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Abstract

Currently, quadruped robots are widely used in diverse scenarios due to their high mobility, creating a demand
for more advanced interaction capabilities. This study proposes a whole-body planning and control framework
that integrates adaptive control into a hierarchical model predictive control (MPC) and whole-body control (WBC)
structure, enhancing the environmental adaptability and interaction performance of quadruped mobile manipulators.
Key innovations include: a recursive least squares and feedforward compensation strategy for accurate end-effector
force estimation; relaxed barrier functions embedded in the MPC to combine dynamic obstacle avoidance with
adaptive control; and a WBC-based priority hierarchy to enforce critical constraints. Validated in Gazebo simulation
and on the B1-Z1 platform, the method allows the robot to handle unknown loads up to 3 kg and maintain tracking
errors under 2 cm despite 35 N external disturbances. It also demonstrates strong adaptability in non-uniform object
transportation, providing a reliable solution for unstructured environments.

1. Introduction

The quadrupedal mobile manipulation platform [1] comprises a quadruped robotic base and an onboard
manipulator. This integrated system leverages the complex terrain adaptability of legged robots and
the interactive manipulation capabilities of robotic arms [2], demonstrating considerable potential for
high-value applications such as industrial inspection [3, 4] and disaster rescue [5, 6]. From a mecha-
nistic perspective, the quadrupedal robot itself can be considered a mobile platform with six degrees
of freedom; when combined with a manipulator, it constitutes a resilient machine [7] with kinematic
redundancy. However, in existing control methodologies, the mobile platform and the manipulator are
often treated as independent subsystems, relying on complex high-level monitoring systems to adjust
their motions separately. Although this approach achieves a degree of functional redundancy, it neglects
the kinematic and dynamic coupling effects between the two components, resulting in a control archi-
tecture that is rigid, complex, and ultimately limits global coordination and operational flexibility. Some
approaches attempt to adapt task-space control strategies originally designed for wheeled platforms [8],
simplifying the quadruped robot into a virtual six-degree-of-freedom platform. However, such simplifi-
cation neglects leg—ground contact dynamics, particularly in high-payload configurations or cases where
leg inertia contributes significantly to system dynamics, thereby undermining overall robustness and ter-
rain adaptation. Therefore, it is essential to treat the mobile platform and the manipulator as a unified
system and achieve coordinated operation between them.

To address the aforementioned challenges, a control algorithm capable of achieving coordinated
operation is required. Convex model predictive control (MPC) based on the single rigid body (SRB)
model has been demonstrated to be effective for real-time multi-gait generation in legged robots [9].
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In contrast to traditional quadratic programming (QP)-based balance controllers [10], this MPC frame-
work can support highly dynamic behaviors such as jumping [9, 11] and high-speed bounding [12]. In
recent years, integration of MPC with other methods has advanced motion trajectory tracking, such as
LPV-MPC [13], achieving global linearization through scheduling variables for efficient wheeled robot
control. However, quadruped mobile manipulation platforms face more complex dynamics due to iner-
tial coupling and mass effects, where simplified SRB models lead to mismatch in dynamic gaits or load
changes.

To address this, our study employs a whole-body dynamics-based nonlinear MPC that incorporates
full limb-manipulator coupling for coordinated optimization, ensuring precise tracking and stability
in complex scenarios. In recent years, MPC schemes utilizing full rigid-body dynamics models have
achieved progress in hardware implementation. For example, Katayama et al. [14] and Mastalli et al.
[15] accelerated the solution of differential dynamic programming through inverse dynamics modeling.
A representative case is the MPC strategy adopted in ref. [16], which employs a 100-step prediction
horizon (with a 10-ms time resolution) and runs at 50 Hz. However, the computational burden of full-
body dynamics MPC typically limits its update frequency to 50-100 Hz (for 12-degree-of-freedom
quadrupedal systems), making it challenging to meet the demands of highly dynamic tasks. To over-
come this limitation, a hierarchical control architecture has been widely adopted. In this architecture,
the planning layer utilizes full-body dynamics-based MPC to generate reference trajectories (updated at
50-100 Hz), while the tracking layer employs an operational-space inverse dynamics-based whole-body
control (WBC) method. This WBC scheme solves a constrained QP problem to compute joint torques,
thereby achieving compliant trajectory tracking at an update rate of 1 kHz [17-20].

Building upon the aforementioned motion control algorithms, Jean-Pierre Sleiman et al. [21] pro-
posed a unified multi-contact optimal control framework. This framework models both arms and legs
as generalized contact limbs, constructing an augmented model that incorporates the dynamics of the
manipulated object, the centroidal dynamics of the robot, and its full kinematics. This design enables
the unified encoding of both robot-centric and object-centric tasks. This approach treats the quadrupedal
robot and the manipulator as a unified system. This integrated framework enables task-adaptive coordi-
nation, allowing for dynamic motion redistribution between the mobile base and the arm to fully exploit
the functional redundancy of the resilient machine [7]. A key limitation of this method, however, is its
dependence on predefined physical parameters (mass, inertia) of the object. This requirement prevents
it from adapting to scenarios with unknown payloads. When grasping objects with unknown proper-
ties, the trajectory tracking accuracy at the end-effector degrades significantly, which can even lead to
systemic instability.

To enable the mobile manipulation platform to fully utilize its payload manipulation capabilities and
effectively operate in complex, dynamic, and unstructured environments, this paper proposes a novel
control algorithm. The main contributions of this study are summarized as follows:

« A sensorless disturbance observer design that constructs an external force disturbance solver
based on deviations between the robot’s actual and reference states, combining the update fre-
quency differences between MPC (low-frequency) and WBC (high-frequency) to propose a
fast adaptive control algorithm that demonstrates strong robustness against heterogeneous loads
(e.g., partially-filled liquid containers or suspended weights) while enabling real-time external
disturbance estimation without requiring additional force sensors.

o An unknown payload adaptive control framework that integrates whole-body dynamics, kine-
matic constraints, and disturbance observation to ensure end-effector trajectory tracking stability
when grasping objects with completely unknown physical properties.

« The payload-adaptive control system was implemented on a Unitree B1 quadruped robot with
a Z1 7-DoF arm. Experiments show that: (i) the adaptive system demonstrates stability when
subjected to unknown payloads of up to 35 N. This capability allows the system to fully utilize the
manipulator’s performance, which is rated for a maximum payload of 3 kg [22]; (ii) in simulation,
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the non-adaptive system lost stability at 25N, while the adaptive system withstood 35N (iii) the
adaptive platform successfully achieved precise grasping and transportation of 2.5 kg objects.

The structure of this paper is as follows. Section 2 introduces the basic MPC-WBC algorithm frame-
work. Section 3 investigates the estimation of external forces from robot state deviations. Section 4
describes the integration of the force estimation algorithm into the MPC-WBC framework for stable
robot control. Section 5 validates the proposed method with five groups of simulations and physical
experiments. Conclusions are provided in Section 6.

2. Preliminaries

The quadrupedal mobile manipulation platform employs a hierarchical control framework as shown in
Figure 1, consisting of five core modules [14]: the whole-body planner (based on MPC), whole-body
controller (based on WBC), low-level joint controller, state estimator, and gait scheduler. Based on user
commands and state estimation, the gait scheduler generates contact sequences; the MPC-based whole-
body planner solves for reference trajectories; the whole-body controller computes desired joint torques;
and the low-level controller executes torque-current conversion. The whole-body planner and whole-
body controller together form the high-level control core, upon which the adaptive controller proposed
in this work is constructed (see Section 4 for details).

2.1. Whole-body planner (based on MPC)
We formulate the optimal control problem as follows:

min - ®(T)) + [ L(x(2), u(r), D)dt
st (1) = f(x(0), u(r), 1)
gx(®), u(r),n) =0 (1
h(x(®), u(),) >0
x(0) = xo,

where x(¢) and u(¢) represent the state vector and input vector at time step 7, while L(x(?), u(t), t) and
®(x(T)) denote the stage cost and terminal cost functions. Our objective is to find a control sequence that
minimizes the total cost under the constraints of initial state x,, system dynamics x(¢) =f(x(¢), u(f), t),
equality constraints g(-), and inequality constraints A(-).

2.1.1. System dynamics

This research addresses the dynamic control problem of quadrupedal mobile manipulation platforms
using a whole-body centroidal dynamics modeling approach. Following the conclusions in ref. [8], we
emphasize that for quadrupedal systems equipped with multi-degree-of-freedom manipulators, the influ-
ence of leg mass distribution on system dynamics must be properly accounted for, rather than adopting
the simplified massless limb assumption. The derived centroidal dynamics equation is expressed as:

o= hi+mg (2a)
i=1
ZG = Z rgi X )"i (2b)

i=1
The robot state x = (hg, g5, g;) € R"*™ comprises the centroidal momentum /g, base pose g,, and
joint positions g;. The centroidal momentum hg = (pg, lg) € R® consists of linear momentum p; and
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Figure 1. The diagram outlines the key elements of the fully actuated control architecture.

angular momentum /. The input vector u=(A;,--- ,A,,V;) € R3+m jncludes contact forces A; at n,
contact points and joint velocities v;, where rg; denotes the position vector from the i-th contact point to
the centroid.

2.1.2. Cost function
We encode all robot-centric and end-effector-centric tasks into a unified cost function formulated as:

LG().u().n=] wot D=+ gl 3)

where R are positive definite matrices; Q,, Q..,, Q..,are positive semi-definite weighting matrices;
rie, & € R? represent the end-effector’s position and orientation errors respectively.

2
o T ”” —u?

x, — x4
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2.1.3. Constraint functions

These constraints capture the distinct modes of each leg at any given time. Assuming the mode sequence
is a predefined temporal function, we denote by N,,,...; the set of all closed contacts during time period.
The resulting constraints are expressed as:

Vi (—x’ M) = O’f;(l’l%) : )‘i = O’ lfl € Nmntacn
Vi(x7 M) ';Z:S(t)7)\'i:O’ ifi¢Nmntacr’

where v; denotes the foot-end velocity in the world coordinate frame, enforcing that: (1) stance legs
maintain ground contact through v; = 0; (2) swing legs follow the predefined trajectory s(¢) along the
local surface normal direction 71 € R?. Additionally, zero contact force is enforced for swing legs, while
stance legs are subject to friction cone constraints f,(i.) defined by the surface normal 7 and friction
coefficient . = 0.7.

“4)

2.2. Whole-body controller (based on WBC)

The whole-body controller employs a hierarchical optimization architecture to track reference trajecto-
ries for both the base and limbs. This controller solves for optimal generalized accelerations and contact
forces through QP formulation with prioritized tasks [23, 24], subsequently computing joint torques via
inverse dynamics. The specific task prioritization scheme is illustrated in Figure 1.

2.2.1. Equations of motion

The mechanical system’s equations of motion establish the relationship between generalized accelera-
tion ftypc, contact forces A., and joint torques . By defining xyzc = [itwse A. 17, the robot’s centroidal
dynamics model takes the following form:

[Mb(fI) —J;,T] “Xwae = —hy(q, q) (5)

where (-), denotes base-related components in parameter matrices.

2.2.2. No contact motion
To ensure contact consistency for stance legs (which are constrained from moving), the following tasks
must be enforced:

[Ji O3><n“ ] * XwBc = _Ji * Uwsc, ~i € Nmnmcl (6)

2.2.3. Torque limits
To enforce joint torque limitations within hardware-specified bounds, we formulate the following joint

torque constraint task:
M/(Q) _J]T X < Tmax * lnux] - h./(% Q) (7)
_M(q) ‘IJT e = — Timin * lnaxl + hj(q’ 5])

where 1, =[1--- 1] €R™, (+); denotes joint-related components in parameter matrices.

2.2.4. Friction pyramid constraint

To prevent slippage, the contact force A. € R**" generated by the i-th foot must be constrained within the
friction cone. To obtain a linear formulation, we approximate the friction cone using a pyramid. Thus,
given the friction coefficient u., the friction constraint for the i-th leg’s contact force can be expressed
as:

ﬁ‘(“’(‘) . )\'i = He . )"i = 09 i€ Nzrnntact (8)

oo ==
o= =00
|
&
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2.2.5. Trajectory tracking

After ensuring dynamic feasibility, hardware torque limits, and non-slipping contact constraints, we
perform trajectory tracking for the center of mass (CoM), swing legs, and end-effector [25, 26]. Given
reference CoM trajectories Cr}’ .C r,rff and C r:f in the operational space, the tracking is implemented as

follows [8]:
[CJb O65n, ] * Xwpc = c.’ff +K,, - C?b +Kyp - C?b — cjb * Uwac (9a)

Similarly, trajectory tracking for both the swing legs and the robotic arm’s end-effector can also be
achieved using the above formulation; therefore, we define:

[C-li 03><na ] * Xwpc = C.’;ff + Kp,i : C};:i + Kd,i : C7:i - CJ,- * Uwpc, i ¢ Nconract (9b)
[C‘]” 06><"u ] *Xwec = C.’::i/ + vae"' : C7ee + Kdve"' : C7ee - CJee " Uwsc (9C)

2.2.6. Contact force tracking

We execute contact force tracking with the lowest priority, which guides the contact force solution
while ensuring the primary task objectives proceed unimpeded, thereby accelerating the overall solver
convergence.

[Onax(l2+n,,) Inaxna ] * XwBc = )“mf (10)

where A" represents the ideal contact force computed by the MPC solver.

3. External force estimation algorithm

This section presents a novel robotic external force estimation method based on recursive least squares
with forgetting factor (RLS-FF), which achieves real-time interaction force estimation through fusion
of dynamic models and joint sensor data. The proposed approach incorporates an enhanced forget-
ting factor mechanism that significantly improves estimation accuracy and response speed in dynamic
environments.

3.1. External force estimation model
For floating-base robotic systems, we first establish the standard dynamic equation:
M(9)§ +h(g,p =7 +J" (@r (11)

By defining the nominal state dynamics (external-force-independent terms) on the left-hand side as:
;= M(q)q + h(q, ¢), the dynamic equation simplifies to an external-force-explicit form:

r=J"(q)(t,— 1) (12)

In practical systems, accounting for noise interference in joint torque measurements and state
estimations, we introduce joint torque residual §t =1 — 7 and state residual §t, = t, — 7,, where 7
and 7,represent the measured values of joint torques and dynamic terms, respectively, yielding the
disturbance equation:

2,48t =1+t +J (@ (13)

Assuming the system noise follows Gaussian distributions: 87, ~ N(0, R,), T ~ N(0, R), where
{R,, R} are their respective covariance matrices. By merging the measurement noise terms, we ultimately
construct an observation model incorporating noise characteristics:

e=J"(Qr—1° (14)

where t° =17, — T represents the observed value of the nominal state, and ¢ =3§t, @ §t denotes the
system noise. The “@” symbol indicates probabilistic superposition between 87, and §t. This model
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probabilistically combines the nominal state observation with system noise, establishing a theoretical
foundation for subsequent parameter estimation.

3.2. External force estimation model

The external force estimation problem is transformed into a noise energy minimization process for
dynamic systems. Based on the weighted least squares criterion, an optimization objective function
incorporating a forgetting factor is constructed:

A(ty) = arg min (Z o ||e(zk>||$v) (15)

k=1

where o € (0, 1] is the forgetting factor, which exponentially weights and decays the influence of his-
torical data; N represents the observation window length, reflecting the time constant of the system’s
dynamic characteristics. This weighted least squares problem is solved in real-time using the RLS
method, with its iterative form given by:

B TNy

A - Egingotny +J7 () - Py (t-1) - (JT (1)
Al) =Alir) + Ky () - (TO (t) = J" (1) - A (fk—1)) (16)
Py(t) = P(tiy) — Ko (8) JT(1) <Py (timy)

o

Here, P(t,) is the error covariance matrix, K,(#) is the Kalman gain matrix, and E.,,).@+n,) s the
identity matrix. Finally, the estimated generalized interaction force Xee = [ﬁg 7,17 € R® at the robot’s
end-effector can be directly extracted from the last six elements of A(#), corresponding to the contact
force and torque components.

3.3. The a-adaptive method based on control architecture

The RLS-FF algorithm serves as an efficient online parameter estimation method, particularly suit-
able for time-varying robotic dynamic parameters. By recursively updating parameters, this method
introduces a forgetting factor o to exponentially decay the weight of historical data, thereby assigning
higher confidence to new data and enabling effective tracking of time-varying parameters. The value
of « critically impacts estimation performance: as o approaches 0, the algorithm exhibits strong track-
ing capability but increased noise sensitivity, leading to amplified estimation variance and parameter
oscillation; as o approaches 1, it demonstrates excellent noise resistance but noticeable parameter
update lag.

Conventional force estimation methods typically employ a fixed forgetting factor, which suffers from
two major limitations: (1) difficulty in adapting to rapid parameter variations in dynamic interaction
scenarios, and (2) failure to fully leverage the hierarchical nature of the control architecture. In con-
trast, the deep coupling framework proposed in this study adopts a dual-time-scale estimation strategy,
enabling high-frequency parameter fine-tuning at the WBC layer (1 kHz) and low-frequency parame-
ter reconstruction at the MPC layer (50-100 Hz), thereby significantly improving system adaptability.
Within the MPC-WBC hierarchical control architecture, the MPC module optimizes and generates ref-
erence joint trajectories over a finite time horizon, while the WBC module performs local optimization
at a higher frequency to achieve accurate trajectory tracking based on the commands from MPC. This
division of labor implies that each time MPC updates its planned trajectory, the reference for the WBC
module changes, thereby reducing the relevance of previously accumulated historical data for force esti-
mation at the current moment. Accordingly, our method proactively reduces the forgetting factor in the
RLS algorithm after each MPC update. This deliberate reduction diminishes the weight of older data,
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Figure 2. Block diagram of the proposed adaptive force-based controller.

allowing the estimator to adapt more rapidly to dynamic variations introduced by the new trajectory
commands. Compared to strategies with a fixed forgetting factor, this approach aligns more naturally
with the decision-making cycle of the controller, enhancing the response speed to load variations while
maintaining estimation stability.

As shown in the control framework (Figure 2), within each control cycle (1 kHz): (1) the WBC first
solves for joint torque commands and sends them to the low-level controller; (2) the force estimator then
updates dynamic parameters using the RLS-FF algorithm (computational complexity O(n?)) based on
discrepancies between actual states and the reference model; (3) the refined parameters are applied to
the next cycle’s WBC computation.

Under the synchronous framework, the forgetting factor is set as o« =aypc. Furthermore,
since the WBC algorithm operates at a fixed control cycle, Equation (15) is reformulated as
A(N) = arg min, ( Zszl a%ﬁ”e(k)”fv), where N denotes the number of cycles. Assuming J(N) =
S absklle(®)ll3,, we derive:

JN) = [l (1) - ahpe - N —1) &N |- Ty (17)

To address the lower update frequency of MPC (100 Hz), a dynamic forgetting factor adjustment
strategy is designed: During each MPC policy update, the forgetting factor is automatically reduced
to diminish historical data weighting, thereby enhancing the algorithm’s rapid response capability to
new policies. This design ensures stable estimation within MPC cycles while maintaining adaptability
to parameter changes during policy transitions. The modified forgetting factor is introduced, and the
weighted sum of squared prediction errors for each MPC cycle becomes:

Jure = yype - [alys-€ (1) -+ e - € (N* = 1) ] - Tiwemipsa + €7 (N7) (18)
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Combining Eq. (17) and (20), we obtain:
tirpc Jure (1) e @pe  Jupc()

* ATk Nx1
A EWNT D) S
where n* represents the number of MPC executions. Through this design, whenever the robot’s MPC
policy updates, the system dynamically decreases the value of the forgetting factor «, thereby achiev-
ing exponential decay weighting of historical data while correspondingly increasing the weight of
new data. This dynamic adjustment mechanism enables the force estimation algorithm to rapidly track

dynamic parameter changes induced by new MPC strategies, significantly improving response capability
to external disturbances while ensuring system stability.

J(N) = [ (19)

4. Adaptive-force-based control

Building upon the hierarchical control architecture described in Section 2, this section details an inno-
vative adaptive force control integration method. The framework achieves real-time compensation and
dynamic adaptation to unknown environmental interaction forces by deeply embedding external force
estimation into the MPC-WBC control loop, significantly enhancing the stability and adaptability of
quadruped mobile manipulation platforms in complex interactive tasks.

4.1. Whole-body control extension

While traditional WBC can handle basic dynamic constraints, their performance often degrades when
facing unknown external disturbances. This study enhances WBC in three key aspects:

First, by treating the external force A.. = (f.., T..) € RS acting on the end-effector as a disturbance term
in the centroidal momentum equation, the centroidal dynamics undergo the following modification:

[Mb(Q) _JbT] Xwse = —hy(q, §) + JeTe e (20)

where J,, is the Jacobian matrix of the robotic arm’s end-effector. By treating the external force X,
acting on the end-effector as a disturbance term and incorporating it into the Task: Equations of Motion,
this enhancement enables the system to accurately reflect actual force conditions. Secondly, regarding
constraint handling, we have reformulated the Joint Torque Saturation Task:

M(q) _JJT Tinax * 1n,,><1 - hj (Q» é) + J; . Fee
r * Xwpe = . (21)
_M;(CI) J] — Tmin * 1n,,><1 + hj(Q7 CI) - J;e : Fee

This formulation ensures joint torque commands satisfy hardware limitations even under external
force disturbances. Finally, a compensation term is introduced in the torque computation step, yielding
the ideal joint torque 7% as:

Tl — [M(q) __/jT] X hi(q, §) — JFT( -F,, (22)

This enhancement enables the WBC to perform real-time compensation for measured external
disturbances at 1 kHz control frequency.

4.2. Model predictive control extension

To address the instability of conventional WBC in highly dynamic scenarios, we integrate the extended
dynamic model into predictive optimization, combining MPC’s predictive capability with WBC’s
real-time control. The MPC generates reference trajectories accounting for future states, while the
WBC performs refined optimization based on real-time dynamic constraints. This framework signif-
icantly enhances the dynamic performance of quadruped mobile manipulation platforms when handling
unknown end-effector loads, enabling rapid stabilization under disturbances.

During robot-environment interaction, the end-effector experiences both linear contact forces and
contact torques 7,.. To accurately model this complete interactive dynamics, we systematically extend
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Table I. Algorithm runtime.

Cycle index  Average cycle duration  Average algorithm runtime
Time(ms) 39,957 0.59934 2.5%x107°

the momentum balance equations within the original single rigid-body dynamics framework:

I"G = Zﬁ + )"ee + mg, i € Nmnmc[
i=1
. 23)
2GZX:VGI Xﬁ+rGee X )\'ee"_ree
i=1
where .. = [f.. T..]" € R® denotes the end-effector force and rg,, denotes the position of the end-effector
relative to the CoM. The input vector is extended to include u = (A, - - - , A, s Aee, V) € R3ne+6+na
In formulating the optimization problem, equality constraints must be applied to the generalized
contact forces (including linear force f,, and torque t,,) at the end-effector to ensure physically plausible
interactions:
uee,)\ :f;e
(24)

Ueer = Tee

Since the cost function already includes an optimization objective for the input terms, we employ a
relaxed barrier function method to convert these hard constraints into soft constraints integrated into the
cost function. Specifically, the composite cost function is constructed as:

Lx@),u(t),f)= o =+ e — o

. 2 2
x, —x7 |0, T IEllG,,, (25)

where ¥ =[03, A 0,, 17 € R¥+6* jg the extended input vector.

5. Experiments

The experimental validation was conducted on a mobile manipulation platform consisting of a Unitree
B1 quadruped robot equipped with a 7-DOF Z1 robotic arm. All algorithmic modules were deployed on
a laptop PC (Intel i7-9750H, 2.6 GHz) and implemented in the Gazebo 11 simulation environment via
the ROS Noetic framework. The system employs the OCS2 open-source rigid-body dynamics library
[27, 28] for high-fidelity dynamic modeling. All of the examples discussed in this letter are also included
in the supplementary video submission (https://youtu.be/KNBjoGdoA5c).

5.1. Force estimation performance validation

As shown in Figure 3, during this experiment, the end-effector grasped a 1 kg counterweight while the
robot maintained stationary standing. Based on local gravitational acceleration (9.8 m/s*), the nominal
external force acting on the robot was 9.8 N.

Comparative analysis of the z-axis force estimation results (Figure 3) reveals that both the traditional
method and the a-adaptive method converge near the theoretical value, confirming algorithmic correct-
ness. Notably, the a-adaptive method demonstrates faster convergence compared to traditional methods.
These improvements primarily stem from its innovative dynamic forgetting factor adjustment mecha-
nism and deep coupling design with the WBC controller. The performance enhancement significantly
boosts the robot’s adaptability in unstructured environments, providing reliable technical support for
subsequent complex interaction tasks. Experimental data fully validate the dual advantages of the pro-
posed method in both response speed and estimation accuracy, with steady-state estimation mean values
deviating <5% from theoretical values.
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Figure 3. A performance comparison between the conventional method and the a-adaptive method.

Furthermore, as detailed in Table I, we conducted a comparative analysis of the computational time
consumption for the WBC control loop with the external force estimation module. Experimental results
demonstrate that after integrating the force estimation algorithm, the average computation time per
control cycle increased by only 2.5 x 10 ms. This marginal increment remains entirely within the per-
missible range of the 1 ms control period, ensuring the system’s capability to stably maintain 1000 Hz
high-frequency control.

5.2. Algorithm comparison
To systematically evaluate the performance of the proposed adaptive control algorithm, comparative
experiments were conducted with the non-adaptive method from ref. [21]. The experimental setup
involved a mobile manipulation platform performing in-place stepping motions while monitoring
end-effector positional changes under time-varying step loads (20N, 25N, 30N, 35N) applied at the
end-effector, with all tests completed in Gazebo simulation environment for safety considerations.
Experimental results (Figures 4, 5) demonstrate the proposed algorithm’s superior performance: in
terms of robustness, it maintains excellent trajectory tracking performance under full load conditions
with end-effector position deviations controlled within +1cm; regarding stability, it successfully handles
sudden 35N loads while maintaining stable system operation; comparative algorithm performance shows
the non-adaptive method exhibited significant Z-axis deviation (>5cm) at just 20N load, ultimately
leading to system instability.

5.3. Trajectory tracking under time-varying forces

This experiment validated the effectiveness of the proposed adaptive control algorithm in handling force
uncertainties through a challenging non-homogeneous object manipulation task. As shown in Figure 6,
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1. Robot with none-adaptive controller starts in a trot mode. 2. The end-effector is subjected to
a 20 N force at z axis. 3. The force increased to 25 N, causing the robot to topple.
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1. Robot with adaptive controller starts in a trot mode. 2. The endeffector is subjected to a 25 N force
at z axis. 3. The force is increased to 35 N, yet the robot maintain stability.

Figure 4. Compare the postural changes of the robot under adaptive and non-adaptive control.

the quadruped mobile manipulation platform successfully completed grasping and transporting a 2.5 kg
non-homogeneous object (with internal rolling balls simulating mass distribution variations).

The results demonstrate that the proposed algorithm maintains excellent control performance under
dynamic disturbances, achieving fast and precise positioning at the target location. Notably, the system
exhibited stable transportation capability even under harsh oscillatory disturbances caused by suspended
weights.

Experimental results demonstrate that the proposed algorithm effectively handles uncertainties in
unstructured environments, as evidenced by comprehensive experimental records, thereby providing a
reliable technical solution for complex manipulation tasks. Our work builds upon the advanced frame-
work introduced by Jean-Pierre Sleiman et al., inheriting its advantage of a large manipulator workspace.
The key contribution of this study lies in overcoming the stability limitation of that framework when
dealing with unknown payloads. Our method achieves a trajectory tracking accuracy within +2 cm,
demonstrating its potential for practical applications in complex interactive scenarios such as warehouse
logistics or search-and-rescue operations.

6. Conclusion

This study proposes a novel adaptive force control system for quadruped mobile manipulation plat-
forms, which effectively addresses object uncertainty in grasping tasks through deep integration of
RLS-FF-based adaptive force estimation with the MPC-WBC control framework. Experimental results
demonstrate significant improvements in force estimation performance compared to conventional meth-
ods. The innovative triple-fusion architecture achieves 1000 Hz high-frequency force compensation
while maintaining end-effector deviation below 1 cm under 35N impact loads. Validation through 2.5 kg
non-homogeneous object manipulation experiments confirms excellent trajectory tracking performance
and stable transportation capability, with 75% increased maximum stable load capacity versus baseline
methods. These achievements provide an effective solution for robotic manipulation in dynamic envi-
ronments. Future work will focus on multimodal sensory fusion research, combining vision and force
feedback for prior object parameter estimation to further enhance system adaptability and application
scope.
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