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Abstract—High-precision heavy-duty grading is a common step
in earthworks, traditionally carried out manually by skilled
operators. Removing a significant amount of material while
achieving a high-precision surface requires substantial machine-
specific experience. Different hydraulic architectures react dif-
ferently to operator inputs and soil interaction forces, which
makes generalizable controllers challenging. In this paper, we
present an autonomous controller that achieves high-precision
grading at expert-operator speed on Load Sensing and Negative
Flow Control machines alike. We split our controller into two
parts: (1) a hydraulic-aware low-level loop that is hydraulic
architecture-specific and (2) a path-tracking layer that coordi-
nates joint motions and responses. Through a calibration process,
our technique is applicable to load-sensing and negative-flow-
control machinery. To showcase its versatility, we benchmark
our approach on two excavators with different hydraulics and
compare it against a commercial state-of-the-art solution. Our
technique (RMSE 1.8 cm) outperforms the commercial solution
(RMSE 4.7 cm) in precision by a factor of 2.6 and improves
machine usage by leveraging the maximum function pressure, as
opposed to commercial solutions that stall prematurely.

I. INTRODUCTION

Despite significant progress in industrial automation, heavy
machinery on construction sites is still largely operated manu-
ally. Operators are exposed to hazardous environments and
face high physical and cognitive loads. At the same time,
the industry struggles to meet demand due to persistent
labor shortages. Intelligent assistive systems and automation
for heavy equipment can enable safer, more consistent, and
more efficient operation, especially for users with limited
experience. Yet automating earthmoving tasks such as dig-
ging, trenching, and grading is difficult due to the complex
coupling between the soil and the machine as well as the
high complexity associated with precision hydraulic control.
In particular, high-precision tasks such as grading require
substantial operator experience and are time-consuming to
perform.

In this paper, we address autonomous high-accuracy grading
with substantial ground interaction, as shown in Figure E] and
in our supplementary videcﬂ We propose a technique that
generalizes across excavators and hydraulic architectures such
as Load Sensing (LS) and Negative Flow Control (NFC). We
define heavy-duty grading as cuts that fill the bucket in less
than one stroke. Current commercial systems perform poorly
in deep grading, stall before the maximum function pressure
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Fig. 1.

Heavy-duty grading with the Menzi Muck M445. Grading denotes
the removal of uneven ground to form a prescribed planar surface. In the
shown setting, this requires substantial soil interaction while maintaining
the bucket edge on the target plane. The proposed retrofittable, hydraulics-
aware controller automates such in-soil grading passes across excavators and
achieves centimeter-level surface accuracy.

is reached, and deviate from the target surface. State-of-the-
art Inverse Kinematics (IK)-based methods also lose accuracy
across soils, since joint responses are load-dependent and
are not fully modeled [32]]. Prior work has not shown real
in-soil centimeter-level grading that combines soft hydraulic
actuation, load-dependent compensation, short calibration, and
transfer across hydraulic architectures.

We propose a retroﬁttableﬂ machine—agnosticﬂ controller for
LS and NFC hydraulic excavators. It combines NFC-specific
hydraulic compensation for soft, load-dependent actuation, a
fast one-time calibration without vendor-specific access, and
a Model Predictive Control (MPC) path-tracking layer for
precise in-soil grading under varying load. LS hydraulics
are modeled with a simple mapping between Directional
Control Valve (DCV) displacement and function flow, while
NFC machines require a load-dependent function flow model.
We introduce a new NFC model that accurately inverts the
hydraulically soft behavior and matches the target function
flow under load. Velocity transients are modeled as a second-
order system with added dead time for the MPC path tracking.

We validate the method on two excavators with different
weight classes and hydraulics. Velocity tracking experiments
show that the calibrated hydraulic models match target joint
rates under varying loads. We compare in-soil deep grading
performance to a commercial state-of-the-art system. In a

2can be calibrated without vendor-specific access
3generalizes across machines without changes to the method



test campaign on the NFC excavator, our controller achieves
an RMSE height error of 1.8 cm at different cutting depths,
compared to 4.7 cm for the commercial system. Experiments
on the 11.5t LS machine confirm a precision of 1.4 cm across
various cutting depths. We assess surface quality and preci-
sion of the graded areas with a high-precision laser scanner.
The proposed system stalls only at the maximum function
pressure, unlike commercial controllers, which stall earlier,
thereby under-utilizing the machinery. Our framework presents
a significant advance in grading quality, enabling direct use
of the prepared terrain. In our tested setting, the commercial
system required additional passes to reach comparable surface
quality.

In sum, the contributions of this paper are:

o A hydraulics-aware control stack for heavy-duty high-
precision grading that achieves 2.6 times lower error than
the baseline.

« A novel pressure-adaptive NFC model that compensates
soft, load-dependent hydraulic actuation.

« A one-time retrofit calibration routine and path-tracking
layer that achieve sub-2cm in-soil grading.

II. RELATED WORK

Automation of earthmoving equipment has been inves-
tigated from early assistive systems to fully autonomous
platforms. Reviews of earthmoving automation and construc-
tion robotics summarize sensing, perception, and control ap-
proaches across excavators, wheel loaders, and bulldozers,
and highlight the trend toward tighter integration of machine
control with digital site models and fleet-level planning [2}22].

A. Automation of Heavy Machinery

Robotic excavation has progressed from early research pro-
totypes to full-scale autonomous machines. Free-form trench-
ing and foundation work is demonstrated using a walking ex-
cavator in [14]. Autonomous short-cycle loading with standard
tracked excavators has been shown in a complete system that
performs material loading in a quarry, including perception,
planning, and robust execution in varied terrain [33]. Recent
work on excavation planning extends these results to higher-
level task and motion planning for bulk earth removal [25]].

Beyond excavators, autonomous and semi-autonomous
wheel loaders and haul trucks have been studied for mining
and earthworks. Simulation-based optimization and, more re-
cently, learned world models are used to tune loading cycles
and bucket trajectories under granular material interaction [L1]].
These systems focus on productivity and cycle time and
typically rely on proprietary machine-control layers tuned to
a specific hydraulic architecture and task.

B. Hydraulic Motion Control

Hydraulic excavator motion control research spans physics-
based modeling, optimization, and learned abstractions. A
complete grading pipeline with perception, stroke planning,
and motion control is presented by Jang et al. [12]. On the
modeling side, Kim et al. [15] derive a nonlinear DCV model

capturing internal switching, joint coupling, and shared pump-
flow constraints, and use constrained optimization to scale the
desired bucket motion under flow saturation.

Learning-based and reduced-order approaches often trade
modeling effort for data or structural assumptions. Lee et al.
[18] learn an inverse mapping from desired joint velocities to
valve commands with delay compensation, reporting ~ 2cm
tracking after several hours of machine-specific data collec-
tion. Wang et al. [27] propose an observer-based approxi-
mate affine nonlinear MPC to improve tracking with reduced
computational cost, and Msaad et al. [21] apply data-driven
nonlinear MPC via local model networks for grading on a
single machine and hydraulic architecture.

Reinforcement-learning methods have been tested on full-
scale hydraulic machines, including sim-to-real trajectory con-
trol [7], end-to-end bucket filling for soil manipulation [§],
offline Reinforcement Learning (RL) for rigid-object excava-
tion [13| 20], and learned rock or bulk manipulation [10].
For grading, Kim and Kim [16] use RL to tune a neural-
network inversion layer, while Spinelli et al. [23] and Werner
et al. [29] control hydraulic material-handling machines with
underactuated tools. In our preliminary light-grading tests, an
end-to-end RL policy reached about 6 cm tracking error. It
relied on a task-specific simulator and did not handle load-
dependent NFC hydraulics or transfer across excavators.

Overall, model-based and data-driven motion controllers can
be accurate, but most assume one hydraulic topology, abstract
hydraulics as joint actuation or need machine-specific data,
tuning or simulation. They do not treat LS and NFC machines
in a unified way. Model-free RL can be robust, but has not
shown centimeter-level accuracy in deep heavy-duty grading.
None of these works provides a short retrofit calibration
procedure for hydraulic adaptation across excavators.

C. Grading and Surface Flattening

Several works address grading and surface flattening with
hydraulic excavators. Xu et al. [31] proposed an automated
grading controller based on Inverse Kinematics and PI hy-
draulic control. Coupling the PI controllers can lead to im-
proved precision as shown by Wang et al. [26]. Lee et al. [17]
formulated contour control for leveling tasks based on geomet-
ric path-following of the bucket edge by decoupling the target
surface objective from pure position control. More recent work
uses contouring-error formulations and disturbance observers
to achieve high-accuracy flattening: Dao et al. [5] presents
contouring control for surface flattening and later extends
the approach with active disturbance rejection and sliding-
mode observation to better cope with external disturbances
and model mismatch [4]. These techniques are evaluated in
simulation only. Yang et al. [32] present a leveling controller
for hydraulic excavators that combines a force pre-load term
with cross-coupling compensation to synchronize cylinder
motions on a small LS excavator.

Commercial solutions such as Trimble Earthworks and ear-
lier GCS900 systems provide GNSS- and total-station-based
guidance and semi-automatic boom, stick, and bucket control



TABLE I
COMPARISON TO PRIOR GRADING AND HYDRAULIC MOTION-CONTROL METHODS.

Ref. Technology Val. Performance Machine specificity Arch.
[31] IK + PI Sim. ~4cm in sim, slow single-machine model simplified
[5h Contouring + ESO Sim. N/A simulation-only not considered
4] ADRC + SMO contouring Sim. N/A simulation-only not considered
[1e] Hybrid model-based + RL Sim. 2.3cm tuned one simulated 30t excavator in-air LS
[32] Force preload + cross-coupling Real light grad. only: 1cm tuned on 6t LS excavator LS

[26] Coupled non-linear PI Real in-air only: ~2-9cm tuned on one machine N/A

[17] Contour following + PI Real light grad. only: 2.34cm avg tuned on 1.5t machine N/A

[18] Learned model inversion Real <2cm path RMSE several hours of machine-specific data unclear
[21] Data-driven nonlinear MPC Real cyl vel tracking only identified on one excavator LS
[LI3019] Commercial, Proprietary Real > 4cm or light grading only retrofittable various
Ours Hydraulic FF + PID + MPC Real 1.4 / 1.8 cm RMSE ~20 min, explicit calibration LS + NFC

Val.: validation type. Arch.: whether the method explicitly addresses hydraulic architectures. N/A: not available in public description.

for excavator grading [11]. Caterpillar’s Cat Grade Control
offers assistive modes to reach design surfaces and slopes and
is tightly integrated with machine telematics and payload sys-
tems [3]. Leica’s MCI1 platform provides 2D machine control
for multiple earthmoving machines, including excavators, and
focuses on unified user interfaces and integration with survey
equipment [9]. Details of the hydraulic control strategies
and their adaptation to different hydraulic architectures are
typically not disclosed in public documentation. However,
as construction robotics is a more mature field, commercial
solutions tend to match the performance of what is presented
in literature. Empirically, these systems perform well in light
grading and finishing, but are limited in deeply loaded cuts
and their use of the full hydraulic torque envelope.

All methods operate mainly in the kinematic or joint-
velocity domain. They generally assume relatively light terrain
interaction, do not explicitly model hydraulic dynamics or
load-dependent effects, and ignore differences in joint response
to input commands. In contrast, our controller is retrofittable,
hydraulics-aware, and machine-agnostic for heavy-duty high-
precision grading.

Table |I| compares previous methods by validation type,
performance, machine specificity, and hydraulic handling used.
Because many prior methods require vendor-level access, large
datasets, extensive tuning, tuned simulation, or assumptions
that do not hold on both excavators, we use a transferable
commercial system deployed on the same machine as the
practical baseline. To the best of our knowledge, no prior
method combines real in-soil validation, sub-2cm RMSE,
short calibration, cross-machine deployment, and explicit han-
dling of soft NFC actuation.

III. CONTROLLER ARCHITECTURE

The presented controller executes a single grading pass in
the soil until the end of travel is reached or the machine
stalls at maximum function pressure. Our control pipeline
receives as input from the user or a higher-level planner the
height and inclination of the design surface, along with the
desired grading velocity in end-effector (EE) space. To keep
the motion controller adaptable across different machine types,
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Fig. 2. Flow graph of the grading controller and split between path tracking
and joint velocity stage. The user sets the design surface and EE speed. The
MPC path-tracking controller outputs joint velocities, which are tracked by
the hydraulic controller consisting of a hydraulic model and a parallel PID
element.

we separate machine-agnostic path tracking from hydraulics-
aware joint velocity control, as shown in Figure [2]

A. Joint Velocity Controller

Our core innovation includes a hydraulic-aware joint ve-
locity controller that tracks target joint rates by computing a
valve command or pilot-stage current. Since joint-level effects
occur at the cylinder level and are more linear there, we map
the target joint rates [rad/s] to cylinder speeds [ms~'] via the
closed-loop kinematics of each joint, as shown by Werner et al.
[30]. The target cylinder velocity is then fed to a calibrated
hydraulic model as a Feed Forward (FF) element and to
a parallel PID controller. During calibration, an appropriate
hydraulic model is selected, enabling our method to generalize
across hydraulic control loops such as LS and NFC. Different
hydraulic architectures vary significantly in their response to
joint loading, making this adaptation vital. The PID controller
compensates for unmodeled effects and disturbances, such as
flow sharing, pump boost, or recuperation, while most of the
command comes from the calibrated, load-aware hydraulic
FF model. While cross-coupling effects are present on all
architectures, we found them to be compensatable with just
the PID for our target speed and precision. Implemented as a
multidimensional Lookup Table (LUT), our hydraulic model
maps desired cylinder velocities or function flows to valve



commands using other measurements such as cylinder back
pressure and joint acceleration. It acts as a Multiple Input
Single Output (MISO) element and is calibrated for each joint
individually. Finally, the FF and PID signals are combined and
sent to the valves.

1) Hydraulic Model Load Sensing: Due to the load-aware
and compensating behavior of LS hydraulics, the calibrated
hydraulic model can be designed in a straightforward way. A
1:1 LUT, mapping from desired oil flow to valve command,
calibrated on the machine as described in Section [V-A] is
sufficient. Appendix explains the hydraulic mechanisms
behind this model.

2) Hydraulic Model NFC: NFC hydraulics differ from LS
in how function loading affects motion [19]. Appendix [A-BJ
describes the more complex relationship between function load
and flow in NFC systems. It also describes the underlying hy-
draulic model, that we calibrate as shown in Section for
the hydraulic-aware feed-forward element in our load-sensitive
controller. The simplified model is our key contribution, as it
lets us calibrate and model NFC hydraulics with a task-specific
goal. Hydraulic modeling is otherwise practically unviable for
researchers due to the unavailability of core information from
manufacturers and the difficulty of characterizing individual
components, which requires full disassembly.

B. Path Tracking Controller

Our path tracking controller uses the machine kinematics
and transient behavior of the plant, which includes our joint
velocity controller and the machine itself. A standard MPC
formulation is deployed, which uses a per-joint second-order
transfer function with added dead-time delay as a system
model. By accounting for joint transients, the MPC path track-
ing controller commands joint velocities that avoid the typical
overshoot of the target surface at the start of a grading pass.
We neglect joint coupling effects in favor of execution time,
since they have shown limited influence on joint dynamics at
the speeds targeted by this work. Future work could include
them by explicitly modeling them in the MPC formulation.

The MPC’s objective is to execute a single grading pass
along the design surface while respecting joint and actuator
limits, outputting target joint rates for the joint velocity
controller. As an input, it gets the design surface height h*,
inclination a* and EE velocity v}. The controller is formulated
as a discrete-time nonlinear MPC in joint space with a task-
space tracking objective, where the EE pose and twist are
predicted through forward kinematics.

a) Prediction model.: The MPC state models the dom-
inant closed-loop transient of each joint, including the cali-
brated hydraulic feedforward element, PID velocity loop and
hydro-mechanical motion of the machine. Each joint 7 is
approximated as a second-order system in velocity with gain
K;, damping ratio {;, natural frequency w, ;, acceleration a;
and dead time 7; acting on the commanded joint velocity u;
at time #:

. 2 2
a; = —2§’ia)n,l~ a; —w, ;vi + Kiwn,i Ui (l - Ti),

(D

with v; = 6; and a; = ;. For the controlled joints, we define
joint positions 6 € R3, velocities 6 € R3, and accelerations
6 € R3. The control input is the commanded joint velocity u =
Ocma € R3. The model is discretized at Az = 0.1, matching
the controller update rate.

Dead time is represented using a discrete input buffer of
length N that is part of the MPC state. Let ug ; € R3 denote
the j-th delayed-input state, with j = 1 the most recent, and
(-)* denoting the next-step value. The buffer dynamics are

“2,1 =u, uz’j:ud,j_l, j=2,...,Ngs. (2
For joint i, the delayed input used in (I)) is selected as u; (s —
T & (ud’di)i with

T

o =an 2

| 1 M), 3

where |-] is the floor operator and clip(-, 1, Ny) saturates the
value to the interval [1, N4].

b) Task-space quantities.: The MPC cost is defined in
task space. The excavator forward kinematics are evaluated
inside the optimization using the predicted joint states. Specif-
ically, the full configuration used for kinematics is

T
Gtull = [gcab Ovoom  Ostick Obuckel] s (4)
where 0., is the measured cabin pitch. For machines with
a telescopic stick, stick extension measurements e can be
added to the state. From qy,;; and g, we obtain the predicted
EE state 7 including position pgg(-), EE linear velocity
vgg(-), and EE angular velocity wgp(-), all expressed in a

local gravity-aligned frame. The bucket pitch angle ¢pf is
extracted from the predicted EE rotation matrix.

c) Optimization problem and cost function.: At each con-
trol step, the MPC solves a finite-horizon nonlinear program
in receding-horizon fashion:

N-1

min U(xg, ug, ™) + m(xy, TN) )
{ur 5! kZ:(:)

st @iy = f(Tk, wp, ), (6)

Ty = :f?(t), ur € U, 0, € 0. @)

Here, ¢ is the MPC state at step k (containing the joint states
and the delayed-input buffer), and () is the estimated current
state at time 7. The mapping f(-) denotes the (discretized)
state-transition function induced by (I) and the delay-buffer
dynamics (2). The stage cost £(-) and terminal cost m(-) are
scalar-valued functions. The admissible input set U encodes
joint-rate limits, and the admissible set ® encodes joint-
position limits.

For slope grading, the running cost penalizes deviation from
the desired forward velocity, enforces near-zero vertical EE
velocity and pitch rate, regulates the EE height to the target



plane, and regulates the blade pitch:
2
U(Tp, Wi, ) = Wy (VEE,x(ﬂﬁk) - V;)
2
+ Wy (VEE,z(wk) - 0)

2
+we (a)EE’y(wk) - 0)
+wy (¢gE(@0) - ¢%)°

2
4w (PEE,.(20) = (0" + " ppg (20)))

+ wau |l — w13

The increment penalty on uix — ug—1; promotes smooth joint
velocity commands and reduces excitation of unmodeled ef-
fects in the low-level hydraulic loop. The terminal cost focuses
on converging to the target height,

m(TN,TN) = Wh N (PEE,Z(fBN) - (h* + O/(PEE,X(IIZN)))2 .
®)

In the implementation, w4 is set to zero when the bucket joint
is disabled.

d) Constraints.: We enforce actuator and joint limits
through the constraint sets U and ©.

Omin < Ok < 0max~ (9)

Umin < Uk < Umax,

When bucket motion is disabled, we tighten the bounds at each
step to the current measured value and constrain the bucket
velocity, acceleration, and input to zero. This preserves a fixed
state dimension while enforcing the desired reduced actuation.

e) Real-time implementation.: The MPC is solved at
10Hz with horizon length N = 20. The solver receives the
current joint state estimate #(#) and the delayed input buffer
from the previously applied commands. The commanded task-
space velocity v* is treated as a time-varying parameter and
updated at each step. In MPC fashion, only the first control
input is executed in each tick.

IV. CALIBRATION

This section describes the calibration of all free parameters
in the controller pipeline, which is our second major con-
tribution. Our calibration procedure takes about 20 min and
requires no disassembly of the system. Each joint is calibrated
sequentially and in isolation, since coupling effects are not
included in the model, starting with the joint velocity controller
and finishing with the path tracking controller. For the joint
velocity controller, we calibrate our hydraulic FF model as a
LUT. Lookup values are directly sampled on LS machines and
derived from our variable displacement pump- and function
orifice model on NFC hydraulics according to Section [[II-A
and detailed in After calibrating the hydraulic FF model
(Sections and [IV-B]), the PID controller is tuned using
standard methods [34]. For the path-tracking controller, we
identify the transient response of the plant, containing the FF
element, PID controller, and hydraulic system.
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Fig. 3. FF data collection for the Boom joint. Normalized commands from
-0.85 to 0.85 in steps of 0.1 with the resulting joint velocity response and
steady-state part shown as a solid line. Data from Menzi Muck M445.
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Fig. 4. Hydraulic FF model of the LS M445. LS enables a direct mapping
between cylinder velocity and command.

In order to perform the calibration in the more linear
cylinder space, we convert between cylinder and joint space
using the position-dependent sensitivity factor y(@). It maps
cylinder forces f to joint torques 7 and cylinder velocities v
to joint rates @. The measured cylinder force fy, is computed
from pressure readings on the a and b sides together with the
corresponding plunger areas, as shown in Equation for
one cylinder.

Jm = PaAa — PbrAb (10)

A. Load Sensing

As LS hydraulics show no significant load-dependent behav-
ior, calibration reduces to the mapping from valve command u
to cylinder velocity v. We collect a dataset that spans the oper-
ational range of valve commands with small increments. Fig-
ure [3] shows the measured cylinder responses for normalized
commands in [-0.85,...,0.85]. The average velocity over
the third second after applying the command is used as the
steady-state value. We then apply linear interpolation between
sampled velocities v to obtain the final lookup function, as
shown in Figure []

B. Negative Flow Control

We propose a novel procedure for calibrating the FF element
in NFC hydraulics, taking the load-dependent behavior into
consideration. Our method outputs a 2D LUT that maps the
desired cylinder speed and the current cylinder force to a
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Fig. 5. Flow chart of the FF element for NFC hydraulics. Inertia compen-

sation for removal of system torques.

valve command. Since it is not feasible to excite a fine grid
of all speed and load combinations for direct calibration,
we derive the LUT from our simplified hydraulic model in
Section thus enabling straightforward calibration
of NFC hydraulics. We identify the dependence of valve
command on pump pressure and the free parameters of the
function orifice in the DCV.

1) Inertia Compensation: The pressure-derived cylinder
force includes internal system forces and external forces from
shovel-ground interaction. System forces depend on joint
position (gravity), velocity (friction), and acceleration (inertia).
Gravity and friction create a quasi-static load, that is therefore
compensated for by the FF element. On the other hand, inertia-
induced forces can create a positive feedback loop: a higher
valve command increases acceleration, which causes a spike
in reaction cylinder force, which then leads the FF element
to command an even higher valve command in order to
compensate for the perceived increase in momentary load. This
can make transients highly unstable. We therefore estimate the
inertia forces at the cylinder as described by Werner et al. [30]
and use inertia-compensated forces for the NFC FF element
as shown in Figure [5

2) Hydraulic Model: From the inertia-compensated cylin-
der forces, we compute an artificial cylinder back pressure
at the function line as in Equation (I1I)), where Agicutation 18
the effective area of the active cylinder side in the calibrated
direction. Since external loading may act opposite to the
articulation, the resulting function pseudo back pressure Py
can also be negative.

Pf = (fm - ﬁnertia)/Amticulation (11)

We model the pump’s pressure loop setpoint with respect
to the DCV command x as a LUT with linear interpolation
P, (x). Furthermore, we calibrate the relationship between
valve command x and hydraulic resistance of the variable
in-line orifice of the DCV, represented by Rj3 in The
resistance of the variable orifice in the DCV is modeled by

Equation (T2)),
a

b-(x+c)?

where the free parameters a,b and c are fitted from mea-
surements of the volume flow into the function Qg and
the function-side pseudo back pressure Pr. The pressure over
Rz is then given by P = P,(x) — Py. The orifice resistance

R(x) = 12)

Orifice R value vs Valve Opening
T T T T T T
d ®  Measured |
— Fit
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(O 1 1 brd hd i ¢ 1
0.0 0.2 0.4 0.6 0.8 1.0
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Fig. 6. Identified orifice function for Stick. It maps hydraulic resistance to
the valve command.

R is a lumped parameter derived from the turbulent orifice
equation (T3), which is simplified to (I4).

2
AP = Q2p2 (13)
2C2A
AP =R-Q? (14)

In practice, identification of R requires a dataset with different
joint loadings for the same valve command x.

a) Stick, Bucket: For the Stick and Bucket joints we
command a constant valve opening and progressively stall the
bucket in the ground until standstill, which increases the joint
load. This motion generates trajectories of increasing Py and
decreasing Q  that we use to fit the parameter Ry, x for each
test command x.

b) Boom: Since for the lifting direction of the Boom joint
progressive stalling is not feasible, we record trajectories with
different joint loads at the same command. The configurations
curled, erected, and erected with a full bucket are sufficient for
calibration. Each configuration yields one data point that we
use in the same way as the trajectories of the previous joints.

3) Lookup Table: We fit Equation to the experimen-
tally determined Ry, values with a logarithmic cost to
preserve precision for small R as shown in Equation (T3).

min > [log(R(x)) - log(Riest.«)]] (15)

5
X € Xtest

The identified orifice model R(x) shown in Figure [6] and
pump model P, (x) are inverted to form a two-dimensional
LUT that maps desired flow and current pseudo back pressure
Py to a valve command x. This table is the hydraulic model
for a negative flow control function and is shown in Figure [7]

C. MPC Model

The MPC controller is independent of the hydraulic model
and assumes a stiff low-level controller, where small com-
mands reach maximum function pressure at stall. We calibrate
the joint model from step responses with dead-time 7, scalar
K, damping ¢ and natural frequency w of the combined PID,
hydraulic model and plant as shown in Figure [§]
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V. EXPERIMENTS

The presented method was tested and evaluated on a 11.5t
LS excavator: Menzi Muck M445, and on a 25t NFC stan-
dard machine: CASE250. The first experiments test hydraulic
model accuracy under load. The core quantitative evaluation
is in-soil path tracking on CASE250 and M445 across cutting
depths and external soil loads, including high-load passes near
stall. A separate CASE250 surface-finish test measures final
terrain quality against a commercial system. Preliminary anal-
ysis showed that the machine-specific commercial controller
matches a straightforward PID+IK controller for grading.

A. Hydraulic FF

To validate the hydraulic FF model, we benchmark the
joint velocity tracking performance of the FF element for
different payloads and thus joint loadings. On the LS M445
this experiment only validates the calibrated LUT, since the
system reacts stiff to different loads. A joint-velocity tracking
accuracy of = 2% is achieved, confirming the LS model
and calibration. On the CASE250 this experiment shows that
the hydraulic model can compensate for the load-dependent
joint dynamics. Figure [9] shows a Boom lifting command
of 0.05rads™! for three payload scenarios. The target joint
velocity is accurately tracked by the load-dependent FF term,
including changing gravity loading during the lift, as visible
in the FF output. Comparable performance is obtained over
the full machine velocity range and payloads.
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Fig. 9. Contribution of calibrated NFC hydraulics FF model. PID controller
disabled. The pressure-dependent FF term achieves the target joint velocity
independent of the joint loading.
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Fig. 10. CASE250, Commercial Controller: Evaluation of 10 grading passes
of varying depth in compacted soil. RMSE: 4.7cm (9 m and closer)

B. Grading

Our grading experiments test the full stack, including joint
velocity control and MPC path tracking. We compare the
precision of the proposed system with a commercially avail-
able semi-automatic grading controller and evaluate our pro-
prioceptive path-tracking accuracy and soil-planing accuracy
across multiple passes using a laser scanner. All experiments,
including those with the commercial system, use a blade veloc-
ity of approximately 0.5ms~! for comparability. This velocity
is close to that of an expert operator during fine grading, who
removes less material but achieves similar surface accuracy.

1) Path Tracking: We collect trajectories from light surface
grading to deeper cuts, high-load passes, and near-stall cuts in
compacted material from 2cm to 40 cm deep. The deep paths
in Figures [IOHIZ] fill the bucket in less than one stroke. We
also test whether the machine reaches maximum torque and
whether the blade is pushed away from the target surface.

a) Commercial (CASE250): Figure [I0] shows the trajec-
tory tracking of the commercial controller on the CASE250.
After the first meter of approach to the target, it tracks with
an RMSE of 4.7 cm and a maximum path deviation of
17 em (9m and closer). In hard soil the controller does not
reach the target depth, while in light soil a substantial initial
overshoot is visible. Many trajectories stall before the end of
travel at about 5 m with stick pressures far below the maximum
function pressure of 350 bar. In some hard soil conditions the
shovel is pushed up at the end of travel, reducing accuracy
close to the machine.
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Fig. 11.  CASE250, Our Controller: Evaluation of 10 grading passes of
varying depth in compacted soil. RMSE: 1.8cm (9m and closer)

Grading Blade Path: M445
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Fig. 12.  M445, Our Controller: Evaluation of 10 grading passes of varying
depth in compacted soil. RMSE: 1.4cm (5.2m and closer). Varying starting
distances are a result of different extensions of the telescopic stick on M445.

b) Ours (CASE250): As shown in Figure [IT] the pre-
sented controller achieves an RMSE of 1.8 cm and a
maximum path deviation of 5 cm on the same machine
and conditions. It maintains high accuracy regardless of soil
conditions and reliably reaches the target height after about
one meter of approach. Light grading passes show no initial
overshoot, and in most cases the end of travel is reached.
When the machine stalls earlier, the stick pressure reaches the
maximum function pressure of the machine.

c) Ours (M445): Figure @ shows our controller on the
LS Menzi Muck M445 with an RMSE of 1.4 el and a
maximum path deviation of 4 cm. On M445 the trajectories
start at different distances due to the variable reach from the
telescopic joint which is initialized at different lengths but
kept fixed during episodes. No loss of precision from varying
cutting depths is visible, consistent with the CASE250 results.
The trajectory stalls at maximum function pressure and shows
no significant initial overshoot.

2) Surface Quality: This separate CASE250 test evaluates
final surface finish, not path tracking, as seen in Figure [I3]
The test is performed on compacted sand with a cutting depth
of about 25cm. The target area is four shovel widths wide
and graded from left to right, one pass per lateral position
with about 20% overlap (five passes total) to avoid spillage.
Surface quality is measured by laser scan with a Leica MS60
Multistation. Figure [I4] shows the two graded areas side by
side, with color indicating deviation from the target surface
and gray points outside the graded area. The commercial
controller does not reach the target height until the midpoint

"Much lower in-air. Precise enough to open a bottle. Check our supple-
mentary video for a visual demonstration of the achieved accuracy.

Fig. 13. Experiment Setup for Surface Quality Measurements on CASE250.
Fixed Leica MS60 scan used for evaluation of the surface quality.
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Fig. 14. CASE250: Comparison of the two graded surfaces: target surface
was not reached with the commercial system, higher precision and consistency
from our method. Gray points are outside of the testing area and included for
context, white areas are shadowed in the scan.

of the pass and shows large deviations and surface oscillations
with magnitudes larger than 10cm. The presented controller
reaches the target surface earlier, creates a flatter surface at
the target height and does not oscillate.

C. Discussion

Our calibrated hydraulic FF terms track joint velocity com-
mands across payloads on LS and NFC machines. Grading
experiments show that the proposed controller reaches the
target surface after about one meter and maintains low de-
viation in compacted material up to 40 cm cutting depth. Our
setup outperforms the commercial controller by a factor of
2.6 (RMSE 1.8cm vs. 4.7cm) and avoids premature stalling
by using maximum function pressure. Laser scans confirm a
flatter surface with fewer oscillations and earlier convergence
to the target height.

Our once-per-machine retrofitting process of the presented
controller can adapt to LS and NFC hydraulic machines.
It starts with the identification and tuning of the hydraulic-
specific low-level controller, which includes inertia compen-
sation for NFC machines. The transfer functions of the plant
including machine and low-level controller are then identified
and updated in the MPC EE space controller. The whole
process takes about 20 min.

VI. FUTURE WORK, LIMITATIONS, AND CONCLUSION

A. Future Work and Limitations

Future work will address tracking arbitrary shapes via a
more expressive cost function and will include end-effector


https://youtu.be/bCOMYbRWv5I

forces in Cartesian space in the MPC objective to enable
impedance-style control for proprioceptive compaction and
redistribution of piles. Limitations of this work are the ap-
plicability of our method to Positive Flow Control machines,
which has not been evaluated, as no machine with this ar-
chitecture was available to the authors. The hydraulic model
can be extended to capture coupling effects between functions,
enabling faster motions at higher precision.

B. Conclusion

This work presents a retrofittable, machine-agnostic control
stack for high-precision, heavy-duty grading with hydraulic
excavators. Our joint velocity controller targets multiple hy-
draulic architectures, including LS, and for NFC machines
we formulate a novel load-aware model. Furthermore, we
formulate a practical calibration procedure that targets field de-
ployment: it relies only on kinematic parameters and onboard
sensing and runs in about 20 min. Experiments on a 11.5t
LS and a 25t NFC excavator validate the FF joint velocity
accuracy and in-soil grading performance of the combined
system. Our system executes grading passes in compacted
material with cutting depths up to 40cm, respects actuator
limits, and preserves smooth joint commands through ex-
plicit transient and dead-time modeling. In heavy-duty grading
trials, the proposed controller outperforms a state-of-the-art
commercially available semi-automatic system on the same
NFC excavator and uses the full torque potential. Overall,
the proposed retrofittable controller achieves centimeter-level
grading at 2.6 times better accuracy in compacted mate-
rial and generalizes across common hydraulic architectures.
Adoption of our grading framework can reduce the number
of autonomous passes required in earthworks, resulting in
substantial cost reductions.
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