =

 −Ltsθtδθt + Lssθsδθs

(Ltcθtδθt − Lscθsδθs)cθa − (Ltsθt − Lssθs)sθaδθa

0(Ltcθtδθt − Lscθsδθs)sθa + (Ltsθt − Lssθs)cθaδθa

 (14)

The above equations can be recognized as the dynamic equilibrium conditions
(force/moment balance) for the θa, θt, and θs motions, including all inertial and applied
effects. While these expanded equations are correct, it is helpful to express them in a more
compact form. We can identify in each equation the contributions from inertial forces
(which will be associated with acceleration terms θ̈a, θ̈t, θ̈s), from velocity-dependent effects
(Coriolis and centrifugal terms, associated with ḣ products), from gravity and spring forces
(potential forces), and from external forces. In fact, the above equations can be written in
matrix–vector form as:

M(q)q̈ + C(q, q̇) + G(q) = τ (15)

where M(q) ∈ R3×3 is the symmetric mass/inertia matrix of the leg, C(q, q̇), q̇ ∈ R3 is
the vector of Coriolis and centrifugal terms, G(q) ∈ R3 is the gravity and spring force
generalized force vector (including weight of links as well as the passive spring force,
which acts like an elastic potential), and τ ∈ R3 is the vector of generalized actuator forces
(here, the three actuator torques [Ta, Tt, Ts]T). Equation (15) is the standard form of the
leg’s equations of motion. In the absence of external contact force (Fg = 0), τ would
equal the actual motor torques required to produce the motion q(t). When an external foot
force Fg is present (such as during landing impact), its effect appears on the right-hand
side of Equation (15) as well, typically through an additional term JT(q)Fg (where J is
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the foot Jacobian). In other words, the actuator torques must also counteract the external
force’s influence.

2.2. Lunar Sloped-Terrain Landing as a Hybrid Control Problem

In this study, the gravitational acceleration is explicitly set to the lunar gravity level,
i.e., approximately one-sixth of Earth’s gravity:

gmoon ≈ 1.62–1.63 m/s2. (16)

Unless otherwise specified, all references to gravity in this paper correspond to this
lunar-gravity setting. The robot is modeled as a free-floating multibody system with a
floating base and twelve actuated leg joints, interacting with the environment through
intermittent multi-point contacts at the feet. Let the system state be denoted by

x = (q, q̇) (17)

where q includes the base position and orientation as well as joint coordinates, and q̇
denotes the corresponding generalized velocities.

Unlike flat-ground locomotion or quasi-static stance control, the landing process is
inherently hybrid, involving both continuous-time dynamics and discrete contact events.
During an episode, the system evolves through a sequence of modes characterized by
different contact configurations, including free-flight, partial foot contact, full multi-leg
support, and possible transient detachment or rebound. Each contact event introduces
discontinuities in acceleration and constraint activation, resulting in nonsmooth dynamics.

The presence of a sloped terrain fundamentally alters the structure of contact inter-
actions. Gravity is no longer aligned with the principal support direction, and normal
and tangential contact forces become strongly coupled. Under this weak-gravity condition
g = gmoon, the flight phase is prolonged, and the transition from flight to contact becomes
highly sensitive to initial conditions.

From a control perspective, the landing impact mitigation problem thus constitutes
a high-dimensional hybrid control problem with strong nonlinearities, mode-dependent
constraints, and pronounced transient phenomena concentrated in short time intervals
around contact events.

2.3. Control Objectives and Engineering Constraints

The ultimate goal of lunar landing impact mitigation is not merely to bring the robot
to rest, but to do so in a manner that satisfies strict engineering safety and stability re-
quirements. Accordingly, the control objectives are defined at both instantaneous and
episode levels.

2.3.1. Impact Mitigation and Peak Suppression

From a structural safety standpoint, the primary risk during landing arises from
short-duration impact peaks rather than average loads. Let alin and α denote the linear
and angular accelerations of the robot base, respectively. To isolate impact-induced effects,
the gravity-compensated excess linear acceleration is defined as

aex = alin − gmoon (18)

where gmoon denotes the constant lunar gravitational acceleration used throughout both
the modeling and experimental evaluations. In both simulation and experimental setups,
the gravitational acceleration is consistently set to gmoon. All gravity-related quantities
in the controller design and evaluation metrics are defined with respect to this value,
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including excess acceleration computation and the interpretation of landing dynamics
under weak-gravity conditions.

The corresponding impact intensities are quantified by the norms

aex = ∥aex∥, α = ∥α∥ (19)

The control objective is to minimize the maximum values of these quantities over the
entire landing episode

min max
t∈[0,T]

(aex(t), α(t)) (20)

subject to system dynamics and contact constraints. This extremum-oriented objective
reflects the fact that peak overloads dominate failure risk for mechanical structures, joint
transmissions, and onboard instruments.

2.3.2. Posture Stability and Slip Suppression

In addition to impact mitigation, the robot must maintain posture stability during and
after touchdown. Excessive roll or pitch excursions can lead to rollover, while tangential
velocities along the slope may violate friction constraints and induce foot slip. Therefore,
posture angles, angular velocities, and tangential motion components must be regulated
within admissible bounds throughout the landing process.

2.3.3. Sustained Stability and Effective Buffering

A successful landing requires not only instantaneous satisfaction of stability conditions,
but also their persistence over a finite time interval. Moreover, the leg mechanisms must
actively engage to dissipate kinetic energy through compression. Superficial strategies that
momentarily satisfy velocity or posture thresholds without meaningful energy absorption
are unacceptable from an engineering standpoint. Consequently, success is defined by the
combination of sustained stability and sufficient utilization of the available buffering stroke.

Together, these requirements impose a set of state, input, and trajectory-level con-
straints on the control policy, including limits on accelerations, body orientation, ground
clearance, joint torques, and contact conditions. These constraints must be respected despite
uncertainty in initial velocities and variations in system mass due to payload configuration
or propellant consumption.

2.4. Limitations of End-to-End Reinforcement Learning

A natural approach to the above problem is to apply end-to-end reinforcement learn-
ing, treating the entire landing process as a black-box Markov decision process. However,
the hybrid and extremum-dominated nature of lunar landing introduces several funda-
mental limitations to naive end-to-end formulations, as shown in Figure 3.

First, different phases of the landing process are governed by distinct physical objec-
tives. During flight and early contact, the primary concern is establishing consistent contact
without inducing numerical or physical artifacts, whereas during buffering, peak impact
suppression and energy dissipation dominate. In later stages, sustained stability becomes
the main criterion. When these heterogeneous objectives are combined into a single undif-
ferentiated reward signal, gradients associated with different phases tend to interfere with
each other, weakening learning signals at critical transients such as touchdown impacts.

Second, standard step-wise cumulative rewards are ill-suited for extremum-oriented
objectives. Short but hazardous impact peaks may contribute negligibly to the total return
when averaged over long episodes, leading the policy to underestimate their importance.
As a result, learned behaviors may exhibit opportunistic strategies that shift or concentrate
impacts rather than genuinely suppressing them.
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Third, hybrid events such as contact establishment and rebound introduce nonsmooth
dynamics that violate the assumptions underlying many reinforcement learning algorithms.
Without appropriate problem structuring, policies may exploit simulator artifacts near
contact transitions or develop unstable behaviors that are not physically meaningful.

Finally, purely end-to-end formulations often struggle to incorporate engineering
constraints in a principled manner. Hard termination alone leads to sparse learning signals,
while overly aggressive penalties may destabilize training or bias the policy toward overly
conservative behaviors.

These limitations motivate a more structured problem formulation that preserves
the advantages of end-to-end learning while embedding physical consistency and engi-
neering semantics into the control problem. In the following sections, we introduce a
phase-structured modeling framework, terrain-aware state and control representations,
and extremum-oriented performance modeling that collectively address the above chal-
lenges without resorting to explicit phase switching or multi-policy architectures.

Figure 3. Phase-structured decomposition of the sloped-terrain landing process: contact preparation,
energy dissipation (buffering), and stabilization.

3. Phase-Structured Landing Framework
The block diagram of the proposed terrain-aware learning-based control design for

sloped-terrain landing is illustrated in Figure 4.

Figure 4. Block diagram of the proposed reinforcement learning-based landing control framework.

3.1. Implicit Phase Decomposition of the Landing Process

The landing impact mitigation process of a quadruped robot on sloped terrain exhibits
strongly time-varying dynamics, in which the dominant physical mechanisms and control
requirements change substantially over the course of a single episode. Rather than treating
landing as a homogeneous control problem, we adopt a phase-structured perspective,
in which the overall process is decomposed into a sequence of conceptually distinct phases
according to the evolution of contact conditions, energy flow, and stability characteristics.

Importantly, the proposed phase decomposition is introduced for modeling and
analysis purposes only. No explicit phase variable, phase classifier, or mode-switching
controller is assumed to be available to the policy. Instead, phases are defined implicitly by
physical events and state evolution.

https://doi.org/10.3390/machines14040417

https://doi.org/10.3390/machines14040417


Machines 2026, 14, 417 13 of 44

From a control and dynamics standpoint, the landing process can be decomposed into
three consecutive phases:

1. Contact Preparation Phase;
2. Energy Dissipation (Buffering) Phase;
3. Stabilization Phase.

Let t ∈ [0, T] denote the episode time horizon. The three phases are not separated
by fixed time instants, but rather by state-dependent transitions governed by contact
establishment, impact occurrence, and convergence to a quasi-static regime.

The contact preparation phase corresponds to the initial interval during which the
robot transitions from flight to consistent multi-leg contact. The primary requirement in
this phase is the establishment of a physically consistent contact state, rather than energy
dissipation. Let C(t) denote the contact set. A necessary condition is

|C(t)| ≤ 1 (21)

with a preference toward multi-leg support. The dynamics in this phase are dominated by
contact activation and geometric consistency, and improper handling may lead to spurious
impulsive artifacts that degrade policy learning.

During this phase, the system dynamics are dominated by geometric consistency
and constraint activation rather than energy dissipation. The primary concern is to avoid
non-physical contact artifacts and numerical inconsistencies that may corrupt subsequent
learning signals.

The energy dissipation (buffering) phase begins once effective foot–ground contact
is established and significant kinetic energy must be absorbed through leg compression
and contact work. This phase is characterized by rapidly varying contact forces and
peak-dominated impact responses. The objective can be expressed as

Ekin(t)→ Elow
kin , (22)

while minimizing the worst-case impact response

min max
t∈Tbuf

(
aex(t), α(t)

)
, (23)

where aex(t) = alin(t) − g. This formulation highlights that buffering must occur
under peak-load constraints rather than purely minimizing energy. On sloped ter-
rain, tangential velocity must also be regulated to prevent slip, resulting in coupled
normal–tangential dynamics.

This phase is characterized by strong nonlinearities, rapidly varying contact forces,
and peak-dominated impact responses. Hybrid events such as partial detachment or
secondary contact may occur, and the system experiences its largest accelerations during
this interval.

Finally, the stabilization phase corresponds to the post-impact regime, in which the
system operates near a quasi-static equilibrium. Stability must be maintained over a finite
time interval rather than at a single instant. This is enforced through

∥ϕ(t)∥ ≤ ϕ̄, ∥vt(t)∥ ≤ v̄t, ∥ω(t)∥ ≤ ω̄. (24)

together with a buffering sufficiency condition

∆h = h0 − hmin, ∆h ≥ ∆hreq. (25)
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Although velocities and accelerations are small, instability may still arise due to
accumulated tangential motion, posture drift, or insufficient contact support. Therefore,
stability must be evaluated over a finite time window rather than at a single instant.

This phase decomposition clarifies the temporal structure of the landing task and pro-
vides a principled basis for defining phase-consistent control objectives, as discussed next.

3.2. Phase-Dominant Control Objectives

Each phase of the landing process is governed by a distinct set of dominant control
objectives, reflecting the underlying physical mechanisms and engineering requirements.

3.2.1. Contact Preparation Phase

During the contact preparation phase, the primary objective is contact consistency,
rather than impact mitigation or stabilization. Let C(t) denote the set of feet in contact with
the ground at time t. The goal of this phase is to establish a physically meaningful initial
contact configuration such that

|C(t)| ≥ 1 (26)

and preferably multiple contacts, without inducing spurious impulses or artificial slip.
At this stage, minimizing kinetic energy or posture deviation is not yet meaningful.

Instead, the dominant requirement is that the initial contact state satisfies geometric and
kinematic consistency, ensuring that subsequent impact responses arise from genuine
control behavior rather than numerical artifacts. Failure to satisfy this requirement may
cause the policy to learn compensatory actions for simulator-induced errors, leading to
poor generalization.

3.2.2. Energy Dissipation (Buffering) Phase

Once consistent contact is established, the system enters the buffering phase, dur-
ing which the dominant objective is to dissipate kinetic energy while suppressing hazardous
impact peaks. Let Ekin(t) denote the total kinetic energy of the robot. The buffering process
aims to reduce

Ekin(t)→ Elow
kin (27)

within the available compression stroke of the legs.
However, due to structural safety considerations, the buffering objective is not simply

to minimize energy as quickly as possible. Instead, it is constrained by peak acceleration
limits. Let aex(t) and α(t) denote the gravity-compensated linear and angular acceleration
magnitudes, respectively. The dominant objective of this phase can be expressed as an
extremum-oriented criterion

min max
t∈Tbuf

(
aex(t), α(t)

)
(28)

where Tbuf denotes the buffering interval.
On sloped terrain, tangential motion plays a critical role in stability. Excessive tan-

gential velocity may violate friction constraints and induce slip or rollover. Therefore,
buffering control must simultaneously suppress impact peaks and attenuate tangential
motion, leading to inherently coupled objectives during this phase.

3.2.3. Stabilization Phase

After the majority of kinetic energy has been dissipated, the system transitions into the
stabilization phase. In this regime, instantaneous state satisfaction is insufficient to guaran-
tee safe landing. Instead, stability must be maintained over a continuous time interval.
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Let ϕ(t) denote the body roll–pitch angles, vt(t) the tangential velocity component
relative to the support plane, and ω(t) the body angular velocity. Stability is defined
through joint satisfaction of bounds,

∥ϕ(t)∥ ≤ ϕ̄, ∥vt(t)∥ ≤ v̄t, ∥ω(t)∥ ≤ ω̄ (29)

for all t within a finite stability window.
In addition, sufficient utilization of the buffering mechanism must be verified. Let h0

denote the initial body clearance relative to the slope along the support normal, and hmin

the minimum clearance attained during the episode. The effective compression is defined as

∆h = h0 − hmin (30)

Stabilization is considered meaningful only if

∆h ≥ ∆hreq (31)

where ∆hreq denotes the minimum required compression stroke. This condition prevents
opportunistic strategies that achieve apparent stability without genuine energy dissipation.

3.3. Implicit Phase Encoding Without Policy Switching

While the landing process is naturally phase-structured, explicitly introducing phase
indicators or multiple phase-specific policies would significantly increase system com-
plexity and hinder robustness. Instead, this work adopts an implicit phase encoding
strategy, preserving a single end-to-end policy while embedding phase awareness through
environment design and objective formulation.

The phase boundaries are not defined by fixed time instants or explicit switching logic,
but arise implicitly from state evolution and physical events. Therefore, the controller
remains a single stationary policy

ut = πθ(ot) (32)

and phase-dependent behavior is achieved through state-dependent objective modulation.
ot denotes the observation vector and πθ is a stationary policy parameterized by θ. No
explicit phase variable appears in ot. For example, tangential regulation is scaled by the
contact ratio

σ(t) =
1
4

4

∑
i=1

ci(t), ṽ 2
t = σ(t) v2

t , (33)

which increases as support is established.
Phase information is instead conveyed implicitly through physically meaningful state

variables and history-dependent quantities. These include contact-related measurements,
slope-aligned velocity components, and episode-level statistics such as accumulated peak
accelerations and minimum clearance. As the system evolves, these variables naturally
reflect the current phase of the landing process, allowing the policy to infer phase-dominant
requirements from the observation alone.

Moreover, phase differentiation is reinforced through objective activation patterns
rather than discrete switching. Certain penalties or constraints become influential only
when their corresponding physical conditions are met. For example, tangential slip sup-
pression is emphasized once sufficient contact support is established, while peak impact
penalties become active only when new extreme events occur. This results in a smooth,
state-dependent modulation of control priorities across phases.

The key advantage of this implicit phase encoding lies in its balance between structure
and flexibility. The policy remains end-to-end and time-invariant, avoiding brittle mode
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transitions, while the learning problem retains strong physical interpretability. As a result,
the learned controller exhibits phase-appropriate behaviors—contact-consistent initializa-
tion, peak-aware buffering, and sustained stabilization—without requiring explicit phase
detection or supervisory logic.

This phase-structured yet implicitly encoded framework forms the foundation for the
terrain-aware state and control representations introduced in the following section.

4. Terrain-Aware State and Control Representation
Sloped-terrain landing differs fundamentally from flat-ground landing in that the

effective support direction associated with contacts is not aligned with a fixed axis of the
world frame. Consequently, control variables defined in the world frame (e.g., vertical
velocity along the global axis) do not possess consistent physical semantics across different
slopes and contact configurations. This mismatch induces reward ambiguity, learning
distribution drift, and reduced generalization.

To address this issue without requiring explicit terrain geometry or slope inclination
priors, we introduce a terrain-aware state and control representation based on an equivalent
support direction constructed from contact-consistent information. All velocity-related vari-
ables are expressed in the body frame and further decomposed into normal and tangential
components with respect to the equivalent support direction. A contact-gated modulation
mechanism is then applied to ensure that tangential objectives are enforced only when
effective support is established.

4.1. Equivalent Support Direction Construction

Let the world frame be denoted by {W} and the robot body frame by {B}, as illustrated
in Figure 2, which shows the dynamic model of the lunar quadruped robot with all relevant
coordinate frames, forces, and kinematic variables. The local terrain geometry is unknown
to the controller in realistic lunar missions; therefore, we avoid using explicit slope angles
or the true terrain normal as policy inputs. Instead, we construct an equivalent support
direction nw ∈ R3 that represents the dominant support normal formed by the current
foot-ground interaction.

In simulation, a physically grounded choice is to aggregate the contact normals
(or equivalently, the dominant directions of contact reactions) over all feet that are in
contact. Let C(t) ⊆ {1, 2, 3, 4} denote the set of contacting feet at time t, and let n(i)

w (t)
denote the contact normal associated with foot i ∈ C(t) (pointing outward from the terrain).
The equivalent support direction is defined as the normalized aggregate

ñw(t) = ∑
i∈C(t)

wi(t)n
(i)
w (t), nw(t) =

ñw(t)
∥ñw(t)∥+ ε

(34)

where wi(t) ≥ 0 are nonnegative weights (e.g., uniform weights or functions of normal
contact forces), and ε > 0 is a small constant for numerical robustness.

To eliminate sign ambiguity (e.g., the normal pointing into the terrain), a consis-
tency rule is imposed so that nw aligns with the physically admissible support half-space.
A simple and effective convention is to enforce a positive vertical component:

if e⊤z nw(t) < 0, then nw(t)← −nw(t) (35)

where ez = [0, 0, 1]⊤ is the unit vector of the world z-axis.
The key property of nw(t) is that it reflects the support direction implied by contact

physics rather than by external terrain priors. For rigid planar slopes, nw is approximately
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constant within an episode; for mild contact variations, nw(t) varies slowly and remains a
stable geometric reference for defining control variables.

4.2. Body-Frame Velocity Representation

Directly using world-frame velocities as policy inputs causes distribution drift under
varying slopes and body attitudes, because identical physical motions yield different
coordinate representations. To reduce this sensitivity, we express velocities in the robot
body frame.

Let RWB ∈ SO(3) denote the rotation matrix that maps vectors from the body frame
{B} to the world frame {W}. The base linear and angular velocities in the world frame are
vW ∈ R3 and ωW ∈ R3, respectively. Their body-frame representations are

vB = R⊤WBvW , ωB = R⊤WBωW (36)

Similarly, the equivalent support direction is transformed into the body frame as

nB =
R⊤WBnW

∥R⊤WBnW∥+ ε
(37)

This body-aligned formulation has two advantages. First, it provides a consistent
statistical structure for policy learning: forward/lateral/downward motions are always
encoded along the body axes regardless of slope orientation. Second, it naturally sup-
ports terrain-agnostic generalization because all slope-dependent information enters only
through nB, rather than through explicit slope angles.

4.3. Normal–Tangential Velocity Decomposition

Given vB and the equivalent support direction nB, we decompose the body-frame
linear velocity into a normal component (compression/impact direction) and a tangential
component (slip direction) relative to the support plane orthogonal to nB.

The normal velocity scalar captures the compression/penetration tendency along the
effective support direction. It is the most relevant velocity component for buffering stroke
utilization, rebound risk, and peak impact mitigation.

The tangential velocity vector is the residual after removing the normal projection:

vt = vB − vnnB (38)

The slip tendency can be quantified by its norm.
For practical implementation and to provide direction-resolved features, an orthonor-

mal tangential basis {t1, t2} spanning the plane orthogonal to nB may be constructed.
For example, choose a reference axis a ∈ {ex, ey} that is not nearly parallel to nB, and define

t1 =
a− (n⊤B a)nB

∥a− (n⊤B a)nB∥+ ε
, t2 = nB × t1 (39)

The tangential components are then

vt1 = t⊤1 vB, vt2 = t⊤2 vB, vt =
√

v2
t1 + v2

t2 (40)

This decomposition yields a one-to-one correspondence between kinematic variables
and physical objectives: vn governs buffering and impact suppression, while vt governs
anti-slip stabilization. Compared with applying penalties to world-frame components, this
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representation avoids objective drift caused by terrain orientation changes and improves
interpretability for both reward shaping and evaluation metrics.

4.4. Contact-Gated Variable Modulation

A key subtlety in sloped landing is that tangential velocity suppression should not
be enforced uniformly throughout the entire episode. During flight or insufficient sup-
port, aggressive tangential regulation may induce non-physical mid-air actions or over-
constrain the policy near contact establishment, which can increase touchdown impacts
and destabilize learning.

To address this, we introduce a contact-gated modulation mechanism that scales
tangential-related objectives according to the current support quality. Let ci(t) ∈ {0, 1} be
a binary indicator of whether foot i is in effective contact at time t. Define the contact ratio

σ(t) =
1
4

4

∑
i=1

ci(t) ∈ [0, 1] (41)

Tangential motion variables (or their associated penalties/constraints) are modulated
by σ(t). A simple and effective choice is linear gating, in which tangential suppression is
strengthened as more feet establish support.

ṽ2
t = σ(t)v2

t (42)

More generally, one may use a smooth nonlinear gate g(σ) satisfying g(0) = 0 and
g(1) = 1, e.g.,

g(σ) = σκ , κ ≥ 1, or g(σ) = clip
(

σ− σ0

1− σ0
, 0, 1

)
(43)

and apply it as ṽ2
t = g(σ).

This contact-gated modulation has two important consequences. First, it implicitly
differentiates control priorities across phases without introducing explicit phase switching:
tangential objectives are naturally down-weighted in the contact preparation stage and
become dominant only after stable support emerges. Second, it improves training stability
by preventing early exploration from being overly penalized for tangential components
that are physically unavoidable before full contact is formed.

In summary, the proposed terrain-aware representation consists of: (i) an equivalent
support direction nw constructed from contact-consistent information, (ii) body-frame
velocity representation (vB, ωB), (iii) normal–tangential velocity decomposition (vn, vt),
and (iv) contact-gated modulation via σ(t). Together, these elements provide physically in-
terpretable, terrain-agnostic control variables that significantly reduce coordinate-induced
distribution drift and support consistent learning across varying slopes and contact condi-
tions. The complete terrain-aware representation pipeline is illustrated in Figure 4.

5. Learning-Based Control Design
This section presents the learning-based control formulation for sloped-terrain landing

impact mitigation. Building upon the phase-structured framework and terrain-aware state
representation introduced earlier, we design a single end-to-end reinforcement learning
controller that remains stationary in time while exhibiting phase-appropriate behaviors
through structured observations, action parameterization, and objective modeling.
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5.1. Policy Architecture and Action Parameterization

The control policy is formulated as a stationary stochastic mapping

ut = πθ(ot) (44)

where ot ∈ Rno denotes the observation vector at control step t, ut ∈ R12 is the policy
output, and πθ is parameterized by θ. ut is a 12-dimensional continuous action representing
residual joint-position commands.

Let πθold denote the policy used to collect rollout data. The probability ratio is
defined as

rt(θ) =
πθ(at|ot)

πθold
(at|ot)

(45)

With Ât denoting the estimated advantage, PPO maximizes the clipped objective

Lclip(θ) = Et

[
min

(
rt(θ)Ât, clip(rt(θ), 1− ϵ, 1 + ϵ)Ât

)]
. (46)

The critic network is trained to approximate the state-value function Vϕ(ot), and the
advantage Ât is computed from rollout data using discounted returns or generalized
advantage estimation.

This update mechanism improves optimization stability, which is particularly im-
portant for landing tasks involving hybrid contact dynamics, peak-dominated transients,
and strong nonlinearities. The action space in this work is continuous and bounded,
with ut ∈ [−1, 1]12 representing residual joint commands, making PPO a suitable choice
for the present problem.

Directly outputting absolute joint position or torque commands often leads to poor
exploration efficiency and unstable behaviors in contact-rich tasks. Instead, we adopt a
residual joint-space action parameterization centered around a nominal posture qnom ∈ R12,
corresponding to a statically stable standing configuration.

The desired joint positions are defined as

qdes(t) = qnom + αut (47)

where α > 0 is a fixed scaling factor that bounds the magnitude of policy-induced devia-
tions. The resulting commands are clipped to respect joint limits,

qdes(t) ∈ [qmin, qmax] (48)

Joint torques are then generated by a low-level proportional–derivative (PD) controller.
To further improve clarity, a flowchart illustrating the reinforcement learning pipeline has
been added. It summarizes the main steps including domain-randomized environment
initialization under lunar gravity, terrain-aware observation construction, PPO policy
inference, residual action mapping to joint commands, low-level PD execution in the
simulation environment, response collection, reward computation, and policy update.

τ(t) = Kp(qdes(t)− q(t))−Kdq̇(t) (49)

with saturation applied to enforce actuator torque limits. This hierarchical structure clarifies
how the learned high-level policy interfaces with the physical actuator layer.

This residual formulation offers three advantages:

(i) It preserves a stable baseline behavior;
(ii) It reduces the effective action space explored by the policy;
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(iii) It allows the policy to focus on critical adjustments during landing buffering rather
than generating full-body motion from scratch.

5.2. Episode-Peak-Based Impact Suppression Modeling

Landing impact mitigation is inherently an extremum-oriented control problem, where
structural safety and stability are governed by short-duration peak events rather than by
time-averaged quantities. Standard reinforcement learning objectives based on cumulative
step-wise costs are poorly suited to this setting.

5.2.1. Peak Acceleration Definition

Let alin(t) and α(t) denote the base linear and angular accelerations, respectively.
The gravity-compensated excess linear acceleration is defined as

aex(t) = alin(t)− g (50)

The corresponding instantaneous impact intensities are

aex(t) = ∥aex(t)∥, α(t) = ∥α(t)∥ (51)

within each control interval, the step-wise peak values are recorded as

astep
max(k) = max

t∈[k∆t,(k+1)∆t)
aex(t) (52)

and analogously for angular acceleration.
At the episode level, the historical worst-case peaks are updated according to

aepi
max(k) = max

(
aepi

max(k− 1), astep
max(k)

)
(53)

5.2.2. Peak Growth Modeling

Directly minimizing aepi
max leads to sparse and non-smooth learning signals due to the

max operator. To alleviate this issue, we introduce the peak growth increment

∆amax(k) = max
(

0, astep
max(k)− aepi

max(k− 1)
)

(54)

which is nonzero only when a new, more adverse impact occurs.
This formulation converts an episode-level extremum objective into a sequence of

incremental penalties, enabling the policy to learn how specific actions contribute to the
creation of new impact peaks.

5.2.3. Barrier-Based Safety Modeling

Engineering constraints impose explicit upper bounds on admissible impact levels.
Let ā and ᾱ denote safety thresholds for linear and angular accelerations, respectively.
A soft barrier penalty is applied when step-wise peaks approach or exceed these limits,

ℓbar(k) = βa

[
max

(
0, astep

max(k)− ā
)]2

+ βα

[
max

(
0, α

step
max(k)− ᾱ

)]2
(55)

where βa, βα > 0 are weighting coefficients.
For severe violations beyond higher abort thresholds, the episode is terminated to

ensure numerical and physical safety. The combination of soft barriers and hard aborts
balances learnability with strict safety enforcement.
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5.3. Reward Function Design

The overall reward function integrates multiple complementary objectives correspond-
ing to survival, stability, control regularization, and impact suppression. At each control
step k, the reward is expressed as

rk = ralive + rstate + rctrl + rimpact + rterminal (56)

5.3.1. State Stabilization Terms

Using the terrain-aware decomposition introduced in Section 4, let vn(k) and vt(k)
denote the normal and tangential velocity components, respectively. Dense stabilization
penalties are defined as

rv(k) = −wnvn(k)2 − wtσ(k)vt(k)2 (57)

where σ(k) ∈ [0, 1] is the contact ratio used to gate tangential suppression.
Posture and angular velocity stabilization are enforced via

ratt(k) = −wϕ∥ϕ(k)∥2 − wω∥ω(k)∥2 (58)

rh(k) = −wh[max(0, hmin − h(k))]2 (59)

where h(k) is the minimum body–terrain clearance along the support direction.

5.3.2. Control Regularization

To ensure executability and avoid aggressive oscillations, control effort and action rate
are penalized:

rctrl(k) = −wτ∥τ(k)∥2 − w∆u∥uk − uk−1∥2 (60)

5.3.3. Impact Peak Penalties

Impact-related penalties consist of step-wise peak costs, peak growth costs, and
barrier terms:

rimpact(k) = −ws

(
astep

max(k)
)2
− wg(∆amax(k))

2 − ℓbar(k) (61)

Terminal rewards further incorporate episode-level peak suppression when success
is achieved.

5.4. Success Criteria with Stability Window and Buffering Sufficiency

Defining success for landing impact mitigation requires more than instantaneous
threshold satisfaction. Two complementary criteria are enforced: sustained stability and
buffering sufficiency.

5.4.1. Stability Window Criterion

Let ϕ(k), vn(k), vt(k), ω(k), and h(k) denote posture, velocity, angular velocity,
and clearance variables at step k. The instantaneous stability condition is defined as

S(k) =


1, ∥ϕ(k)∥ ≤ ϕ̄, |vn(k)| ≤ v̄n, vt(k) ≤ v̄t

∥ω(k)∥ ≤ ω̄, h(k) ≥ h̄, σ(k) ≥ σ̄

0, otherwise

(62)

Let Ns denote the number of steps in the stability window. Stability is declared only if

k

∑
i=k−Ns+1

S(i) = Ns (63)
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This temporal requirement eliminates pseudo-stability caused by transient zero-
crossings or brief posture recovery.

5.4.2. Buffering Sufficiency Criterion

To ensure that genuine energy dissipation has occurred, a buffering sufficiency condi-
tion is imposed. Let h0 be the initial clearance and hmin the minimum clearance attained
during the episode. The effective compression is

∆h = h0 − hmin (64)

Buffering is considered sufficient if

∆h ≥ ∆hreq (65)

where ∆hreq is a prescribed minimum compression threshold.

5.4.3. Overall Success Definition

The landing is deemed successful if and only if both criteria are satisfied:

Success =
(
Stability Window Satisfied

)
∧
(
Buffering Sufficiency Satisfied

)
(66)

This joint criterion prevents opportunistic behaviors that achieve apparent stability
without meaningful buffering and aligns the terminal objective of reinforcement learning
with the true engineering semantics of soft landing.

6. Training Configuration and Implementation Details
This section describes the training configuration and implementation details adopted

to obtain a stable and generalizable policy for sloped-terrain landing impact mitigation.
The task involves long-horizon hybrid dynamics, peak-dominated transients, and multi-
objective reward shaping. Consequently, careful configuration of the reinforcement learning
algorithm, observation/action spaces, and domain randomization strategy is required to
balance sample efficiency, optimization stability, and generalization.

6.1. PPO Hyperparameter Configuration

The policy is trained using Proximal Policy Optimization (PPO), an on-policy policy-
gradient method well suited for continuous control tasks with high-dimensional obser-
vations and stochastic dynamics. PPO is adopted in this work because the landing task
involves high-dimensional continuous control, hybrid contact transitions, and strongly cou-
pled objectives including impact mitigation, buffering, and stabilization. Compared with
algorithms that are more sensitive to value-estimation errors or replay-buffer distribution
drift, PPO provides a favorable balance between optimization stability, implementation
simplicity, and robustness in contact-rich robotic systems.

6.2. Observation and Action Space Specification
6.2.1. Observation Space

At each control step ttt, the policy receives an observation vector

ot ∈ Rno (67)

which aggregates kinematic, dynamic, contact, and episode-level information. The
observation is updated at the control frequency and normalized online to improve
numerical conditioning.
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The observation vector includes the following components:

1. Terrain-aligned geometric variables

• Minimum body–terrain clearance along the equivalent support direction h(t).
• Equivalent support direction expressed in the body frame nB(t).

2. Velocity and posture states

• Normal and tangential velocity components
(
vn(t), vt1(t), vt2(t)

)
.

• Body roll and pitch angles ϕ(t).
• Body-frame angular velocity ω(t).

3. Joint states

• Joint positions q(t) and velocities q̇(t) for all actuated joints.

4. Contact-related information

• Binary foot contact indicators ci(t).

• Accumulated normal contact forces f (i)n (t).

5. Episode-level peak statistics

• Historical peak linear and angular accelerations
(
aepi

max(t), α
epi
max(t)

)
.

The inclusion of episode-level peak statistics effectively augments the Markov state
with partial history information, allowing the policy to adapt its behavior based on previ-
ously experienced extreme events. This state expansion mitigates non-Markovian effects
introduced by extremum-based objectives.

6.2.2. Action Space

The observation vector includes terrain-aligned geometric variables, body-frame nor-
mal and tangential velocities, posture and angular velocity, joint states, contact indicators,
contact forces, and episode-level peak statistics. The reward function is constructed as a
combination of survival, stabilization, control regularization, and impact peak suppression,
including step-wise peak penalties, peak-growth terms, and barrier functions.

Actions are linearly scaled and mapped to desired joint positions relative to a nominal
posture, as described in Section 5.1.

ut ∈ [−1, 1]12 (68)

This action representation ensures bounded exploration, preserves actuator feasibility,
and provides a smooth interface between the high-level policy and the low-level joint-space
PD controller.

6.3. Domain Randomization Strategy

To enhance robustness and generalization across uncertain lunar landing conditions,
domain randomization is applied at the beginning of each training episode. The objective is
to expose the policy to a distribution of plausible operating conditions rather than a single
nominal model.

6.3.1. Mass and Inertia Randomization

Variations in payload configuration and propellant consumption lead to uncertainty
in the robot’s mass and inertia. To model this effect, the base mass mmm is randomly
sampled from a bounded interval

m ∼ U (mmin, mmax) (69)

https://doi.org/10.3390/machines14040417

https://doi.org/10.3390/machines14040417


Machines 2026, 14, 417 24 of 44

and the corresponding rotational inertia tensor I is scaled proportionally

I =
m
m0

I0 (70)

where m0 and I0 denote the nominal mass and inertia, respectively. This preserves physical
consistency while introducing significant variation in dynamic response.

6.3.2. Initial Velocity Randomization

Uncertainty in pre-touchdown conditions is modeled by randomizing the initial
base velocity. Horizontal and vertical components are sampled independently within
predefined bounds,

vx ∼ U (−v̄x, v̄x) (71)

vy ∼ U (−v̄y, v̄y) (72)

vz ∼ U (vz,min, vz,max) (73)

where negative vz indicates downward motion. This setting covers landing scenarios with
lateral drift and varying descent speeds, encouraging the policy to learn robust tangential
slip suppression and impact buffering strategies.

6.3.3. Contact-Consistent Initialization

To avoid corrupting training signals with non-physical artifacts, environment ini-
tialization enforces contact consistency before velocity injection. The robot is first placed
in a configuration with stable multi-leg contact and zero velocity, followed by a short
settling period. Initial base velocity is then applied while joint velocities are adjusted
to maintain zero foot linear velocity in the world frame. This procedure ensures that
early impact responses arise from genuine control actions rather than from inconsistent
kinematic initialization.

7. Simulation-Based Training
7.1. Simulation Environment and Training Configuration

All experiments are conducted in a physics-based simulation environment using the
MuJoCo engine. The simulation and control timing parameters are summarized in Table 2.

Table 2. Simulation and control timing parameters used in training.

Parameter Symbol/Name Value

Simulation timestep (∆tsim) 0.002 s
Control frequency ( fctrl) 50 Hz

Control period (∆tctrl) 0.02 s
Episode duration

(
Tep

)
8.0 s

Episode length (steps) - 400 control steps

The control policy is executed under a zero-order-hold assumption at 50 Hz, while
the simulator internally integrates dynamics at 2 ms resolution. The quadruped robot
has 12 actuated joints. A nominal joint configuration (qnom ∈ R12) is defined and reused
consistently in action parameterization, reset, and reward computation:

qnom =


0 −0.25 0.729
0 −0.25 0.729
0 −0.841 0.686
0 −0.841 0.686

 (74)
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The initial joint configuration at reset is identical:

q(0) = qnom (75)

The robot base is initialized above an inclined plane with a minimum slope-
normal clearance.

hmin(0) ≥ zmin = 0.10 m (76)

The base linear velocity at reset is randomized to emulate uncertain landing conditions:

vz(0) ∼ U(0.3, 1.1) m/s (77)

vx(0), vy(0) ∼ U(−0.4, 0.4) m/s (78)

To preserve physically consistent ground contact, joint velocities are solved such that
the linear velocities of all four foot sites are zero in the world frame at reset:

pfoot ,i(0) = 0, i = 1, . . . , 4 (79)

with a numerical velocity clip of 10 m/s applied for stability.
Joint-level tracking is implemented via a PD controller with parameters summarized

in Table 3.

Table 3. Low-Level Control Parameters.

Parameter Symbol Value

Proportional gain
(
Kp

)
210.0

Derivative gain (Kd) 21.0
Torque limit (τmax) ±140 N·m

The policy outputs normalized actions (a ∈ [−1, 1]12), which are mapped to desired
joint positions via a residual formulation:

qdes = qnom + αa, α = 0.60 (80)

Safety is enforced through both soft penalties and hard termination thresholds. Excess
linear acceleration is defined

aexcess = alin − g (81)

where gravity is removed. Thresholds are summarized in Table 4.

Table 4. Safety Thresholds.

Quantity Limit Abort

Linear acceleration 2.0 m/s2 10.2 m/s2

Angular acceleration 12.0 rad/s2 30.0 rad/s2

Body tilt 20 ◦ termination

The total reward at time step t is expressed as

rt = ralive + racc + rvel + ratt + rheight + reffort + rcontact + rterminal (82)

All reward weights are listed exhaustively in Table 5.

https://doi.org/10.3390/machines14040417

https://doi.org/10.3390/machines14040417


Machines 2026, 14, 417 26 of 44

Table 5. Reward and Penalty Weights.

Category Parameter Value

Alive penalty (ralive) −0.01

Linear acc barrier (wacc) 50.0

Angular acc barrier
(
wangacc

)
5.0

Step peak lin acc
(

wstep,lin

)
0.002

Step peak ang acc
(
wstep,ang

)
0.001

Peak growth lin
(

wgrow,lin

)
0.05

Peak growth ang
(
wgrow,ang

)
0.02

Terminal peak lin (wterm,lin) 1.0

Terminal peak ang
(
wterm,ang

)
0.3

Normal velocity (wvn) 1.2

Tangential velocity (wvt) 2.0

Attitude (watt) 30.0

Angular velocity (wω) 0.10

Height barrier (wh) 350.0

Joint deviation
(
wq

)
0.50

Joint velocity
(
wq̇

)
0.03

Torque effort (wτ) 1 × 10−4

Action smoothness
(
w△a

)
1 × 10−3

Contact ratio (wc) 0.15

Normal force variance
(

w f n

)
1 × 10−4

Failure penalty — −300

Success bonus — +250

A compression gate is enforced to ensure effective impact buffering: compression≥ 0.20 m.
A landing is considered successful if all conditions in Table 6 are satisfied continuously

over a sliding window of 0.9 s.

Table 6. Stability Window Criteria.

Metric Threshold

Roll pitch ≤2◦

Normal velocity ≤0.04 m/s
Tangential velocity ≤0.05 m/s

Angular velocity norm ≤0.125 rad/s
Minimum clearance ≥0.15 m

Contact ratio ≥0.75 (≥3 feet)
Window duration 0.9 s

The controller is trained using Proximal Policy Optimization (PPO). All hyperparame-
ters are summarized in Table 7.
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Table 7. PPO Training Parameters.

Parameter Value

Algorithm PPO
Policy network MLP

Actor critic layers [512, 512]
Learning rate 2× 10−4

Rollout length 2048
Batch size 2048

Epochs per update 5
Discount factor (γ) 0.99

GAE (λ) 0.95
Clip range 0.2
Target KL 0.12

Entropy coefficient 0.0
Value coefficient 0.5
Gradient norm 0.5
Parallel envs 16
Total steps 5× 106

Device GPU (CUDA)

Observations are normalized online, while rewards remain unnormalized to preserve
physical meaning.

7.2. Task Definition and Evaluation Metrics

Task definition. The task is a terrain-landing/buffering control problem in which
the quadruped experiences an initial impact velocity and must (i) suppress peak
impact-induced accelerations, (ii) realize sufficient buffering through leg compression,
and (iii) achieve a stable post-impact equilibrium within a finite time window. The land-
ing process is treated as successful only when safety bounds and stability conditions are
simultaneously satisfied.

To evaluate learning progress and convergence behavior, the following metrics are
recorded during training and evaluation:

• Episodic return: the cumulative reward over an episode, reflecting the composite
objective combining safety, stability, and efficiency;

• Evaluation return: computed in a separate evaluation environment to assess general-
ization and detect overfitting.

These metrics are used to analyze whether improved task performance correlates with
safer and more stable physical behavior. To interpret the physical behavior induced by the
learned policy, representative episodes are analyzed using time-domain trajectories of key
variables, including:

• Minimum base height and compression;
• Step-wise and episode-level peak accelerations;
• Angular velocity norm;
• Roll and pitch angles.

These trajectories allow the landing process to be decomposed into impact, buffering,
and stabilization phases, and provide direct insight into how control effort and contact
forces evolve over time. To evaluate robustness under parametric uncertainty, the learned
policy is tested over a grid of base masses and impact velocities. For each configuration,
multiple rollouts are performed and distribution-level statistics are computed. In particular,
the empirical cumulative distribution function (CDF) of the peak linear acceleration,
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Fa(x) = Pr
(

apeak ≤ x
)

(83)

is used to assess tail behavior and safety margins. Narrow CDFs without heavy tails indicate
consistent and predictable impact mitigation, while shifts in the CDF across conditions
reveal how the policy adapts to changing mass and velocity.

7.3. Experimental Scenarios and Protocol

Policies are trained using PPO with vectorized environments. Per-episode metrics are
accumulated online and logged at episode termination into a structured CSV, including
episode return, episode length, termination flags, termination reason, peak accelerations,
compression usage, end-of-episode velocities, contact indicators, and randomized parame-
ters such as base mass. In parallel, rolling-window aggregates (e.g., mean return and success
rate) are recorded to the SB3 logger to support consistent training-curve visualization and
multi-seed statistical analysis.

To rigorously assess robustness across physically meaningful operating conditions,
we adopt a grid-based evaluation protocol over (i) base mass and (ii) impact speed mag-
nitude. Let m denote the base mass and v0 denote the initial speed magnitude at reset.
The evaluation grid is specified by finite sets

m ∈ M = {m1, . . . , mNm}, v0 ∈ V = {v1, . . . , vNv} (84)

For each grid cell (m, v0), we perform N independent rollouts (episodes) with identical
reset parameters and compute empirical statistics of the metrics defined in Section 7.2.

Initial velocity is constructed by splitting v0 into horizontal and vertical components
using a fixed angle θ (with vz < 0 indicating downward motion):

vx,0 = v0 sin θ, vy,0 = 0, vz,0 = −v0 cos θ (85)

This design standardizes impact direction across evaluations and enables controlled
variation between predominantly vertical impacts (θ ≈ 0) and more oblique landings
(θ > 0).

We compare the learned controller against a PD-only baseline that disables policy mod-
ulation by setting a(t) ≡ 0, which reduces the command to tracking the nominal posture
qdes = qnom. Importantly, both RL and baseline controllers share the same inner-loop gains,
torque saturation, observation preprocessing (including frozen VecNormalize during evalu-
ation), and identical success/termination criteria. This ensures that observed improvements
are attributable to learned action modulation rather than implementation differences.

7.4. Results Analysis

Figure 5 presents the training and evaluation curves of the proposed reinforcement
learning controller. Overall, the results demonstrate stable learning progress, effective
impact mitigation behavior, and acceptable optimization dynamics throughout most of the
training horizon.

From a learning performance perspective, the episodic return exhibits a clear and
consistent increasing trend over training timesteps (as shown in Figure 5b). Both the
raw episode return and its moving-average counterpart show monotonic improvement,
indicating that the policy continuously refines its landing behavior rather than oscillating
between suboptimal strategies. The evaluation return follows a similar trend and remains
stable after convergence, suggesting that the learned policy generalizes well beyond the
stochasticity encountered during training. Although short-term fluctuations are observed,
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particularly in the evaluation return, these variations remain bounded and do not indicate
performance collapse.

The evolution of the compression-related metric further provides insight into the
learned landing strategy (as shown in Figure 5a). At early training stages, the compression
usage is relatively low, implying insufficient utilization of the available stroke during
impact. As training progresses, the compression steadily increases and stabilizes around a
consistent level, indicating that the policy learns to actively exploit the compliant mecha-
nism to dissipate impact energy. The subsequent slight decrease and stabilization suggest a
transition from overly aggressive compression toward a more balanced trade-off between
impact absorption and post-landing stability.

The physical behavior induced by the learned policy is illustrated through a representa-
tive landing episode (as shown in Figure 5c). The evolution of the minimum foot height and
compression clearly demonstrates active utilization of the compliant stroke. Upon initial
contact, the minimum height decreases rapidly while the compression increases smoothly
and saturates at a stable level, indicating that the impact energy is absorbed progressively
rather than impulsively. After the peak compression phase, the system transitions into a
recovery regime, during which the minimum height slightly rebounds and converges to a
steady value, reflecting successful stabilization without secondary impacts.

This buffering behavior is closely coupled with the acceleration response (as shown
in Figure 5d). The step-wise peak linear acceleration rises sharply during the initial
contact phase and reaches its maximum within a short time window, while the episode-
level peak remains bounded thereafter. The rapid decay of acceleration following the
peak indicates that the policy effectively dissipates impact energy and avoids prolonged
high-load conditions. The angular velocity norm exhibits a similar pattern (as shown
in Figure 5e), with an initial transient peak followed by a smooth decay toward near-
zero values, demonstrating effective attenuation of rotational disturbances induced by
asymmetric contact or terrain interaction.

Attitude responses further confirm this stabilization mechanism (as shown in
Figure 5f). Both roll and pitch remain within small angular bounds throughout the episode.
After initial transient deviations immediately following touchdown, the attitude converges
smoothly without sustained oscillations, indicating that the policy implicitly coordinates
leg forces to regulate body orientation rather than relying on abrupt corrective actions.

Contact quality metrics provide additional insight into force distribution during
landing (as shown in Figure 5g). The contact ratio rapidly approaches and maintains a high
level once ground contact is established, while the summed normal force increases to a
peak during maximum compression and then gradually decreases as the system settles.
This evolution suggests that load sharing among legs is maintained throughout the landing
process, avoiding abrupt force redistribution that could trigger slipping or tipping.

From a control-effort standpoint, the RMS of the action remains relatively small, while
the torque RMS exhibits a pronounced peak during the impact phase followed by a gradual
decay (as shown in Figure 5h). This indicates that the policy concentrates control effort
during the critical energy dissipation interval and subsequently reduces actuation intensity
as stability is achieved. Such behavior is consistent with an efficient control strategy that
avoids sustained high-torque operation after the landing task is completed.

Collectively, these results demonstrate that the proposed policy exhibits well-
structured learning dynamics, physically interpretable landing behavior, and robust scaling
properties. The controller not only converges to high-performance solutions but also
achieves impact mitigation through coordinated compression, force regulation, and at-
titude stabilization, while maintaining reasonable control effort across a broad range of
operating conditions.
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Figure 5. Training evolution of buffering-stroke utilization (compression metric) and stabilization
trade-off.

The robustness and safety characteristics of the learned controller are further exam-
ined through distribution-level statistics, reward decomposition (as shown in Figure 6),
and qualitative landing snapshots.
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Figure 6. Reward decomposition during training: evolution of major reward terms.

Figure 7 illustrates the empirical cumulative distribution functions (CDFs) of the peak
linear acceleration for different impact velocities under three representative base masses.
For each fixed mass, the CDF curves shift monotonically to the right as the impact velocity
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increases, indicating a predictable and physically consistent increase in peak acceleration.
Importantly, the distributions remain narrow for all tested velocities, with no evidence of
heavy tails or outliers, suggesting that the policy avoids rare but extreme impact events.
As the base mass increases, the entire distribution shifts slightly leftward, reflecting the
combined effect of larger inertia and longer effective impact duration. This behavior
indicates that the learned controller adapts its force regulation strategy across different
mass regimes rather than relying on a single, mass-specific tuning.

Figure 7. Distributional robustness of impact loads: CDFs of peak linear acceleration across impact
velocities and base masses. (A) Base mass = 136 kg; (B) Base mass = 156 kg; (C) Base mass = 186 kg.

To interpret how the policy achieves such behavior, the evolution of individual reward
components is examined through reward decomposition. Early in training, safety-related
terms—including acceleration barriers, angular acceleration penalties, and failure-related
penalties—dominate the overall reward signal, enforcing feasibility and preventing catas-
trophic landings. As training progresses, these terms converge toward zero, indicating
that constraint violations become increasingly rare. Meanwhile, velocity-related penalties
and contact-related rewards gradually diminish in magnitude, reflecting improved impact
mitigation and more consistent ground engagement. In later stages, smoothness- and
effort-related terms, such as joint velocity and torque penalties, become comparatively
more influential, suggesting that the policy refines its behavior toward reduced control
effort and smoother actuation once basic safety and stability are achieved. This staged
evolution confirms that the composite reward function effectively guides the policy from
coarse survivability toward fine-grained performance optimization.

Qualitative landing snapshots provide an intuitive visualization that complements
the quantitative analysis. Across a sequence of representative landings, the robot consis-
tently exhibits coordinated leg deployment, progressive compression upon ground contact,
and smooth recovery into a stable stance. Even under higher impact velocities, the legs
engage nearly simultaneously, and the body orientation remains well regulated without
excessive pitching or rolling. These visual observations align with the measured contact
ratio, force distribution, and attitude responses, reinforcing the conclusion that the learned
policy produces physically plausible and robust landing behaviors rather than exploiting
artifacts of the simulation. This is illustrated in Figure 8.

Taken together, the distributional analysis, reward decomposition, and qualitative
visualizations demonstrate that the learned controller achieves a favorable balance be-
tween safety, robustness, and efficiency. The policy not only performs well on average
but also exhibits controlled tail behavior, interpretable reward-driven learning dynamics,
and consistent qualitative execution across a wide range of operating conditions. These
results further substantiate the suitability of the proposed approach for autonomous legged
landing tasks under uncertain mass and impact velocity variations.

A further comparison with representative previous approaches provides additional
context. The reviewer-suggested reference concerns a two-wheeled robot and is therefore
not directly comparable to the present quadruped landing problem. Nevertheless, inspired
by its benchmarking logic, we compare our results with a recent RL-based quadruped

https://doi.org/10.3390/machines14040417

https://doi.org/10.3390/machines14040417


Machines 2026, 14, 417 32 of 44

landing study that reports overload acceleration, final residual velocity, and post-landing
attitude criteria. In that reference, soft landing is evaluated using terminal conditions
such as pitch angle below 15◦, final velocity below 0.05 m/s, and maximum final foot–
ground distance below 0.10 m, while the authors also report occasional rebound that
causes soft-landing failure in some cases. By contrast, the present framework enforces
a stricter stability-window-based criterion with roll/pitch, normal velocity, tangential
velocity, angular velocity, minimum clearance, and contact ratio constraints that must be
satisfied continuously over a finite horizon. Therefore, the proposed method demonstrates
stronger post-impact stabilization capability and a more rigorous notion of successful
landing than the compared quadruped RL approach.

Figure 8. MuJoCo simulation snapshots of the lunar quadruped during RL training (representative
landing and stabilization behaviors).

8. Hardware Experiments on a Quadruped Robot
The physical experimental system consists of a lunar quadruped robot, a host com-

puter, a motion capture system (three-dimensional accuracy±0.1 mm, maximum frame rate
1000 FPS), an inertial measurement unit (IMU) with gyroscope bias of 1◦/h and angular ran-
dom walk not exceeding ≤0.125◦/

√
h, accelerometers with bias stability of 10µg, six-axis

force sensors, a simulated lunar regolith terrain, and an overhead cable-suspended low-
gravity offloading platform, as illustrated in Figure 9. The host computer runs a multi-leg
coordinated impedance control algorithm, which generates joint torque commands to drive
the motors and achieve precise motion control of the robot. An onboard IMU monitors
body attitude variations, while optical markers mounted on the robot surface are tracked
in real time by the motion capture system to provide global pose information, forming a
closed-loop feedback system that maintains overall stability during landing experiments.

To emulate the low-gravity environment of the lunar surface, an overhead cable-
suspended gravity offloading platform is employed. The platform consists of an aluminum
frame, low-friction horizontal guide rails, a wire-rope suspension mechanism, and counter-
weights, enabling partial gravity compensation on the robot body.

Based on the lunar polar soil parameters listed in Table 8, the simulated lunar soil
used in the experiments is precisely prepared and mechanically calibrated to ensure that its
physical properties match those of real lunar soil. This terrain simulates the soft and uneven
mechanical characteristics of the lunar surface, which significantly influence the robot’s
sinkage behavior, traction performance, and overall locomotion stability, thereby providing
highly realistic experimental conditions for validating the foot–ground interaction model
and the control algorithm.
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Figure 9. Experimental prototype and landing buffering process of the lunar quadruped robot.

Table 8. Key parameters of the simulated lunar soil.

No. Parameter Test Value

1 Bulk density (g/cm3) 1.4–2.3
2 Deformation index 0.97–1.32
3 Cohesion modulus (kN/mn+1) 1.46–4.89
4 Friction modulus (kN/mn+2) 281–652
5 Shear deformation modulus (cm) 1.09–1.66
6 Equivalent stiffness modulus (kPa/mn) 840–2800
7 Contact stiffness (N) 3.2× 105–2.0× 107 (0–16 wt%)
8 Cohesion (kPa) 34.4–41.9
9 Internal friction angle (◦) 44.1–48.3
10 Thermal conductivity (W/(m · k)) 0.0773–0.935 (0–15 wt%)
11 Albedo 0.25–0.65

8.1. Test Condition 1: Total Mass 200 kg, Vertical Landing Velocity 0.3 m/s, Slope Angle 0◦,
Without Surface Protrusions

Joint response consistency among the four legs is first analyzed using telemetry data
from the ground controller. The motor speed and joint torque measurements for all legs,
summarized in Tables 9 and 10 and their corresponding plots (as shown in Figure 10a–f),
show that the inter-leg motor speed differences remain within 200 rpm, and the joint
torque differences remain within 25 N ·m. These results indicate good consistency of leg
behavior during flat-ground landing. The observed motor speed differences among the
legs arise from a combination of factors, including the initial landing configuration, body
attitude angles, and angular velocities at touchdown. Due to different orientations of the
leg bases with respect to the gravity direction, slight variations exist in the initial landing
configurations under the effective one-sixth gravity condition, while body attitude and
angular velocity further influence individual leg touchdown velocities.

Table 9. Peak joint-motor speeds of each leg during buffering under test condition 1.

Buffering Mobile Leg Motor Speed (rpm)
Hip Roll Joint Hip Pitch Joint Knee Pitch Joint

M01-1 73 911 545
M01-2 91 721 399
M01-3 3 780 461
M01-4 73 882 527

Maximum 91 911 545
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Table 10. Peak joint torques of each leg during buffering under test condition 1.

Buffering Mobile Leg Joint Torque (N · m)
Hip Roll Joint Hip Pitch Joint Knee Pitch Joint

M01-1 9.66 75.69 31.82
M01-2 16.73 84.51 31.43
M01-3 3.92 101.5 30.96
M01-4 17.36 96.05 35.87

Maximum 17.36 101.5 35.87

Differences in joint torques among the legs are mainly attributed to gravity-induced
disturbance torques. The overall mass balancing of the robot is performed based on the
nominal initial configuration of the buffering legs. During the landing buffering process,
compression of the buffering legs causes a shift in the system center of mass, generating
gravity disturbance torques. As indicated by the experimental configuration shown in
Figure 10, the influence of these disturbance torques decreases with increasing installa-
tion height of the buffering legs in the inertial frame, resulting in the observed trend of
“leg 3 > leg 4 > leg 2 > leg 1.” This effect also influences the magnitude and direction of the
hip roll joint torques. The flat-ground experimental data are consistent with expectations,
with joint torques—particularly hip pitch torques—of legs 1 and 2 being smaller than those
of legs 3 and 4. Similar characteristics are observed in test conditions 2 through 3.

During the landing buffering experiments, the maximum measured motor speed
reaches 911 rpm, with a speed rise time of approximately 58 ms. This peak occurs on
leg 1 and is related to the landing configuration, body attitude, and angular velocity at
touchdown. The maximum joint torque measured is 101.5 N ·m, occurring on leg 3 and
associated with gravity disturbance torques. Both values satisfy the technical specification
limits, including the maximum allowable motor speed of 3600 rpm, and meet the success
criteria defined in the experimental protocol.

Minimum ground clearance is analyzed using data from the ground controller.
The variation of foot height for each leg during the landing buffering process is summarized
in the corresponding figure, as shown in Figure 10g. The minimum foot height during
buffering is measured as 789.51 mm. Given the current mechanical design, the distance
from the detector base plate to the hip roll axis of the buffering leg is 75.6 mm, resulting
in a minimum ground clearance of 713.91 mm between the detector base plate and the
ground, which exceeds the required minimum of 200 mm. Throughout the experiment,
the safety support rods do not contact the landing surface, indicating that the ground
clearance constraint is satisfied and that the experimental success criteria are met.

Touchdown detection signals are analyzed based on telemetry data from the ground
controller. The touchdown switch signals, as summarized in Table 11 and Figure 10h,
confirm that all touchdown switches successfully detect ground contact and exhibit trigger
durations exceeding 10 ms. Due to the rigid contact between the rigid foot pads and the
rigid landing surface, brief foot-end rebounds occur at touchdown, resulting in short inter-
vals of “off–on–off” behavior of the touchdown switches, with durations of approximately
4–5 ms. Simulation analyses predict a single-touch trigger duration of approximately
1.6–3.5 ms for a triggering stroke of 2 mm, which is consistent with the experimental
observations. Torque-based detection signals are triggered when the touchdown switch
remains continuously engaged, indicating correct switching of control parameters during
the landing phase.

Load characteristics at key structural locations are evaluated using six-axis force sensor
data. The summarized force measurements for each leg during landing buffering, expressed
in the leg-base coordinate frame and shown in Table 12 and Figure 10i, indicate that the
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maximum vertical force is 332.34 N and the maximum lateral moment is 188.11 N·m.
The structural loads at all buffering leg mounting points remain below the specified limit
loads, satisfying both technical requirements and experimental success criteria.

Figure 10. Consistency curves of joint responses of each leg and key measurement results during the
landing buffering phase under test condition 1.

Table 11. Touchdown-switch trigger-duration statistics under test condition 1 (including rebound
re-triggers).

Buffering Mobile Leg Duration of the
First Touchdown

Duration of the
Second Touchdown

Duration of the
Third Touchdown

Leg 1 5 ms 667 ms Duration
Leg 2 Duration / /
Leg 3 Duration / /
Leg 4 4 ms Duration /

Table 12. Six-axis force/torque at buffering-leg mounts (leg-base frame) under test condition 1.

Number FX
(N)

FY
(N)

FZ
(N)

MX
(N·m)

MY
(N·m)

MZ
(N·m)

Leg 1 36.66 −24.19 273.20 −8.67 −170.60 −9.07
Leg 2 −27.38 16.08 313.29 33.13 −180.58 10.19
Leg 3 −77.62 22.62 312.68 −7.26 −184.85 10.74
Leg 4 −56.51 −35.80 332.34 −11.93 −188.11 −13.75

Maximum absolute value 77.62 35.80 332.34 33.13 188.11 13.75
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Acceleration responses during the landing buffering process are obtained from the
IMU. The measured acceleration profiles show that the maximum acceleration in the
vertical direction reaches 0.32 g, well below the 2 g limit, while the maximum accelerations
in the other two directions are 0.06 g and 0.04 g, respectively, both below the 1 g threshold.
These results meet the technical specifications and experimental success criteria.

Body attitude variations during landing buffering are also analyzed using IMU data,
as shown in Table 13. The measured attitude deviations relative to the initial landing state
indicate that roll and pitch angles in all directions remain within 30°, satisfying the stability
requirements defined in the experimental protocol.

Table 13. Body-attitude evolution and maximum deviation (pitch/roll/yaw) under test condition 1.

Category Pitch Angle Roll Angle Yaw Angle

Initial landing (◦) 22.44 8.70 39.02
Maximum deflection (◦) 22.42 8.12 39.73
Landing completion (◦) 22.37 8.15 39.65
Maximum deviation (◦) 0.07 0.58 0.71

Finally, simulation-to-experiment consistency is assessed by comparing data from leg 1
with corresponding simulation results. Motor speed and joint torque trajectories are pre-
sented in Figure 10a–f, and quantitative comparisons are summarized in Table 14. The de-
viations between simulated and measured peak motor speeds and peak joint torques are
within 30%, demonstrating good agreement between simulation predictions and experimen-
tal observations. This level of consistency confirms the validity of the proposed real-to-sim
modeling approach and satisfies the success criteria specified in the experimental outline.

Table 14. Sim-to-experiment comparison of peak motor speed and joint torque for key joints (hip
pitch, knee pitch) under test condition 1.

Joint Motor Speed (rpm) Joint Torque (N·m)

Hip pitch joint Measured maximum value 911 75.69
Simulated maximum value 884 81.73

Deviation 26 6.04
Knee pitch joint Measured maximum value 545 31.82

Simulated maximum value 551 39.21
Deviation 7 7.39

8.2. Test Condition 2: Total Mass 250 kg, Vertical Landing Velocity 0.3 m/s, Slope Angle 0◦,
Without Surface Protrusions

Joint response consistency among the four legs is first examined using telemetry data
from the ground controller. The comparative motor speed and joint torque results for all
legs, summarized in Tables 15 and 16 together with the corresponding plots (as shown in
Figure 11a–f), show that the inter-leg motor speed differences are approximately 200 rpm,
while the joint torque differences are approximately 25 N·m. These results indicate good
consistency of leg behavior during flat-ground landing under the increased mass condition.

According to single-leg experimental characterization, the expected maximum motor
speed during landing buffering should fall within the range of 800–1200 rpm. In the
present test, the maximum motor speed recorded during the landing buffering process
is 1175 rpm, with a rise time of approximately 55 ms. This peak occurs on leg 3 and is
related to the landing configuration, initial posture, body attitude, and angular velocity
at touchdown. The maximum joint torque measured is 114.19 N·m, also occurring on
leg 3 and primarily attributed to gravity-induced disturbance torque. These values are
consistent with expectations and satisfy the technical specification limits, including the
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maximum allowable motor speed of 3600 rpm, as well as the success criteria defined in the
experimental protocol.

Figure 11. Consistency curves of joint responses of each leg and key measurement results during the
landing buffering phase under test condition 2.

Table 15. Peak joint-motor speeds of each leg during buffering under test condition 2.

Buffering Mobile Leg Motor Speed (rpm)
Hip Roll Joint Hip Pitch Joint Knee Pitch Joint

M01-1 51 944 659
M01-2 95 966 637
M01-3 98 1175 651
M01-4 95 1153 684

Maximum 98 1175 684

Table 16. Peak joint torques of each leg during buffering under test condition 2.

Buffering Mobile Leg Joint Torque (N·m)
Hip Roll Joint Hip Pitch Joint Knee Pitch Joint

M01-1 10.91 84.44 35.96
M01-2 19.35 96.4 38.65
M01-3 8.91 114.19 37.15
M01-4 24.02 106.1 41.53

Maximum 24.02 114.19 41.53
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Minimum ground clearance is analyzed based on telemetry data from the ground
controller. The variations of foot height for all legs during landing buffering are summarized
in the corresponding figure, as shown in Figure 11g. The minimum foot height observed
during buffering is 746.98 mm. Given the current mechanical design, where the distance
between the detector base plate and the hip roll axis of the buffering leg is 75.6 mm,
the minimum ground clearance of the detector base plate is calculated as 671.38 mm, which
exceeds the required minimum clearance of 200 mm. Throughout the experiment, the safety
support rods do not contact the landing surface, confirming compliance with both technical
requirements and experimental success criteria.

Touchdown detection signals are analyzed using data from the ground controller.
The touchdown switch signals, as summarized in Table 17 and Figure 11h, show that all
touchdown switches successfully detect ground contact and exhibit trigger durations of
at least 10 ms. Due to the rigid contact between the rigid foot pads and the rigid landing
surface, brief foot-end rebounds occur, resulting in short “off–on–off” transitions of the
touchdown switches. The torque-based detection signal is triggered when the touchdown
switch remains continuously engaged, indicating correct switching of control parameters
during the landing phase.

Table 17. Touchdown-switch trigger-duration statistics under test condition 2 (including rebound
re-triggers).

Buffering
Mobile Leg

Duration of
the First

Touchdown

Duration of
the Second
Touchdown

Duration of
the Third

Touchdown

Duration of
the Fourth

Touchdown

Duration of
the Fifth

Touchdown

Leg 1 4 ms 644 ms Duration / /
Leg 2 4 ms 713 ms Duration / /
Leg 3 4 ms 4 ms 18 ms 3 ms Duration
Leg 4 4 ms Duration /

Load characteristics at key structural locations are evaluated using six-axis force sensor
data. The summarized measurements for each leg during landing buffering, expressed in
the leg-base coordinate frame and reported in Table 18, show that the structural loads at all
buffering leg mounting points remain below the specified limit loads. These results satisfy
the technical requirements and the success criteria of the experimental outline.

Table 18. Six-axis force/torque at buffering-leg mounts (leg-base frame) under test condition 2.

Number FX
(N)

FY
(N)

FZ
(N)

MX
(N·m)

MY
(N·m)

MZ
(N·m)

Leg 1 40.47 −26.1 317.7 −9.55 −187.47 −8.02
Leg 2 35.84 −22.89 353.34 25.62 −197.34 −9.99
Leg 3 −94.09 33.34 345.5 7.98 −200.17 13.08
Leg 4 −72.14 −41.04 372.29 −17.94 −202.79 −15.09

Maximum absolute value 94.09 41.04 372.29 25.62 202.79 15.09

Acceleration responses during the landing buffering process are obtained from the
inertial navigation system, as shown in Figure 12. The measured acceleration profiles
indicate that the maximum acceleration in the vertical direction reaches 0.37 g, which is
well below the 2 g limit, while the maximum accelerations in the other two directions
are 0.11 g and 0.09 g, respectively, both below the 1 g threshold. These results meet the
technical specifications and the experimental success criteria.
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Figure 12. Consistency curves of joint responses of each leg and key measurement results during the
landing buffering phase under test condition 3.

Body attitude variations during landing buffering are also analyzed using inertial
measurement data, as shown in Table 19. The measured attitude deviations relative to
the initial landing state show that roll and pitch angles in all directions remain within 30°,
satisfying the stability requirements defined in the experimental protocol.

Table 19. Sim-to-experiment comparison of peak motor speed and joint torque for key joints (hip
pitch, knee pitch) under test condition 2.

Joint Motor Speed (rpm) Joint Torque (N·m)

Hip pitch joint Measured maximum value 944 84.44
Simulated maximum value 1063 72.81

Deviation 120 11.63
Knee pitch joint Measured maximum value 659 35.96

Simulated maximum value 647 22.26
Deviation 11 13.69

Finally, simulation-to-experiment consistency is evaluated by comparing data from
leg 1 in Test Condition 1 with the corresponding simulation results. Motor speed and
joint torque trajectories are presented in Figure 11a–f, and quantitative comparisons are
summarized in Table 20. The deviations between simulated and measured peak motor
speeds and peak joint torques are within 30%, demonstrating good agreement between
simulation predictions and experimental observations. This level of consistency confirms
that the simulation model provides a reliable representation of the physical system and
meets the success criteria specified in the experimental outline.
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Table 20. Body-attitude evolution and maximum deviation (pitch/roll/yaw) under test condition 2.

Category Pitch Angle Roll Angle Yaw Angle

Initial landing (◦) 23.00 9.13 30.63
Maximum deflection (◦) 22.96 8.24 31.31
Landing completion (◦) 22.96 8.34 31.31
Maximum deviation (◦) 0.04 0.89 0.68

8.3. Test Condition 3: Total Mass 250 kg, Vertical Landing Velocity 0.8 m/s, Horizontal Landing
Velocity 0.2 m/s, Slope Angle 8◦, Without Surface Protrusions

Under this condition, leg 1 is located on the uphill side of the slope, while leg 3 is
located on the downhill side.

Joint response characteristics of all legs are analyzed using telemetry data from the
ground controller. The comparative motor speed and joint torque results, summarized
in Tables 21 and 22 together with the corresponding plots (as shown in Figure 12a–f),
indicate that leg 1 establishes ground contact first during landing. The maximum motor
speed recorded during the landing buffering process reaches 2482 rpm, with a rise time of
approximately 52 ms. This peak occurs on leg 4, which is located on the downhill side of
the slope. The maximum joint torque measured is 138.06 N·m, occurring on leg 3, also on
the downhill side. All measured values satisfy the technical specification limits, including
the maximum allowable motor speed of 3600 rpm, and meet the success criteria defined in
the experimental protocol.

Table 21. Peak joint-motor speeds of each leg during buffering under test condition 3.

Buffering Mobile Leg Motor Speed (rpm)
Hip Roll Joint Hip Pitch Joint Knee Pitch Joint

M01-1 300 1585 1124
M01-2 355 1149 919
M01-3 227 2288 1146
M01-4 318 2482 1124

Maximum 355 2482 1146

Table 22. Peak joint torques of each leg during buffering under test condition 3.

Buffering Mobile Leg Joint Torque (N·m)
Hip Roll Joint Hip Pitch Joint Knee Pitch Joint

M01-1 62.1 98.58 85.56
M01-2 95.75 126.15 89.69
M01-3 30.71 138.06 95.65
M01-4 63.1 134.47 76.31

Maximum 95.75 138.06 95.65

Minimum ground clearance is evaluated based on telemetry data from the ground
controller. The variations of foot-end height for all legs during landing buffering are
summarized in the corresponding figure, as shown in Figure 12g. The minimum foot
height observed during buffering is 712.96 mm. Given the current mechanical design,
in which the distance between the detector base plate and the hip roll axis of the buffering
leg is 75.6 mm, the minimum ground clearance of the detector base plate is calculated
as 637.36 mm, which exceeds the required minimum clearance of 200 mm. Throughout
the experiment, the safety protection support rods do not contact the landing surface,
confirming compliance with technical requirements and experimental success criteria.
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Touchdown detection signals are analyzed using data from the ground controller.
The touchdown switch signals, summarized in Table 23 and Figure 12h, show that all
touchdown switches successfully detect ground contact and exhibit trigger durations of at
least 10 ms. Due to rigid contact between the rigid foot pads and the rigid landing surface,
brief foot-end rebounds occur at touchdown, resulting in short “off–on–off” transitions of
the touchdown switches. After completion of the landing process, the touchdown switches
of legs 1, 2, and 3 are not triggered. The torque-based detection signal is activated when the
touchdown switch remains continuously engaged, indicating correct switching of control
parameters during the landing phase.

Table 23. Touchdown-switch trigger-duration statistics under test condition 3 (including rebound
re-triggers).

Buffering
Mobile Leg

Duration of
the First

Touchdown

Duration of
the Second
Touchdown

Duration of
the Third

Touchdown

Duration of
the Fourth

Touchdown

Duration of
the Fifth

Touchdown

Leg 1 3 ms 921 ms / / /
Leg 2 4 ms 912 ms / / /
Leg 3 4 ms 3 ms 4 ms 754 ms /
Leg 4 5 ms Duration / / /

Acceleration responses during the landing buffering process are obtained from the
inertial navigation system, as shown in Figure 12i. The measured acceleration profiles
indicate that the maximum acceleration in the vertical direction reaches 0.42 g, which is
well below the 2 g limit, while the maximum accelerations in the other two directions
are 0.49 g and 0.52 g, respectively, both below the 1 g threshold. These results satisfy the
technical specifications and experimental success criteria.

Load characteristics at key structural locations are evaluated using six-axis force sensor
data. The summarized measurements for each leg during landing buffering, expressed in
the leg-base coordinate frame and reported in Table 24, show that the structural loads at all
buffering leg mounting points remain below the specified limit loads. These results meet
the technical requirements and the success criteria defined in the experimental outline.

Table 24. Six-axis force/torque at buffering-leg mounts (leg-base frame) under test condition 3.

Number FX
(N)

FY
(N)

FZ
(N)

MX
(N·m)

MY
(N·m)

MZ
(N·m)

Leg 1 −315.73 110.64 528.84 82.06 −216.11 49.02
Leg 2 −260.42 −208.21 549.78 63.32 −227.44 −102.15
Leg 3 −317.58 222.36 539.44 54.66 −288.84 75.16
Leg 4 −227.97 283.05 596.76 83.51 −337.47 −101.14

Maximum absolute value 317.58 283.05 596.76 63.32 337.47 102.15

Body attitude variations during landing buffering are analyzed using inertial measure-
ment data, as shown in Table 25. The measured attitude deviations relative to the initial
landing state show that roll and pitch angles in all directions remain within 30°, satisfying
the stability requirements specified in the experimental protocol.

Finally, simulation-to-experiment consistency is evaluated by comparing data from
leg 1 in Test Condition 1 with the corresponding simulation results. Motor speed and
joint torque trajectories are presented in Figure 12a–f, and quantitative comparisons are
summarized in Table 25. The deviations between simulated and measured peak motor
speeds and peak joint torques are within 30%, demonstrating good agreement between
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simulation predictions and experimental observations. This level of consistency confirms
that the simulation model provides a reliable representation of the physical system and
meets the success criteria specified in the experimental outline.

Table 25. Body-attitude evolution and maximum deviation (pitch/roll/yaw) under test condition 3.

Category Pitch Angle Roll Angle Yaw Angle

Initial landing (◦) 21.82 9.27 −94.98
Maximum deflection (◦) 21.86 2.22 −92.35
Landing completion (◦) 22.38 3.15 −92.89
Maximum deviation (◦) 0.56 7.05 2.63

9. Conclusions
This paper presents a reinforcement learning-based landing impact mitigation and

stabilization control framework for a lunar quadruped robot operating under complex
terrain conditions. To address challenges arising from weak gravity, large mass varia-
tion, strict structural constraints, and uncertain contact properties, a real-to-sim dynamic
modeling pipeline is established and validated through experimental data. Based on
this foundation, a terrain-agnostic control formulation is developed using equivalent
support–direction-based velocity decomposition, together with episode-level peak impact
modeling, contact-gated anti-slip regulation, and stability-window-based success criteria,
enabling physically interpretable and robust end-to-end policy learning without explicit
phase switching.

Extensive simulations and full-scale hardware experiments demonstrate that the
proposed approach effectively suppresses landing impact peaks, maintains posture stability,
and satisfies engineering safety constraints across a wide range of masses, initial velocities,
and slope conditions. The close agreement between simulation and experimental results
further confirms the reliability of the real-to-sim modeling and sim-to-real transfer strategy,
indicating that the proposed method provides a practical and deployable solution for safe
lunar landing of quadruped robots.

Future work will focus on extending the proposed framework toward landing-walking
integration, enabling a unified control architecture that seamlessly bridges the impact miti-
gation phase and subsequent planetary exploration. A key direction is the development
of whole-body control strategies that coordinate landing buffering, posture stabilization,
and terrain-adaptive locomotion within a single reinforcement learning framework, elimi-
nating the need for mode switching between distinct task phases. Additionally, we plan
to incorporate more comprehensive domain randomization, including variable friction
and deformable terrain models, to further enhance robustness. The integration of propri-
oceptive and exteroceptive sensing, such as vision and LiDAR, will also be explored to
enable terrain-aware landing site selection and adaptive gait generation in unstructured
lunar environments.
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