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Abstract

Modern electro-hydraulic systems, such as those found in hydraulic excavators, ex-
hibit highly nonlinear, coupled, and time-varying dynamics. Developing accurate
mathematical plant models for these systems is a challenge in heavy machinery au-
tomation. Traditional system identification methods often fail to capture complex
behaviors like valve dead-zones and hysteresis, while high-fidelity analytical sim-
ulation models are computationally heavy and difficult to calibrate. This thesis
introduces a data-driven alternative developed in collaboration with CPAC Systems
AB: an "Excavator Dynamics Predictor" (EDP) capable of providing fast, accurate
real-time dynamic predictions.

Using an automated optimization suite powered by Optuna, this research system-
atically evaluated a variety of deep sequence learning architectures, including Long
Short-Term Memory networks, Temporal Convolutional Networks, and hybrid con-
figurations. Testing revealed that a hybrid TCN-LSTM model, augmented with tar-
geted differential pressure features, achieves the highest prediction accuracy while
compressing the model size. The framework utilizes small, specialized machine learn-
ing modules to reduce composite prediction errors by 41.3% while keeping the same
parameter footprint.

To validate the practical utility of the EDP, a transfer learning framework was de-
veloped to bridge the gap between simulation and reality. While models trained
purely on simulated data struggled with real-world noise and unpredictable soil-tool
interactions, a two-phase fine-tuning schedule successfully adapted the model to a
physical excavator using a limited amount of real operational logs. The transfer
learning framework lowered the prediction mean absolute error from 8.0mm/s to
2.9mm/s, proving the model’s sim-to-real ability and generalizability across exca-
vator models. Finally, to meet the strict computational and memory constraints
of an industrial microcontroller, model compression via knowledge distillation and
quantization-aware training was applied. The resulting compressed architecture
achieved a model size of 24 K parameters while only increasing prediction errors by
~ 30%. This work demonstrates that hardware-aware deep learning models can
serve as a fast, scalable foundation for digital twins and advanced model predictive
control algorithms in autonomous construction applications.

Keywords: autonomous excavation, hydraulic modeling, sim-to-real transfer, LSTM,
TCN, hyperparameter optimization, knowledge distillation, excavator plant models.
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Nomenclature

The following nomenclature classifies the indices, sets, operational parameters, and
structural variables utilized throughout this thesis. For clarity, components are orga-
nized by their respective algorithmic modules, statistical frameworks, and physical
subsystems.

LSTM & Recurrent modules

Xy Input vector at timestep ¢

h, Hidden state vector at timestep ¢
\)\% Weight matrices for hidden state transitions
U Weight matrices for input mappings
b Bias vector

o(+) Sigmoid activation function

f; Forget gate vector at timestep ¢

i Input gate vector at timestep ¢

(o} Output gate vector at timestep t
AttnPool(-) Temporal attention pooling function
h Attention-pooled summary vector

Z; Output feature vector at layer [ and timestep ¢
w® Convolutional weights at layer [

l Layer index

L Total number of layers

d Dilation factor

R Total effective receptive field size
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Residual mapping function

Residual block parameters at layer [

Metrics & Loss formulations

Pearson correlation coefficient between x and y
Joint probability density function between z and y
Mutual information between X and Y
Cross-correlation at displacement temporal lag 7
Permutation importance of feature j

Huber loss evaluation function

Prediction error residual

Huber loss quadratic-to-linear transition threshold
Loss scaling weight assigned to cylinder channel

Proportionality operator

Statistical framework

S

SIS
>

=

xii

Complete dataset

Development dataset

Frozen test dataset

Estimated between-split variance

Estimated within-split seed variance

Number of allocated data partitions

Number of random seeds per partition

Mean performance metric for partition 5 across seeds
Total simulated Monte Carlo experiments
Targeted true effect size threshold

Expected difference variable across partitions
Normal (Gaussian) distribution

Alternative statistical hypothesis

Mean of the distribution of differences
Significance level (Type I error threshold)
Type II error probability



Z1—a Critical z-score for chosen significance level

21-8 Critical z-score for targeted statistical power
Power(-) Empirical statistical power function

I() Indicator function

pk) p-value from the k-th Monte Carlo simulation

Knowledge distillation

U Predicted probability distribution of the student network

Y Category ground-truth label

z Unnormalized log-probabilities of the student

Zteacher Unnormalized log-probabilities of the teacher

« Loss weighting coefficient balancing hard and soft objectives
T Temperature scaling factor

L Total joint objective loss function

Lhard Standard supervised hard-target loss function

Lot Soft-target distillation loss function

Physics-based modules

Zphys Deterministic prediction vector from the physics base

i Actuator or joint index variable (i € {boom, arm, bucket})
At Discrete sampling period (0.01 s)

0;i(t + At) Predicted cylinder velocity for actuator ¢ at step t + At
(o Measured cylinder velocity for actuator ¢ at time ¢

qs Joint position vector at time ¢

Git Joint velocity for actuator ¢ at time ¢

Jvi Kinematic leverage ratio for actuator ¢

Feyrit Net hydraulic cylinder force for actuator i at time ¢
M.y Constant, time-averaged equivalent mass for actuator ¢
Meq.i(qr) Configuration-dependent equivalent mass matrix

Structural modules
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tanh(+)

haug

u;

o(-)

u;

hgated

Amin

amax

Xiv

Raw input sequence matrix

Output sequence matrix from the TCN layer

Total sequence length (window size)

Channel dimension width of the TCN output
Intermediate sequence after self-attention

Multi-Head Self-Attention processing block

Layer normalization function

Enriched sequence after the feed-forward network
Position-wise Feed-Forward Network processing block
Number of attention heads in the MHA sublayer
Update gate vector of the GRU at time step ¢

Reset gate vector of the GRU at time step ¢
Hyperbolic tangent activation function

Hadamard (element-wise) product operator
Augmented hidden state vector with temporal differences
Global channel descriptor vector via pooling

Feature vector of the TCN backbone at time step ¢
Channel modulation weight vector

Rectified Linear Unit (ReLU) activation function
Recalibrated feature vector after channel scaling
Temporal summary vector from global average pooling
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Big-O computational complexity scaling operator
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Output transformation or activation function

Learnable amplitude parameter scaling output range for cylinder ¢
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Optimization suite

n
A
o
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P95

INTS

Optimization learning rate

Decoupled weight decay coefficient

Dropout rate hyperparameter

Composite evaluation objective score

95th percentile error bound

99th percentile error bound

Fixed effect coefficient in the linear mixed-effects model
Adjusted p-value via Benjamini-Hochberg procedure
Absolute value of Cohen’s effect size

Total count of binary module activation toggles
Optimized joint binary module selection vector
Optimized joint continuous hyperparameter vector

Arbitrary binary module configuration vector

Arbitrary continuous hyperparameter configuration vector
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1

Introduction

Earthmoving machinery, particularly hydraulic excavators, plays an essential role
in the global construction and mining industries. As these sectors face increas-
ing demands for higher productivity, reduced environmental impact, and improved
workplace safety [1], heavy machinery automation has emerged as a technological
frontier. Semi-autonomous functions, such as automatic grading, significantly re-
duce the cognitive load on human operators while ensuring consistent, high-quality
results. Industrial frameworks, such as the Volvo Active Control system (VAC), ex-
emplify the shift towards operator-assist technologies that bridge the gap between
manual operation and full autonomy [2].

The realization of these advanced autonomous features requires highly accurate and
responsive control architectures. Whether utilizing next-generation feedback con-
trollers or exploring optimization-based frameworks like Model Predictive Control
(MPC), the system’s performance will be fundamentally bound by the accuracy
and computational efficiency of its internal plant model. Given the complexity of
hydraulic systems, this thesis explores machine learning as a means of developing
accurate, data-driven plant models capable of providing the real-time dynamic pre-
dictions required for advanced control.

1.1 Background

In the field of systems, control, and mechatronics, the design of high-performance
control algorithms is dependent on the existence of accurate mathematical mod-
els. The research area of system identification addresses this need by deriving the
behavior of complex systems directly from observed data [3]. For complex machin-
ery, such as hydraulic excavators, obtaining these models is particularly challenging.
Traditional methods for system identification often rely on parametric models, which
require significant prior knowledge of the system and extensive manual tuning. This
process is not only time-consuming but often fails to accurately capture the complex,
nonlinear dynamics inherent in hydraulic systems.

This project addresses the limitations of current modeling techniques used in indus-
trial applications. Specifically, current engineering workflows for systems such as
VAC rely on Simulink models to simulate the excavator plant for controller testing
and validation. Although functional, these models are difficult to calibrate and lack
the efficiency required for rapid development cycles. Recent advances in machine
learning have introduced data-driven approaches, such as sparse identification of
nonlinear dynamics (SINDy) [4] and Neural Networks (NN), which allow models to

1



1. Introduction

be learned directly from data with high approximation capabilities.

The development of accurate and data-driven plant models unlocks significant po-
tential for the implementation of advanced control strategies. One promising appli-
cation in this domain is MPC. Unlike traditional feedback controllers, MPC relies on
an internal dynamic model to predict future system states and proactively optimize
control inputs over a receding horizon. However, the performance of an MPC for-
mulation is limited by the quality and execution speed of this internal model [5]. A
highly accurate, NN-based model that captures the non-linear hydraulic dynamics,
input delays, and dead-zones would enable an MPC framework to compute opti-
mal, energy-efficient trajectories in real-time while strictly adhering to hardware
constraints.

In the context of industrial excavators, such advanced control schemes serve as
the foundation for sophisticated semi-autonomous functions. For existing operator-
assist frameworks, such as VAC, integrating a data-driven plant model could improve
the precision and reliability of features such as automatic grading, precise level cut-
ting, and automated trenching [6]. As an accurate model allows the controller to
anticipate the complex interplay between simultaneous multi-joint movements and
highly variable soil interaction forces, the machine can execute tasks with greater
precision than what is achievable through manual operation alone. Ultimately, un-
locking these semi-autonomous capabilities not only reduces the cognitive load and
fatigue on human operators, but also improves overall site productivity and repre-
sents a stepping stone toward fully autonomous excavation.

1.2 Related work

The application of ML to model the complex dynamics of hydraulic excavators
has gained significant traction, particularly to enable advanced control strategies
such as MPC and inverse dynamics control. A major focus in recent literature
is the transition from purely data-driven black-box models to grey-box or physics-
informed architectures that ensure physical consistency, enhance safety, and improve
generalization to unseen operational conditions.

Research by Weigand et al. [7] provides a comprehensive comparison of data-driven
white-box, black-box, and grey-box (hybrid) feedforward controllers for hydraulic
excavators. The authors developed a black-box model using a Multilayer Percep-
tron (MLP) trained on sensor data, and a hybrid grey-box model that combines basic
physical equations from fluid mechanics (orifice equations) with MLPs to correct for
dynamic deviations. Their experimental validation on a real excavator demonstrated
that both the black-box and hybrid models significantly outperformed the purely
analytical white-box model in trajectory tracking under nominal conditions. How-
ever, when subjected to previously unseen external payloads, the hybrid grey-box
model exhibited superior extrapolation capabilities and robustness compared to the
pure black-box approach. This study underscores the limitation of standard neural
networks in covering the entire phase space of an excavator and highlights the need
to embed expert physical knowledge to ensure safe and reliable control.

Building on the need for physical consistency, Feng et al. [8] proposed a highly
structured physics-informed neural network to model the inverse dynamics of an ex-
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cavator. Recognizing that standard neural networks can overfit and produce physi-
cally impossible predictions, they employed a Deep Lagrangian Network to explicitly
encode the rigid body dynamics of the excavator, making sure that the learned pa-
rameters conserve energy and mass. Because DeLaN alone struggles to represent
unmodeled nonlinearities such as hydraulic flexibility and stick-slip friction, the au-
thors augmented the architecture with a Convolutional Neural Network (CNN) and
a Long Short-Term Memory (LSTM) network to perform residual learning on the
hydraulic disturbances. The resulting DeLLaN-CNN-LSTM model achieved high pre-
dictive accuracy across simulations, a scaled-down platform, and a real 36-ton exca-
vator. Furthermore, this accurate dynamics model was integrated into a Prescribed
Performance Inverse Dynamics Controller, which successfully constrained trajectory
tracking errors within a finite region even when subjected to sudden variations in
external loads.

Expanding on the methodology of physics-informed learning, Zhang et al. [9] in-
troduced a framework that embeds physical laws, specifically equations of motion
and state dependency directly into the loss function of LSTM networks. Although
standard LSTMs are adept at capturing temporal dependencies, they often strug-
gle with data scarcity and can produce results that violate fundamental physical
principles. By penalizing physical inconsistencies during the training phase, their
Physics-Informed Multi-LSTM approach ensures that the model remains within a
feasible solution space, even when training data is limited. This regularized learn-
ing approach provides a robust alternative for modeling the nonlinear hysteretic
behavior inherent in mechanical systems, offering a middle ground between purely
data-driven recurrent networks and rigid analytical models.

To address the challenge of time-varying dynamics, Park et al. [10] investigated an
online learning control framework utilizing Echo-State Networks (ESN). ESNs are
a class of recurrent neural networks (RNN) in which a large pool of hidden nodes
provides complex dynamics, but only the final output weights are trained. This
turns the training process into a simple regression problem, making the networks fast
and well suited for real-time online implementation. In their framework, an indirect
adaptive control approach was used: one ESN continuously learned the inverse model
of the excavator using current and delayed input-output signals, while a second ESN
utilized these updated weights to simultaneously generate the control inputs required
for trajectory tracking. Validated on a 21-ton excavator, the controller was tested
on both single-joint movements and complex combined digging motions. The ESN-
based approach successfully compensated for changing plant dynamics over time
without requiring a prior mathematical representation of the target plant. It also
outperformed a standard PD controller by naturally correcting the tracking phase
errors caused by the inherent delays of the hydraulic system.

While online learning offers excellent adaptability, it can present significant safety
risks during the exploration phase on heavy machinery, and generic RNNs often
require massive datasets to implicitly learn explicit time delays and dead-zones. To
mitigate this, Lee et al. [11] proposed a highly structured, physics-inspired data-
driven model that explicitly isolates these hydraulic characteristics. Rather than
employing a single monolithic neural network, their architecture features a modu-
lar design: an infinite impulse response unit explicitly handles the input delays, a
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piecewise linear map accommodates the state-dependent valve dead-zones, and mul-
tilayer perceptrons capture the remaining coupled nonlinearities. Because the model
is modular, it could be inverted efficiently for control and trained safely offline using
real operational data. When tested on a 38-ton commercial excavator, this modular
inversion controller achieved high precision, maintaining a path-following error of
less than 2 cm even when subjected to severe soil interactions during digging and
grading tasks.

Egli and Hutter [12, 13] proposed a fully data-driven reinforcement learning frame-
work for excavator automation, intentionally bypassing the need for machine-specific
analytical modes or manual gain tuning. They utilized a two step process: firstly
training an NN-based actuator model via supervised learning on operational data
to capture the highly nonlinear dynamics, including hydraulic coupling, dead-zones
and cylinder to joint space mapping. Secondly, the learned model was embedded
into a simulation environment to serve as a digital twin for training an RL policy
which directly outputs pilot stage valve commands.

While their initial work [12] demonstrated the feasibility of sim-to-real transfer for
bucket position tracking in free space, their subsequent study [13] introduced a
more robust velocity tracking paradigm. By incorporating bucket orientation control
and accounting for joint velocities, the updated framework achieved significantly
higher responsiveness and precision. Experimental validation on a 12-ton excavator
during realistic grading tasks showed that the RL-based controller outperformed
a commercial grading system, which had been hand tuned, even during intensive
soil interaction. By requiring only basic kinematic link lengths as machine-specific
input, this approach represents a highly generalizable and scalable solution for the
automation of diverse heavy machinery without the overhead of classical system
identification.

However, the existing literature lacks a fully automated data-driven approach for
optimal model construction. Specifically, the use of advanced optimization frame-
works, such as genetic algorithms or Optuna, to rapidly develop a forward dynamics
model remains unexplored. To address this, the proposed method utilizes a model-
agnostic approach, requiring only rigid body parameters to initialize the architecture
search. Furthermore, the potential of transfer learning within this domain has not
been adequately investigated. There is value in developing a foundational excavator
backbone model - a base model able to capture shared dynamic similarities that
can be rapidly fine-tuned for new excavator variants. Moreover, questions regard-
ing model evaluation remain open: How do we formally define an ’optimal’ plant
model? How can one determine the most effective training objectives and establish
the theoretical performance limits, given the inherent constraints of the available
data.

1.3 Aims and objectives

In collaboration with CPAC Systems, this thesis aims to improve the efficiency and
accuracy of current excavator plant models by developing a data-driven alternative.
The goal is to create an "Excavator Dynamics Predictor" (EDP) capable of predicting
the next state of an excavator, such as cylinder positions, velocities, and pressures,
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based on current state variables and control inputs.

At the end of this project, the goal is to demonstrate a functioning EDP model

trained on data collected from MATLAB Simulink simulations and potentially real

excavator data. The thesis aims to show that this data-driven model can accurately

learn the dynamics of new machines, thus improving simulation efficiency for digital

twins and facilitating the future implementation of advanced control strategies such

as MPC.

The following technical objectives were defined:

O1: Establish a robust data pipeline for processing operational data from Simulink
and physical sensors.

0O2: Implement and train multiple deep learning architectures to serve as the EDP
backbone.

03: Develop an automated optimization suite for model selection.

O4: Validate the EDP through closed-loop simulation and comparison against
physical machine data.

1.3.1 Research questions

Guided by the objectives above, the thesis investigates the following questions:

RQ1: How does the inclusion of a physics base module in a neural network affect
the model’s ability to generalize to new excavator variants?

RQ2: How does the EDP model perform on real-world data containing stochastic
soil-tool interactions when trained on simulated free-air data?

RQ3: What are the optimal neural network architectures and machine learning mod-
ules for training hydraulic excavator plant models?

RQ4: To what extent can an excavator backbone model utilize transfer learning to
accelerate calibration and fine-tuning for new excavator variants?

1.4 Delimitations and limitations

To ensure the feasibility of this thesis within the allocated time frame and to de-
fine the operational boundaries of the developed data-driven plant model, specific
delimitations and limitations are established.

1.4.1 Delimitations

The data-driven plant model is strictly delimited to predicting the primary kinematic
chain dynamics of the excavator, specifically the boom, arm, and bucket cylinders.
Consequently, the swing motion of the upper carriage is assumed to be locked in
position, and the locomotion of the undercarriage tracks is excluded from the system
identification process.

This exclusion is motivated by both computational efficiency and operational rel-
evance. Modeling track locomotion and swing dynamics simultaneously would ex-
ponentially increase the system dimensionality and data requirements. In addition,
isolating the boom, arm, and bucket is representative of common automated con-
struction tasks. For example, grading is typically executed while the machine is
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stationary and digging along a fixed vertical plane, making this scoped system iden-
tification applicable to real-world target applications.

1.4.2 Limitations

» Absence of terramechanics in simulation: The study relies on a Simulink
environment that lacks modeling for terramechanics or complex soil-tool inter-
actions. Since the baseline training data is generated from simulated "free-air"
operations, the data set lacks the highly nonlinear, stochastic resistive forces
generated when a physical bucket interacts with diverse material types (e.g.,
gravel, clay, or rock). This constraint restricts the model’s capacity to learn
external load-bearing dynamics solely from virtual environments, causing the
sim-to-real transfer pipeline to be highly dependent on physical log data for
fine-tuning.

e Onboard hardware constraints: Because the final plant model is designed
for real-time onboard deployment, its architecture is constrained by the strict
computational power and memory limits of the physical machine’s target hard-
ware. This embedded deployment environment restricts the maximum size,
layer depth, and execution latency of the neural network architectures, impos-
ing a trade-off between real-time deterministic execution and the theoretical
maximum approximation accuracy achievable by unconstrained models.

» Stochastic noise discrepancies: Although artificial noise is injected into
the Simulink signals to approximate physical telemetry, it cannot perfectly
replicate the complex stochastic noise distributions, sensor drift, temperature-
dependent variations, and asynchronous CAN-bus (Controller Area Network)
communication latencies present in the physical excavator hardware. Con-
sequently, a systematic gap exists in the model’s inherent ability to reject
physical hardware noise without fine-tuning on real logged data.
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Theory

This chapter establishes the theoretical foundations required to understand the mod-
eling, optimization, and evaluation frameworks used in this thesis. The material
is divided into three primary domains. First, the physical characteristics of hy-
draulic excavators and their corresponding control challenges are detailed. Next,
data-driven system identification techniques are explored, focusing on deep learning
architectures for time-series forecasting. Finally, the chapter covers data quality
considerations, hyperparameter optimization via the Optuna framework, and the
statistical validation methodologies used to assess model performance and deploy-
ment feasibility.

2.1 Excavator dynamics

To build accurate data-driven models, it is first necessary to understand the un-
derlying physical and mechanical behavior of the machine. This section provides
an overview of hydraulic excavator dynamics, focusing on the fundamental princi-
ples of fluid power systems and the dynamic characteristics of hydraulic actuation.
Additionally, it outlines the standard electro-hydraulic architectures currently used
to regulate these machines, alongside the unique control challenges introduced by
automation and semi-autonomous operational functions.

2.1.1 Hydraulics

An excavator relies on its hydraulic system to deliver the high power required to
actuate its heavy structural components. While grounded in Pascal’s law of uniform
fluid pressure, the system’s practical dynamics are highly complex and dictate the
overall behavior of the machine.

2.1.1.1 Hydraulic system overview

The delivered hydraulic power is highly dependent on operating temperature and
pressure. Variations in these states affect the fluid’s viscosity, bulk modulus, and
overall flow characteristics, thereby affecting system efficiency and response. Be-
cause hydraulic fluid naturally flows from regions of high pressure to regions of low
pressure, precise flow control is essential to mitigate energy losses, manage heat
generation, and ensure stable operation.

A typical hydraulic system of an excavator consists of the following main compo-
nents:
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o Fluid reservoir: Stores hydraulic fluid, allowing cooling and filtering before
recirculation.

o Pumps: Converts mechanical energy from the engine into hydraulic energy
by generating a pressurized fluid flow.

o Control valves: Regulates the direction, pressure, and flow rate of the hy-
draulic fluid supplied to the actuators. Valves enable controlled motion of
excavator joints in response to the operator’s commands.

o Actuators: Convert hydraulic energy back into mechanical force and motion.
In an excavator, these include hydraulic motors for driving and cabin rotation,
as well as hydraulic cylinders. The latter act as linear actuators, providing the
forces required to move the boom, arm, and bucket linkages which are the
primary focus of this work.
During operation, pressurized fluid is routed from the pumps through the control
valves to the respective cylinders, with the valve spool displacements determining
exactly which cylinders are supplied and to what extent.

2.1.1.2 Dynamic characteristics of hydraulic actuation

From a dynamics perspective, the resulting actuator motion depends not only on
the applied control input but also on the internal dynamics of the hydraulic circuit.
Hydraulic actuation exhibits nonlinear and time-dependent behavior due to several
physical effects inherent to hydraulic systems [14], including:
o Hysteresis: Stochastic I/O relationship caused by friction and valve dynam-
ics, leading to different system responses for increasing and decreasing inputs.
o Deadband: A range of control input for which no actuator motion occurs,
commonly introduced by valve overlap and mechanical tolerances.
e Saturation: Physical limitations on pressure, flow rate, or actuator stroke,
which restrict the maximum achievable force or velocity.
o Stick-slip: Friction-induced oscillatory motion that occurs at low velocities,
resulting in irregular actuator behavior.
o Bulk modulus: Finite compressibility of the hydraulic fluid, which introduces
compliance and affects pressure dynamics and system stiffness.
e Cross-coupling: Dynamic interaction between multiple actuators sharing
common hydraulic supply lines or pumps, leading to coupled responses between
different joints.

2.1.2 Control of excavators

Regulating heavy construction machinery requires control architectures capable of
handling highly coupled nonlinear physical systems. This subsection examines mod-
ern electro-hydraulic control setups and their evolution toward semi-autonomous and
fully automated functions. It also outlines the core technical challenges associated
with autonomous excavator control, highlighting why accurate, real-time predictions
of machine kinematics are necessary to improve closed-loop performance.

8
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2.1.2.1 Modern electro-hydraulic control architecture

Modern excavators use electro-hydraulic control architectures in which operator
commands are processed electronically and translated into valve actuation signals.
Compared to purely mechanical or hydro-mechanical systems, electro-hydraulic ar-
chitectures enable signal conditioning, feedback control, and software-based control
laws [14].

The integration of electronic control units, sensors, and communication networks
has transformed excavator control from simple energy-saving systems into intelli-
gent, automated platforms. This evolution enables advanced functions, including
trajectory control, coordinated multi-actuator control, and semi-autonomous oper-
ation.

2.1.2.2 Automation and semi-autonomous functions

Traditionally, heavy construction equipment is operated manually by trained oper-
ators. However, increasing demand for productivity, energy efficiency, and safety
has driven the development of semi-autonomous and automation functions in exca-
vators. A representative example is the Auto-Grading function, where the boom,
arm, and bucket cylinders must move in a coordinated manner to achieve a smooth
and level work surface.
Such functionality relies on accurate kinematic models, trajectory planning, and
coordinated multi-actuator control to track a desired tool trajectory with high pre-
cision. Research shows that trajectory control and multi-actuator coordination are
fundamental enablers for automated excavation and grading tasks, particularly given
the nonlinear and strongly coupled dynamics of electro-hydraulic excavator systems.
By abstracting low-level actuator coordination, semi-autonomous functions allow
the operator to control the excavation task using fewer inputs, thereby reducing
cognitive load and physical fatigue while maintaining high operational performance.
To be competitive with manual operation, such semi-autonomous functions must:

o Achieve trajectory accuracy comparable to that of skilled operators.

o Maintain high productivity by enabling smooth and efficient motion without

sacrificing precision.
e Provide high reproducibility, resulting in low variance in task execution.
o Ensure safe operation under varying working conditions and external distur-
bances.

2.1.2.3 Challenges in autonomous excavator control

Unlike industrial robotic manipulators operating in highly structured factory en-
vironments, excavators operate in dynamic, unstructured settings where external
disturbances and internal system parameters exhibit high variance. The primary
challenges in designing robust autonomous functions stem from three main sources:
e Varying terramechanics: The excavator bucket interacts with distinct ge-
ological materials, such as loose sand, compacted clay, or solid rock. Each
material presents different resistive forces and friction coefficients during the
penetration and cutting phases. These unpredictable soil-tool interactions act
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as stochastic load disturbances on the hydraulic actuators, altering the re-
quired control effort.

e Thermal fluctuations: The operating temperature of the hydraulic fluid
continuously shifts depending on the ambient environment and the operational
load. Temperature variations directly alter the fluid’s viscosity and effective
bulk modulus, which in turn dynamically changes the system’s volumetric
efficiency, damping characteristics, and dynamic stiffness.

e Mechanical degradation: Over a machine’s lifetime, physical wear and
tear causes the fundamental dynamic parameters of the excavator to drift.
Phenomena such as increased seal friction, widened valve dead-zones, and
hydraulic pump degradation transform the excavator into a complex, time-
varying dynamic system.

The culmination of these factors makes it highly challenging to derive a single fixed-
parameter analytical model capable of accurately representing the excavator across
all operational regimes. Because the underlying dynamics are constantly shifting due
to temperature, wear, and unpredictable soil disturbances, traditional rigid control
strategies struggle to maintain trajectory precision.

Therefore, achieving reliable autonomous functionality requires a combination of
highly expressive plant models and advanced control strategies capable of capturing
environmental disturbances and adapting to unseen operational states in real time.

2.2 Data-driven system identification

System identification is the process of building mathematical models of dynamical
systems using measurements of input and output signals [15].

2.2.1 Classical system identification

The traditional workflow consists of four essential phases: collecting persistently
exciting data, selecting a suitable model architecture, estimating parameters by
minimizing a prediction loss function, and validating the model’s generalization on
unseen data.

Fundamentally, the objective is to approximate a function f that maps past system
outputs y and control inputs u to future states:

Yi+1 = f(ytaytfla ey gy Up—1, - - - 70) + €t

where 6 represents the trainable parameters and e; is the modeling error. Unlike
white-box approaches derived strictly from first-principles physics equations, sys-
tem identification typically employs black-box or grey-box architectures to capture
internal dynamics that are too complex to model analytically.

Classical system identification relies heavily on linear or simple nonlinear parametric
structures. Although linear models (such as the standard ARX model) offer compu-
tational efficiency and strong convergence guarantees, they generally fail to capture
the severe nonlinearities of hydraulic machinery. To address this, the Nonlinear
ARX model generalizes the mapping via a nonlinear function F:

yt)=Fy(t—1),...,y(t —ny),u(t —1),...,ult —np)) +e(t)

10
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In classical methods, F is typically approximated using polynomial basis functions or
wavelets. However, for high-dimensional, cross-coupled systems like an excavator,
the required number of polynomial terms explodes, leading to severe overfitting.
This limitation, combined with the universal approximation theorem, motivates the
transition to deep learning, where neural networks are utilized as highly scalable
and expressive function approximators for F.

2.2.2 Deep learning for dynamics

Deep learning introduces the use of deep neural networks (DNN) as universal func-
tion approximators for systems identification. Unlike classical polynomial methods,
DNNs can learn highly complex, discrete nonlinear representations.

2.2.2.1 Recurrent neural networks

While standard feedforward neural networks approximate static functions, dynam-
ical systems exhibit memory, where current state depends on past inputs. Recur-
rent Neural Networks (RNNs) address this by maintaining an internal hidden state
hy € R™ which represents the systems past. At each timestep ¢, the hidden state is
updated according to

ht = U(Whht,1 + Uhxt —+ bh) (21)

where x; € R™ is the current input, W, € R"*" and U, € R"*™ are learned
weight matrices, and b, € R™ the bias vector. The weighted linear combination of
the previous state and current input, followed by the nonlinear sigmoid activation
function o(-), shapes the internal state dynamics.

2.2.2.2 Long short-term memory

Specialized RNN structures, such as the LSTM networks, are designed to model
temporal sequences with long-range dependencies [16]. Standard RNNs suffer from
the vanishing gradient problem when trained using backpropagation through time,
which limits their ability to learn long-term temporal dependencies. LSTMs ad-
dress this limitation by introducing an internal memory cell ¢, € R™ and three
multiplicative gates that regulate the temporal flow of information:

» Forget Gate (f;): Scales the previous cell state ¢;_1, controlling the decay of

stored state information.

o Input Gate (i;): Modulates the incorporation of new candidate information
¢; into the cell state.

o Output Gate (0;): Determines how much of the internal cell state is exposed
through the hidden state h;.

Given an input vector x; € R™» at timestep ¢, these gates and states define the
standard LSTM cell updates as:

11
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fi =oc(Wix, + Usrhy_1 + by) (2.2)
iy = oc(Wix; + Uhy_1 + b;) (2.3)
¢; = tanh(W,x; + U.hy_1 + b,.) (2.4)
¢,=foOc 1 +i,O¢ (2.5)
o, = o(Wyx¢ + Uhy_1 + b,) (2.6)
h, = o; ® tanh(c;) (2.7)

where ©® denotes element wise multiplication, o(-) is the sigmoid function, and
W,U,b are the learned weights and biases. The additive structure of the update
(eq. (2.5)) enables linear gradient propagation over a long horizon, combating the
issue of vanishing gradient caused by the multiplicative state evolution in standard
RNNs. On the other hand, the input sequence is processed sequentially, meaning
that LSTMs can struggle to efficiently extract highly local structural features across
broad temporal windows.

2.2.2.3 Temporal convolutional networks

Alternative approaches to temporal modeling shifts away from recurrence towards
fully convolutional structures, which capture long-term dependencies via stable,
parallelized deep training. Temporal Convolutional Networks (TCNs) are a neu-
ral network architecture designed for sequence modeling and system identification,
utilizing convolutions to handle sequential data as an alternative to recurrent archi-
tectures [17].

TCNs rely on 1D causal convolutions to enforce the temporal ordering of inputs:
the output at time ¢ depends only on inputs from time ¢ and earlier. For an input
sequence X € RT*min the output sequence element zgl) at layer [ is given by:

k—1
Zg) => Wi(l)zgl:dl-g (2.8)

i=0
where k represents kernel size, d dilation factor, W® the convolutional weights at
layer [ and 2~ is the input vector from the previous layer (with z(¥ = x).
The dilation factor d allows the receptive field to grow exponentially with network
depth, allowing the network to capture long-term dependencies efficiently. The total
receptive field size R across L layers is defined as:

R:1+i(k—1).dl (2.9)

To improve stability during training, TCNs incorporate residual connections such
that each block outputs:

D = L0 4 (U1, )y (2.10)

where F(-) represents the residual mapping learned by the block and ) its param-
eters.

12
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While dilated convolutions provide stable training and an exact bounded temporal
window, the lack of an explicit, evolving recurrent state causes TCNs to sometimes
lack high precision sequential tracking capabilities inherent to recurrent memory
cells.

2.3 Data quality and persistent excitation

In both classical system identification and modern deep learning-based modeling, the
predictive capability of the learned model is constrained by the quality of the training
data. While deep neural networks excel at interpolating within the distribution of
their training data, their performance degrades when forced to extrapolate to unseen
states. Therefore, acquiring a large volume of data is insufficient; the data must be
informative and cover the full operational domain of the system. In control theory,
this requirement is described by the concept of persistent excitation (PE) [18].

An input signal u(t) is said to be persistently exciting of order n if it excites all the
dynamic modes of the system up to that order. If the input lacks sufficient spectral
richness the resulting data will lie in a lower-dimensional subspace, preventing unique
identification of the system dynamics. Consequently, the optimization algorithm (in
this case gradient descent for a neural network) will not have enough information
to uniquely identify the true parameters of the underlying plant model.

In the context of learning a complex and nonlinear plant model for a hydraulic ex-
cavator, persistent excitation translates to the necessity of dynamic and varied data
collection. The excavator’s hydraulic actuators exhibit frequency-dependent behav-
iors, state-dependent dead-zones, and pressure saturation. If the training dataset
only contains slow, steady-state movements, the neural network will fail to learn the
high-frequency transient responses of the hydraulic valves.

Furthermore, to learn the interaction dynamics between the excavator and the en-
vironment, the input signals must drive the machine through varied load condi-
tions. Training a model exclusively on free-air motion will result in an uninformative
dataset regarding contact forces, making it hard for the network to accurately pre-
dict the system’s behavior during actual digging or grading operations. Therefore,
the design of the excitation trajectories is an important prerequisite for successful
data-driven modeling. Methods to achieve PE data often utilizes steps, multi-sine
waves, or amplitude-modulated pseudo-random binary sequences (APRBS) on the
joystick commands [19].

2.4 Feature selection and evaluation metrics

To effectively reduce dimensionality and select the most informative predictors, sev-
eral statistical and information-theoretic metrics are employed. These metrics allow
for a quantitative assessment of the linear, nonlinear, and temporal relationships
between input features and target variables.

Pearson correlation coefficient: The Pearson correlation coefficient () mea-
sures the linear relationship between two continuous variables. It is defined as the

13
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covariance of the two variables divided by the product of their standard devia-
tions [20]:

> )
\/25:1(% - j)2\/2’221:1(% —y)?

The resulting value ranges from —1 to 1, where values near the extremes indicate a
strong linear dependency, while a value of 0 implies no linear correlation.

(2.11)

Tzy

Mutual information: Rooted in Shannon’s Information Theory, Mutual Infor-
mation (MI) quantifies the amount of information obtained about one random vari-
able through the observation of another [21]. For two continuous random variables
X and Y with joint probability density function p(z,y) and marginal probability
density functions p(x) and p(y), MI is defined as:

I(X;Y) = /X/}/p(x,y) log (W) dxdy (2.12)

Unlike the Pearson coefficient, MI does not assume linearity. It is capable of cap-
turing complex nonlinear dependencies by explicitly measuring the reduction in
uncertainty (entropy) between variables.

Cross-correlation and temporal lag: Cross-correlation is a metric that mea-
sures the degree of similarity between two discrete time-series as a function of the
displacement (lag) of one relative to the other [22]. The cross-correlation sequence
R.,(7) at displacement 7 is given by:

Ra:y(T) = Z TtYt4r (2-13)

In dynamic time-series analysis, this is used to identify the specific optimal lag
7" = argmax, R,,(7) at which two signals are most highly synchronized, revealing
the physical latency inherent within a dynamic system.

Permutation feature importance: Permutation feature importance is a model-
agnostic method used to calculate the post-hoc contribution of a specific feature to
the predictive power of a trained model. Let L(y, ) be the loss function of a model
scored on a validation data set D. The importance I; of feature j is computed by
measuring the increase in the model’s prediction error after the values of feature j
are randomly shuffled (permuted) across the data set [23]:

I; = L(Dpermuted,j) — L(D) (2.14)
This shuffling process breaks the underlying physical relationship between the fea-
ture and the target variable. Evaluating the resulting drop in performance allows

for an assessment of the necessity of the feature in a multivariate context.
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2.5 Optuna framework

Optuna is an open-source hyperparameter optimization framework designed for ma-
chine learning workflows [24]. It automates the search for optimal hyperparameter
configurations by framing the problem as the minimization (or maximization) of a
black-box objective function.

2.5.1 Define-by-run API

A distinguishing design principle of Optuna is its define-by-run API, in contrast to
the define-and-run paradigm used by earlier frameworks such as Hyperopt. In a
define-and-run framework, the entire search space must be declared statically be-
fore optimization begins. In Optuna’s define-by-run approach, the search space is
constructed dynamically within the objective function itself: each hyperparame-
ter is sampled on demand during a trial’s execution. This enables conditional and
hierarchical search spaces without requiring the user to enumerate all possible com-
binations upfront. For example, the number of layers in a network can be sampled
first, and then per-layer parameters are sampled only for the layers that exist.

2.5.2 Tree-structured Parzen Estimator

By default, Optuna uses the Tree-structured Parzen Estimator (TPE) as its sam-
pling algorithm. TPE is a sequential model-based optimization method that models
the objective function indirectly. Rather than fitting a surrogate p(y | #) that
predicts the objective value y given hyperparameters ¢, TPE models two separate

densities:
0oy ify <y,
p(0|y) = ) ey (2.15)
g(0) ify >y,

where y* is a quantile threshold that separates “good” from “poor” trials, and ¢(6)
and g(0) are kernel density estimates fitted to the hyperparameter vectors of each
group, respectively. New candidate configurations are proposed by maximizing the
ratio £(0)/g(#), which can be shown to be proportional to the expected improve-
ment acquisition function. The tree-structured extension handles conditional de-
pendencies between hyperparameters by factoring the density estimates along the
dependency tree.

2.5.3 Automated early stopping of trials

Optuna provides a pruning mechanism that terminates unpromising trials before
they complete, substantially reducing the total computational cost of a search. Dur-
ing training, the objective function periodically reports intermediate values (e.g., the
validation loss at each epoch) to the framework. A pruning algorithm then decides
whether to stop the trial early based on its trajectory relative to previously com-
pleted trials.

Several pruning strategies are available. The median pruner terminates a trial at
step t if its intermediate value is worse than the median of intermediate values
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reported by all previous trials at the same step. More sophisticated alternatives,
such as the Hyperband pruner [25], allocate resources using successive halving: a
large number of trials are started with a small budget, and only the most promising
fraction is promoted to the next budget level, iterating until a single configuration
remains.

2.5.4 Study and trial abstraction

Optuna organizes an optimization session into a study, which manages a collection
of trials. KEach trial corresponds to one evaluation of the objective function with
a specific hyperparameter configuration. The study persists the history of all com-
pleted, pruned, and failed trials, enabling the sampler to make increasingly informed
suggestions as the search progresses. Studies can optionally be backed by a rela-
tional database, allowing optimization to be paused, resumed, or distributed across
multiple workers.

2.6 Statistical framework and foundational the-
ory

This section details the theoretical concepts used to validate the experimental results
of this study. It addresses the principles of data partitioning, variance decomposi-
tion, and sample size determination to ensure statistical significance. Furthermore,
it introduces the linear mixed-effects models used for confirmatory validation.

2.6.1 Data partitioning and variance decomposition

To guarantee unbiased generalization estimates in models trained on sequential or
episodic data, data sets must be isolated strictly at the trajectory or session level.
Let the complete data set D be partitioned into a development set Dgy., and a
completely frozen test set Dy, defined such that:

D= Ddev ) Dtesta Ddev N Dtest =9 (216)

When evaluating baseline stability across stochastic training runs, total performance
variance can be decomposed into between-split variance (Ggpit) and within-split seed
variance (Ggeeq). For a design evaluating J data partitions and S random seeds per
partition, these components are defined mathematically as:

1 S
Geplit = std(ft;), where ji; = g ZMAEjS (2.17)
s=1
1 J
6seed = j Z Std(MAEﬂ, ey MAEjs) (218)
j=1
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2.6.2 Statistical power and sample size determination

To control Type II errors (missing a genuine improvement), the required number of
data partitions n must be determined via statistical power analysis [26]. Under a
repeated-split design, between-split variance is controlled via pairing, rendering the
within-split seed variance the primary source of experimental noise. For a targeted
true effect size ¢, the expected difference A; across partitions is modeled as a normal
distribution via Monte Carlo estimation frameworks [27]:

o2

Aj~N<—5,b§ed , j=1,...,n (2.19)
The empirical statistical power over M simulated Monte Carlo experiments is com-
puted by evaluating the rejection rate of a one-tailed z-test under the alternative

hypothesis H; : pa < 0:
L Sm g,
Power(nyc, §) = i ;H(p < a) (2.20)
where I(-) is the indicator function and p®) is the p-value of the k-th simulation.

Alternatively, a conservative closed-form analytical bound for a one-sided test is
approximated by:

Zi—a + 21-8) Useed/\/g>2 (2.21)

J

Nanalytical ~ <

2.6.3 Confirmatory validation via linear mixed-effects mod-
els

To evaluate architectural interventions without violating the independence assump-
tions of standard parametric tests, a Linear Mixed-Effects (LME) model is employed
to treat data partitions as random factors [28]. For a given performance metric, the
observation y;;;, for split j, seed ¢, and condition k£ € {0,1} (representing baseline
and modified architectures, respectively) is modeled as:

yijk = 50 -+ BlModulek + Uj + 5ijk (222)

where f3; isolates the fixed effect of the architectural modification, u; ~ N (0, szht)
represents the random intercept capturing individual partition difficulty, and e,
represents the residual stochastic seed variance.

When conducting simultaneous significance tests across a candidate registry, the
family-wise error rate is explicitly controlled using the Benjamini-Hochberg False
Discovery Rate (FDR) adjustment procedure [29]. To complement statistical signif-
icance with practical relevance, effect size magnitudes are calculated and assessed

using Cohen’s standardized d, distance metrics [26].

2.7 Knowledge distillation

Knowledge distillation compresses a high-capacity teacher model into a compact
student network by forcing the student to mimic the teacher’s continuous output
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distribution space [30]. The joint objective function balances standard ground-truth
supervision with soft-target matching:

L = aLaa(@,y) + (1 — @) Loote (; ZtTh> T° (2.23)
where o € [0, 1] balances the loss terms, y is the ground-truth label, and z and
Zteacher are the unnormalized log-probabilities of the student and teacher models,
respectively. The parameter T' represents the temperature scaling factor. Raising
T > 1 smooths the softmax output distribution, amplifying the "dark knowledge'
or dark features contained in the negative targets of the teacher. The soft loss Lo
is implemented as the Kullback-Leibler divergence between these softened distri-
butions. The scaling multiplier 7 is required to compensate for the fact that the
gradients of L scale down by 1/T? during backpropagation, thereby maintaining
a consistent balance between the hard and soft loss components regardless of the
chosen temperature.
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Methods

This chapter details the approach used to develop, optimize, and deploy the excava-
tor dynamics predictor. The workflow spans the entire development cycle, moving
from initial data synthesis and model selection to the final optimized model.

First, the data foundation is established in section 3.1, covering collection, feature
selection, and temporal windowing. Section 3.2 introduces the structural compo-
nents of the models, addressing the shared model components and the deep learning
backbones. The core of the experimental work is found in section 3.3, which explains
the phased search strategy: a multi-step training methodology used to systemati-
cally evaluate module interactions and optimize hyperparameters. Furthermore,
section 3.4 details the transfer learning strategy for adapting models to real-world
data. The chapter concludes with the criteria used for evaluation (section 3.5) and
the technical pipeline used to export and integrate (section 3.6) the models into the
Simulink environment for practical application.

3.1 Data

The success of the system identification process relies on the quality and informa-
tional richness of the training data. For a data-driven model to accurately generalize
across the excavator’s full dynamical range, the input signals must be sufficiently
rich in frequency content and amplitude variation to ensure that all relevant dynamic
modes of the system are observable in the recorded response.
Given the extensive set of available signals, a selection process was employed to
identify the most influential input features. These signals were subsequently pre-
processed and normalized, for standardizing the input space and improving the
convergence characteristics of the training algorithms.
The complete data set D consists of several sessions from the same simulation
environment D = {Rj, Ry, ..., Ry}, where each run consists of timeseries data,
R; = {(x4, ) }/2, where:

e z; € R?: input vector at time ¢

o 1y € R™ target variable at time ¢

3.1.1 Collection

Data was collected from two sources: a high-fidelity Simulink simulation of the
excavator system, and a physical excavator instrumented with a Speedgoat real-
time target computer. Using both simulated and physical data serves two purposes.
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First, the simulation environment enables the generation of large, systematically
excited datasets under controlled conditions. Second, the physical data introduces
the unmodeled sensor noise, and environmental disturbances that are absent in
simulation, enabling the investigation of the sim-to-real transfer gap.

3.1.1.1 Simulation data

Simulated data was generated using CPAC Systems’ proprietary Simulink model of
the excavator’s mechanical and electro-hydraulic system. The model captures the
full hydraulic circuit, including pump dynamics, main control valve pressure-flow
characteristics, cylinder chamber pressures, and the mechanical kinematics of the
boom, arm, bucket, and swing joints. The simulation model is based on the Volvo
EC210F.

The data was collected through manual operation of the excavator within the Simulink
environment, using a joystick. To achieve sufficient excitation, the joints were ac-
tuated both in isolation and in simultaneous combinations. Isolated single-joint
movements were necessary to capture each actuator’s individual dynamic response,
while coordinated multi-joint trajectories were needed to capture the nonlinear cross-
coupling effects between the hydraulic cylinders. Care was also taken to drive the
actuators near their mechanical end-stops and through rapid direction reversals, as
these operating regions exhibit strongly nonlinear valve and cylinder behavior that
the model must learn.

An automated excitation strategy based on APRBS combined with chirp signals was
investigated as a means of generating more systematically excited datasets. The
APRBS would provide broadband amplitude variation mimicking operator com-
mands, while a superimposed frequency sweep would ensure coverage of higher-
frequency hydraulic resonances. However, due to time constraints, a sufficiently
well-tuned signal was not realized, and all simulation data used for training was
collected through manual operation.

Over the course of the project, several hours of simulation data was recorded, yield-
ing a dataset that spans a wide variety of operating conditions including isolated
single-joint movements, coordinated multi-joint trajectories, and extreme actuator
positions near the mechanical end-stops.

3.1.1.2 Speedgoat data

To evaluate the model’s ability to generalize from simulation to reality, operational
data was collected from a physical excavator using a Speedgoat real-time target com-
puter. The Speedgoat executes the same controller model that runs in the Simulink
simulation, deployed as a real-time application via Simulink Real-Time. This ar-
chitectural overlap is a key advantage: the internal controller signals (pilot pressure
demands, valve commands, kinematic computations) are available for logging on
the physical machine with the same naming convention and signal semantics as in
simulation, which greatly simplifies the alignment between the two data domains.
The physical excavator utilized was a Volvo ECR145F. Because this differs from the
model used in the simulation, it allowed for evaluation across different excavator
platforms in addition to the primary sim-to-real performance investigation.
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Several logging sessions were conducted under different operating conditions:
o Free-air operation: The excavator was operated in open air without ground
contact, matching the simulation conditions.
e Soil interaction: The excavator performed digging and grading tasks in soil,
introducing the external load disturbances that are absent from the simulation
model.

This distinction is central to the sim-to-real investigation objective: the free-air logs
provide a direct comparison baseline against the simulation-trained model, while the
soil interaction logs test the model’s robustness to unmodeled external forces.

3.1.2 Feature selection pipeline

The raw telemetry data collected from the Simulink excavator model yielded a high-
dimensional, highly correlated initial dataset. To prevent overfitting, eliminate re-
dundant variables, and minimize computational overhead in the neural network, a
multi-stage feature selection pipeline was engineered to isolate an optimal subset of
system inputs.

e Linear and nonlinear dependency filtering: While hydraulic systems are
fundamentally nonlinear, Pearson’s correlation and Spearman rank correlation
was first applied as a baseline filter to isolate signals exhibiting direct propor-
tional relationships. To capture the nonlinear characteristic of the excavator,
mutual information (I(X;Y")) scores were computed. Signals that generated
low scores across both metrics demonstrated negligible predictive power and
were systematically prioritized for removal.

o Temporal alignment via lag analysis: To ensure that the sequence-based
models correctly captured the excavator’s hydraulic memory, cross-correlation
functions R, (7) were utilized to calculate the actual physical response lag be-
tween control inputs and system outputs. This lag analysis informed the sizing
of the look-back window W and ensured that historical time steps provided to
the networks were physically synchronized.

o Cross-file stability assessment: A prominent risk when utilizing simula-
tion data is selecting features that appear highly relevant due to artifacts of a
single test scenario rather than the true generalized behavior of the machine.
To mitigate this, the correlation and mutual information metrics were evalu-
ated for cross-file stability across multiple distinct operating datasets. Signals
displaying high variance in their importance metrics across differing excavator
maneuvers were penalized, ensuring the finalized input set would generalize
well to unseen operational profiles.

o Multivariate coupling analysis: As a final validation step, a Random For-
est regressor was trained on the filtered input candidate set to compute mul-
tivariate permutation feature importance (/;). This stage was important for
capturing the cross-coupling effects inherent between the excavator’s three in-
teracting hydraulic cylinders. By evaluating features in a multivariate context,
signals that appeared redundant in isolation but provided context for cylinder
interactions were retained.
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3.1.2.1 Feature groups

Using a combination of correlation analysis with the target signal and hydraulic
domain knowledge, two input feature groups were constructed. Feature Group 1
(FG1) consists of the signal listing given in table A.1 in chapter A.

Feature Group 2 (FG2) augments FG1 with explicit first-order pressure time-derivatives,
defined for each monitored cylinder index i € Z = {1,2,3,5,6,7} as

AF[t] = F[t] — Bt — 1] (3.1)
yielding the derived signal set

Apressure = {APZH}zel (32)
FG2 is then constructed as

FG2 = FG1 U A pressure (3.3)

3.1.3 Normalization

A challenge in performing system identification on a hydraulic excavator was the
variation in the scales and units of the measured physical quantities. For instance,
joint angles were measured in radians, whereas cylinder forces reached tens of thou-
sands of Newton (10° N). Feeding this raw, multi-modal data directly into a neural
network would lead to that features with naturally large magnitudes would domi-
nate the gradient descent updates during backpropagation. To get stable training
and faster convergence, the input and output spaces were normalized.

Two primary scaling techniques were utilized to transform the dataset into a uniform
numerical range before training:

o Min-Max scaling: This technique linearly transforms the data such that all
values fall within a bounded interval, typically [—1,1] or [0,1]. For a given
feature x, the scaled value x .44 is calculated as:

Lscaled = M (34)

Tmaz — Tmin
Min-max scaling was used for signals with strictly defined physical limits, such
as the current length of the cylinder.
« Standardization (Z-score normalization): Instead of strictly bounding

the data, standardization rescales the features so they possess a mean () of
0 and a standard deviation (o) of 1:

T —
g

Lscaled = (35)
Standardization was used for unbounded physical states or sensor readings
containing natural Gaussian noise, such as hydraulic pressures and cylinder
velocities because it is less sensitive to extreme outlier measurements than
min-max scaling.
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3.1.4 Windowing

To train the model for sequential, real-time prediction, the continuous time-series
data was partitioned into fixed-length input sequences using a sliding window ap-
proach. Given a transformed feature matrix X € RV*¥ where N is the number of
time steps and F' the number of features, a window of size W is slid across the time
axis with a stride of one. At each time step ¢, the model receives the W most recent
observations X[t—W+1 : t] € RW*F and is trained to predict the target state at the
next timestep t-+1. This transforms the continuous time series into a set of overlap-
ping input—output pairs suitable for supervised learning with mini-batch gradient
descent.

The window size W represents the temporal context available to the model at each
prediction step, and its selection involves a trade-off. A sufficiently large window
is necessary for the model to observe the full transient response of the hydraulic
system, including the propagation delay between a joystick command and the re-
sulting cylinder movement, which spans several hundred milliseconds. However, an
excessively large window increases the computational cost and memory footprint of
each forward pass, which is detrimental to real-time inference. At the default sample
rate of 100 Hz, a window size of W = 100 corresponds to one second of history.

3.2 Modeling

All models in this work follow a common prediction formulation. Given a windowed
input sequence X = [X; i1, ...,%X] € RW*? of W time steps and d input features,
the model predicts the cylinder velocities one or several steps ahead.

The general prediction takes the form:

= X))+ X)) (55)
——— ——
physics base (optional) learned residual

where fy is a neural network backbone with parameters 0, znys is an optional de-
terministic physics prediction, and g(+) is an output activation function. When the
physics base is disabled, the model reduces to ¥;+1 = g(fo(X)).

The remainder of this section describes the shared components used across all archi-
tectures (section 3.2.2), followed by the three backbone architectures (section 3.2.3)
and lastly regularization techniques (section 3.2.4).

3.2.1 Target formulation

Two target encodings are considered:

o Absolute mode: the model predicts the velocity directly, ¥, = vV, € R?.

e Delta mode: the model predicts the velocity change, ¥4 = Viir — v, € R3.
Delta mode encodes an inductive bias: by predicting changes rather than abso-
lute values, the model is biased toward learning the system’s dynamics rather than
memorizing operating-point offsets. This is analogous to residual learning in that
the identity mapping is the default prediction. All targets and predictions operate
in standardized space.
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3.2.2 Shared model components

The components described below can be integrated with any network backbone and
are evaluated independently during the hyperparameter optimization process.

3.2.2.1 Physics base

The physics base provides a deterministic, parameter-free prediction zys derived
from the excavator’s kinematics, which the neural network then corrects. This
residual-learning formulation biases the model toward physically plausible solutions
and reduces the function the network must learn to unmodeled effects such as fric-
tion, valve dynamics, and oil compressibility.

Three physics-base variants are implemented, each corresponding to a different level
of physical modeling;:

Velocity (kinematic): The simplest variant computes the cylinder velocity di-
rectly from joint velocities ¢ and the velocity Jacobian matrix J,(q):

0i(t + At) = Jyi(qe) - Girs i € {boom, arm, bucket} (3.7)

where J, ; is the kinematic leverage ratio mapping joint velocity to cylinder velocity
for actuator 2. The operation is executed element-wise, as each cylinder displacement
corresponds directly to its respective joint angle.

Force integration (Euler step): This variant estimates the change in velocity
resulting from hydraulic cylinder forces using a forward Euler integration step under
a constant equivalent mass assumption:

Fcyl,i,t - At
Meq,i

where Fiy;; is the net cylinder force, At = 0.01s is the sampling period (100 Hz),
and M., is the time-averaged equivalent mass for actuator 7.

Kinematic-dynamic hybrid: The most comprehensive variant combines both
kinematic constraints and dynamic force integration via a first-order update equa-
tion:

N . Fc 1,i,t
( ) ) (qt> dit Meq,i(Qt) ( )

Dynamic Correction

Kinematic State

where M., ;(q:) is the configuration-dependent equivalent mass matrix evaluated at
the current joint positions.
3.2.2.2 Structural modules

The following modular components are toggled independently during hyperparame-
ter screening. They are presented in the order they appear within the computational
graph.
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Multi-scale TCIN: The baseline TCN utilizes a single sequence of dilated con-
volutional layers with exponentially increasing dilation factors (1,2,4,...). The
multi-scale variant splits this architecture into two parallel branches: a fine branch
with a standard dilation sequence (1,2,4,...) to capture high-frequency pressure
transients and valve transitions, and a coarse branch starting at a baseline dilation
of 4 (4,8,16,...) to cover an expanded receptive field for slow-varying dynamics like
load trends and position drift. The outputs of both branches are concatenated along
the channel dimension before being forwarded to the recurrent layer.

Attention bridge: An optional transformer-style processing block can be inserted
between the TCN and the recurrent layers to process the full TCN output sequence
R € RT*Y. The block consists of a Multi-Head Self-Attention (MHA) sublayer
followed by a position-wise Feed-Forward Network (FFN), utilizing pre-layer nor-
malization (LN) and residual connections:

R’ =R + MHA(LN(R), LN(R), LN(R)) (3.10)
R” = R’ + FFN(LN(R)) (3.11)
where MHA uses h attention heads and FFN is a two-layer network with hidden di-
mension 2C' and GELU activations. The output R” preserves the original sequence

length while enriching each time step with global context across the temporal win-
dow.

GRU backbone: As an alternative to the standard LSTM, a Gated Recurrent
Unit (GRU) can be selected. The GRU combines the forget and input gates into a
single update gate and removes the separate cell state:

ry —= O'(WTXt + Urhtfl)

Z; — O'(WZXt + Uzht—l)

h, = tanh (tht + Up(r; © ht,l))

h, = (1—Zt)®ht—1+zt@flt
This architecture reduces the recurrent parameter footprint by approximately 25%

relative to an LSTM of equivalent hidden size, which can accelerate training con-
vergence on moderately long sequences.

Temporal differencing: To explicitly expose rate-of-change indicators to the out-
put layers, the first-order difference of the recurrent hidden states across the final
two time steps is concatenated directly to the latent backbone representation h:

haug = [h , ht — htfl] (316)

This augmentation provides an explicit velocity-equivalent signal in the latent space,
reducing the network’s reliance on implicitly learned internal temporal derivatives.
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Squeeze-and-excitation block: To explicitly model channel-wise inter-dependencies,
a Squeeze-and-Excitation (SE) block adaptively recalibrate the TCN backbone fea-
tures. First, a global channel descriptor z aggregates the feature sequence {u;}L,

via temporal average pooling:

1 T
z=—> w (3.17)
Ti=

A two-layer bottleneck network then computes channel modulation weights s to
scale the original features (1; = s ©® wy):

s = 0(W20(W;2)) (3.18)

This adaptive gating allows the network to emphasize globally informative feature
channels while actively suppressing less relevant ones prior to the recurrent stage.

Global average pooling branch: To complement the last-step and attention-
pooled features that comprise the standard backbone representation h, an optional
Global Average Pooling (GAP) branch computes a parameter-free temporal sum-
mary across the entire recurrent output sequence {h;}7 ;:

1 T
t=1

The vector g € R% is projected to a dimension of dj/2 and concatenated with h.
GAP captures the mean operational state over the input window, which provides a
slow-varying feature reference that acts as an implicit regularizer.

Cylinder feature gate: A specialized gating mechanism is implemented to mod-
ulate the shared backbone representation h individually for each cylinder output
head:

h¥ — g, oh (3.20)

where a; € (0,1)” is a learned sigmoid gating vector. Two structural variants are
evaluated:

Linear Variant: o; = o(W?h + bY) (3.21)
Diagonal Variant: o; = o(s; ® h + b?) (3.22)

The linear variant maps a full W¢ € RP*P weight matrix per cylinder at a com-
putational cost of O(ney - D?), while the diagonal variant optimizes a per-feature
scale vector s; € RP at a reduced cost of O(neyr - D). For both configurations, the
bias b{ is initialized to 4.0 (o(4) ~ 0.98). This ensures the gate is transparent at
initialization, matching the performance of the ungated baseline at the beginning of
training.
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Cross-cylinder attention: To capture the mechanical coupling inherent to the
multi-link kinematic chain (boom — arm — bucket), a multi-head self-attention
layer can be applied across the cylinder dimension. This layer enables information
sharing across individual cylinder streams after feature extraction but prior to final
scalar projections:

C' = LayerNorm(C + MHA(C, C, C)) (3.23)

where C € R3*nead is the stacked feature representation of the three cylinder chan-
nels, and MHA represents a standard single-head attention mechanism.

Velocity skip connection: An optional residual link adds the current observed
velocity vector directly to the final network output:

Virr = Vi + g(fo(X)) (3.24)

This structure configures the absolute execution mode as a residual learning problem,
biasing the neural network fy(X) to predict small delta modifications to the current
velocity state. This module is automatically disabled when running in delta mode
to avoid structural redundancy.

3.2.2.3 Per-cylinder output heads

The hydraulic excavator features C' = 3 independently actuated subsystems: the
boom, arm, and bucket cylinders. Mapping a shared backbone feature space h to
all actuators simultaneously via a single linear layer would force the network to
compromise between distinct physical subsystems. Instead, the model employs a
decoupled multi-head architecture, instantiating a dedicated MLP head for each
individual cylinder ¢ € {1,...,C}:

J. = Head.(h), c¢=1,...,C (3.25)

This design allows the shared backbone to isolate globally relevant, system-wide
dynamics, while permitting individual output heads to specialize in the unique load
characteristics, pressure profiles, and hydraulic behaviors of their respective actua-
tors. For example, the boom cylinder operates under significantly higher load forces
and lower velocities than the highly transient bucket cylinder.

In the baseline configuration, each head is parameterized as a two-layer feed-forward
network with a single hidden layer:

Je = w. ReLU(W,h +b,) + ¥, (3.26)

where W, € RY*P and b, € R¥ represent the weights and biases of the hidden
projection layer with dimension d’, while w, € R? and b/, € R define the final linear
output mapping.

To evaluate how head capacity impacts the tracking of severe physical non-linearities,
two alternative architectural variants are implemented for Head.,.:
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Gated Linear Unit (GLU) head: The standard ReLU activation is replaced by
a GLU mechanism. The initial projection width is doubled to 2d’', mapping
the backbone representation to a vector u = W,h € R?*¥. The output is then
obtained via element-wise sigmoid gating of the split vector halves:

GLU(u) = u; ® o(uy) (3.27)

where uy, uy € R?, and o(+) is the logistic sigmoid function. The data-driven
gating mechanism selectively suppresses or amplifies components of the latent
representation. This behavior is physically well-suited to capturing hydraulic
dead-band nonlinearities, where valve spool movement yields near-zero actua-
tor response until a critical control input threshold is surpassed.

Deeper MLP head: An additional hidden layer of width d’ is inserted prior to
the output mapping, yielding a deeper feed-forward structure. This increases
the head’s capacity to model nonlinear input—output relationships at the cost
of additional parameters.

3.2.2.4 Output activation functions

The output activation g(-) in eq. (3.6) controls the range of predictions from the

per-cylinder heads. Three options are considered:

Identity (linear). g(x) = x. No bound on the output range. The simplest op-
tion but allows unbounded predictions, which can be problematic during early
training.

Tanh. g(z) = tanh(x). Bounds outputs to (—1,1) in normalized space, corre-
sponding to approximately 410 of the target distribution. This can be too
restrictive for target distributions with heavy tails, as rare high-velocity events
are clipped.

Scaled Tanh (STanh). A learnable generalization of tanh with per-cylinder am-
plitude:

gi(x) = a; - tanh(z), a; € [Amin, Cmax) (3.28)

where a; is a learnable parameter clamped t0 [@min, Gmax] - This bounds each
cylinder’s output to (—a;, a;) while allowing the model to adapt the range per
cylinder. Clamping prevents degenerate solutions where a; — 0 or a; — oc.

3.2.2.5 Loss function
Two base loss functions are considered. Mean Squared Error (MSE):

1Y .
n=1

and Huber loss, which transitions from quadratic to linear behavior at a threshold

0

se? if le] <6
ls(e) = (3.30)
d(le] — 30) otherwise
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The Huber loss provides robustness to outliers, since large errors from sensor noise

or transient spikes receive a linear rather than a quadratic penalty, reducing their

influence on gradient updates.

Per-output weighting. Both losses are scaled by per-output weights w € R? ini-
tialized from inverse target variance:

w; X —5, > w; =3 (3.31)

where o; is the standard deviation of target ¢ and p is a configurable power.
This ensures that cylinders with lower variance (typically boom) receive pro-
portionally higher weight, preventing the loss from being dominated by the
high-variance bucket cylinder.

3.2.3 Backbone architectures

Three backbone architectures for fy are evaluated. All share the output structure
described above (per-cylinder heads, optional modules, activation, physics base)
and differ only in how they process the input sequence X into a fixed-dimensional
representation h € RP.

3.2.3.1 LSTM backbone (with attention pooling)

The LSTM backbone processes the sequential input recurrently to capture the sys-
tem’s underlying temporal dependencies. The scaled input features Xgajeq € R %%
are fed through a multi-layer LSTM network to generate a sequence of hidden states:

H = [hy, hy, ... hy] = LSTM(Xeiea) € RV*P (3.32)

where W is the input window size and D is the hidden state dimension.

Rather than relying solely on the terminal hidden state hy,, which can introduce a
severe recency bias and cause the model to forget early sequence events, a temporal
attention pooling layer is integrated. This layer computes a learned, weighted sum-
mary across the entire sequence of hidden states to capture globally salient features:

w
AttnPool(H) = h = > a;hy (3.33)
t=1

The attention weights «; represent the relative importance of each timestep and are
calculated using a softmax activation over the inner product of the hidden states
with a learnable parameter vector:

exp(wlh)
— a 3.34
“ L/Zl eXp(WIhS) ( )

where w, € R? acts as a learnable template of "importance" in the feature space.
During training, the network optimizes w, to align with the specific hidden states
that precede significant structural changes in the excavator’s operating state. This
mechanism explicitly allows the model to attend to highly informative time steps
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rather than relying entirely on the recurrent mechanics to propagate that informa-
tion over long horizons.

The final fixed-dimensional backbone representation h is constructed by concate-
nating the attention-pooled summary with the terminal hidden state:

h=[h; hy|eR? (3.35)

This dual aggregation strategy ensures that the downstream output heads preserve

both the globally salient event context (h) and the absolute end-of-sequence bound-
ary conditions (hy).

3.2.3.2 TCN backbone

The TCN backbone shifts away from recurrent state updates, utilizing a deep stack of
causal dilated 1D convolutions to extract sequential features in parallel. The baseline
TCN processes the scaled input sequence Xgeaed € R"W*% through L sequential
temporal blocks. To build upon the generic residual structure defined in eq. (2.10),
each of the temporal blocks explicitly instantiates two consecutive layers of dilated
convolutions. These layers are configured with causal padding, ReLLU activations,
and dropout regularizers:

yAQN TemporalBlockl<Z(l_1)> +Z0Y =1, L (3.36)

where Z© = X aea. Weight normalization is applied to all convolutional filters
within the blocks to stabilize the distribution of internal activations and accelerate
network convergence during stochastic gradient descent.

By utilizing an exponentially increasing dilation factor d; = 2=! at layer I, the
network expands its history window efficiently without the parameter explosion or
computational overhead associated with large kernel sizes. Because each residual
block contains two internal convolutional operations, expanding the generic receptive
field definition from eq. (2.9) yields the total effective receptive field R:

R=1+2(k-1)(2"-1) (3.37)

where k represents the kernel size. During network training and deployment, the
hyperparameters £ and L are automatically configured to ensure that the receptive
field spans or exceeds the designated input window size (R > W).

While the LSTM baseline requires an explicit attention pooling mechanism to com-
bat memory degradation over time, the standalone TCN backbone extracts its final
latent representation h solely from the terminal timestep of the final layer:

h =zl e R (3.38)

where C, represents the feature channel width of the final layer. This single-point
feature extraction is mathematically justified by the structural constraint R > W.
Because the receptive field covers the entire sequence window, the individual feature
vector Z(MI}) at the absolute boundary timestep W inherently possesses a complete
effective history, having integrated information from all previous hydraulic states
through the hierarchy of dilated connections.
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3.2.3.3 Hybrid TCN-LSTM

The proposed hybrid architecture sequentially combines both backbones to address
the complementary physical limitations of each individual model topology. While
the TCN component efficiently parses raw, high-dimensional inputs and extracts
local high-frequency patterns across a wide temporal window via parallelized convo-
lutions, it lacks a recurrent hidden state capable of tracking state evolution across
long sequences. Conversely, the LSTM tracks continuous state trajectories well but
struggles to efficiently process long, uncompressed structural feature representations
over extended horizons. By stacking these topologies, the hybrid model utilizes the
TCN as a localized semantic compressor, smoothing out complex high-frequency
transients before passing a condensed sequence representation to a downstream re-
current layer.

In practice, for a scaled input sequence Xgaieqa € R *%, the TCN backbone applies
L stacked residual blocks configured according to the structure described in sec-
tion 3.2.3.2. The resulting output sequence matrix ZW € RW*CL encodes the
localized temporal context of the input into C, distinct feature channels, capturing
rapid physical system variations.

The sequence of feature vectors sz) € R (comprising the rows of Z")) is subse-
quently fed sequentially into a single-layer LSTM. The hidden-state sequence matrix
H evolves over the sequence window according to the exact cell gating mechanisms
established in the theoretical foundation:

H = [hy, hy, ... hy] = LSTM(Z")) € RV*P (3.39)

Because ZEL) represents a rich, lower-dimensional encoding of local operating history,

the effective complexity of the sequence passed to the recurrent block is dramatically
reduced. This enables the single-layer LSTM to maintain longer-range tracking
capabilities while maintaining low additional computational and recurrent overhead.
The final fixed-dimensional representation h is formed identically to the standalone
LSTM baseline, combining the absolute boundary context with the temporal atten-
tion pooling weights derived across the sequence:

h = [ AttnPool(H) ; hy | € R?” (3.40)

To evaluate how multi-scale feature parsing affects downstream estimation, an op-
tional multi-scale TCN variant is implemented. This structural variant runs two
parallel TCN branches over the raw input with differing initial dilation bases. The
fine branch initializes with a standard dilation factor (dy = 1) to capture immediate
high-frequency changes, while the coarse branch initializes with an expanded dila-
tion factor (dy = 4) to capture broader temporal contexts. The resulting matrix
outputs from both parallel branches are concatenated along the channel dimension
prior to entering the LSTM layer, doubling the hidden representation width to 2C',
entering the recurrent network.

3.2.4 Regularization techniques

Regularization is applied at multiple levels throughout the training pipeline to con-
trol over-fitting and to improve generalization across the operating conditions repre-
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sented in the simulation dataset. The techniques can be divided into three groups:
architectural regularization that is built into the model, optimizer-level regulariza-
tion applied during gradient descent, and loss-function regularization that shapes
the learning objective itself. Additional techniques that are specific to fine-tuning
on real machine data are described separately in section 3.4.5.

3.2.4.1 Architectural regularization

Dropout: Standard dropout is applied to the hidden activations of all temporal
encoder layers with a rate pq,op that is included in the Optuna hyperparameter
search space. During each forward pass in training mode, each hidden unit is
independently zeroed with probability p4op, preventing co-adaptation between
units and forcing the model to learn redundant representations of the hydraulic
state. Dropout is disabled during inference.

Zoneout: The LSTM architecture can replace standard dropout with zoneout.
Rather than zeroing activations, zoneout stochastically retains the previous
hidden state h;_; and cell state ¢;_; instead of updating them. During train-
ing, each unit independently keeps its previous value with a probability p,one;
during evaluation the states are replaced by the expectation p,one hi—1 + (1 —
Pzone) he. This preserves temporal continuity across time steps and maintains
unobstructed gradient flow through time, mitigating the vanishing-gradient
problem.

Layer normalization: Layer normalization is applied to the gate pre-activations
inside the LSTM cells. By normalizing over the hidden dimension at each
time step, it prevents the internal covariate shift that arises from the highly
non-stationary hydraulic pressure and velocity signals, which can otherwise
cause gate saturation and gradient instability in standard LSTM cells.

3.2.4.2 Optimizer-level regularization

Decoupled weight decay: All models are trained with the AdamW optimizer,
which applies weight decay directly to the parameters rather than coupling it
to the gradient update as in standard ¢, regularization. The weight decay co-
efficient A is included in the Optuna search space, allowing the search to select
the strength of the implicit /5 norm penalty appropriate for each architecture.

Gradient clipping: Gradients are clipped to a maximum global /5 norm before
every parameter update. This prevents the occasional large gradient spikes
that arise from abrupt hydraulic transients in the data from destabilizing
training, and is particularly important for the recurrent architectures where
back-propagation through time can amplify gradient magnitudes.

Learning-rate scheduling: The learning rate is decayed over training using ei-
ther a cosine annealing schedule or a ReduceL ROnPlateau scheduler, with the
scheduler type and patience determined by the Optuna search. Decaying the
learning rate as training progresses allows the optimizer to take large steps
in the early exploration phase and progressively refine parameter estimates as
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the model converges, reducing the risk of oscillating around a minimum.

Early stopping: Training is terminated if the validation loss does not improve for
a fixed number of consecutive epochs. This prevents the model from mem-
orizing the specific simulation trajectories in the training split while failing
to generalize to the validation split, and acts as an implicit upper bound on
model complexity by limiting the number of gradient updates seen.

Stochastic weight averaging: Stochastic Weight Averaging (SWA) is available
as an optional regularizer during simulation pre-training. In the final 20% of
training epochs, a running average of the model weights is maintained under
a constant low learning rate nswa. The averaged weights typically lie closer to
the center of a flat loss basin than any single checkpoint, improving general-
ization without additional inference cost.

3.2.4.3 Loss-function regularization

Huber loss: The primary training objective uses the Huber loss (see section 3.2.2.5).
Below a learnable threshold ¢ the loss is quadratic (matching MSE), and above
0 it grows only linearly, making the objective robust to occasional large errors
caused by sudden valve actuation or sensor glitches in the simulation data.

Smoothness regularization: An optional smoothness penalty weighted by Ay is
added to the primary loss. It penalizes the second-order variation of consec-
utive predictions, discouraging rapid oscillations in the output sequence that
are inconsistent with the inertia of the hydraulic actuators. The weight Ay is
included in the Optuna search space; its optimal value converges to zero for
most architectures and simulation datasets, and it is therefore not applied by
default.

3.3 Proposed phased search strategy

To mitigate the risk of information leakage, uncontrolled variance, and biased model
comparison, this study adopts a multi-phased search strategy. By separating hy-
perparameter exploration from formal confirmatory validation, we ensure computa-
tional efficiency while maintaining statistical rigor.

o Phase 0 — Data isolation & variance estimation: Establishes data struc-
tures, freeze the test set Diesy according to eq. (2.16), calculates baseline devi-
ations (Ggplits Oseea), and selects feature group to propagate downstream.

e Phase 1 — Baseline calibration: Utilizes an Optuna TPE search with
warmup trials to establish a well-calibrated reference configuration, selected
via an efficiency heuristic.

o Phase 2 — Exploratory module screening: Assesses candidate architec-
tural enhancements within a localized, elastic hyperparameter window against
a multi-seed median baseline.

e Phase 2.5 — Power analysis: Employs Monte Carlo simulations and an-
alytical bounds to compute the minimum repeated data splits J required to
ensure statistical power for subsequent confirmatory testing.
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o Phase 3 — Confirmatory validation: Subjects surviving modules to a
paired, repeated-split experimental design over J partitions. Decisions are
adjudicated via an LME model evaluated against strict significance, effect-
size, and stability gates.

o Phase 4 — Final synthesis: Explores potential antagonistic or destructive
interactions among individually confirmed modules by jointly tuning continu-
ous hyperparameters and binary module activation flags.

e Phase 5 — Unconstrained explanatory search: Re-opens the entire mod-
ule registry to a global combinatorial search, identifying complex, non-linear
module synergies that failed standalone validation.

 Phase 6 — Knowledge distillation: Compresses the verified optimal ar-
chitecture into a computationally lightweight student model using structured
pruning, distillation objectives, and low-precision quantization.

3.3.1 Phase 0 — Data partition and variance estimation

To prevent leakage from temporal dependencies within trajectories, D is split at the
session level into development (Dgey) and test (Dies) sets, following eq. (2.16). A
fixed, low complexity, configuration baseline model is trained across ngpyi¢ partitions
and ngeeq initialization seeds. The partition seed is explicitly fixed within each split
to guarantee file consistency across runs.

Variance components are calculated according to eq. (2.17) and eq. (2.18). To main-
tain conservative safety margins, when evaluating multiple candidate backbones, the
maximum observed Gt is propagated to the sample-size calculations, providing a
robust sample-size guarantee for the most variable model configuration.

3.3.2 Phase 1 — Baseline calibration and HPO

The reference configuration is established via an Optuna TPE search with a Me-
dianPruner over 28 total trials on Dge,. The optimization explores the following
mixed search space:

« Learning rate: n € [107%,5 x 1073] (log uniform)

o Weight decay: A € [107°,1072] (log uniform)

» Dropout rate: § € [0.05,0.40] (linear uniform)

« Hidden unit capacity: C' € {64,128,256,512}

o Layer depth: L € {1,2,3,4}

« Temporal/Hybrid kernel size: K € {3,5,7}

 Loss function formulation: Ly, € {MSE, Huber}
To prevent TPE from favoring the largest units before smaller sizes are sampled, a
warmup cycles through all four unit sizes for w = 6 rounds (24 warmup trials). The
optimizer then exploits freely for the remaining 4 trials, minimizing the following
composite score:

Seomposite = 0.4 - MAE +0.15 - RMSE + 0.25 - Pys 4 0.20 - Pyg (3.41)

The optimal baseline configuration is chosen via an efficiency heuristic: candidate
unit configurations are evaluated in ascending order of size, selecting the smallest
parameter footprint that avoids diminishing performance returns.
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3.3.3 Phase 2 — Exploratory module screening

Candidate architectural modules are integrated and evaluated within a constrained,
elastic hyperparameter window centered around the Phase 1 calibrated baseline
values (19, Ao, 0o):

log(n) € logyo(mo) £ 1
logy(A) € log o(Xo) £1
5 € [0 — 0.15, 6 + 0.15] N [0, 1]

Each candidate module runs for 10 trials using the frozen hidden unit capacity
determined in Phase 1.

3.3.3.1 Phase 2.5 — Monte Carlo power analysis

To target an experimental power of 1 — 3 = 0.80 at a significance level of @ = 0.05,
the minimum required repeated splits J is calculated using the variance metrics
derived in Phase 0. Assuming a paired repeated-split design, ogp1;; cancels out in the
paired differences. For candidate split size n, M = 3000 synthetic experiments are
drawn from the distribution defined in eq. (2.19), targeting a minimum detectable
effect size of 6 = 0.02 x MAE.celine-

The empirical power recommendation (nyc) derived from eq. (2.20) is cross-checked
against the analytical approximation (Nanaiytical) from eq. (2.21). The definitive split
allocation J is chosen via:

J = min (max(nyc, Nanalytical); 29) (3.42)

where the upper bound of 25 is determined by the maximum number of independent
recording sessions available within Dy, .

3.3.4 Phase 3 — Confirmatory validation

Modules surviving the screening stage undergo a paired repeated-split evaluation
over J data partitions and S seeds, producing N = J x S observations. The four
error metrics composing eq. (3.41) are tracked simultaneously. An LME model is
fitted for each module and metric according to eq. (2.22), and a one-tailed z-test is
applied to the fixed effect coefficient under H; : 31 < 0.
To control the family-wise error rate across multiple simultaneous module evalua-
tions, raw p-values are adjusted globally via the Benjamini-Hochberg false discovery
rate procedure. A module is confirmed if it satisfies three strict validation gates for
at least one metric:
1. Statistical significance: ppy < a.
2. Effect size magnitude: A medium Cohen’s effect size (|d,| > 0.5) along
with an improvement direction (31 < 0).
3. Rank stability: The candidate module outperforms the baseline in > % of
the N paired observations.
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3.3.5 Phase 4 — Final synthesis and final evaluation

Although modules confirmed in Phase 3 have demonstrated individual benefit against
the baseline, joint confirmation does not guarantee synergy: two modules each im-
proving MAE may interact destructively when enabled simultaneously. Phase 4
therefore re-opens the confirmed modules as binary on/off candidates within the
final HPO search.

An HPO step of 15 trials is performed over Dge, minimizing Scomposite; fixing the
structural backbone and allowing the TPE optimizer to jointly tune binary module
selections alongside continuous parameters (1, A, 0). Modules rejected at this stage
are classified as antagonistic and omitted.

The highest-performing joint configuration is then initialized from scratch, trained
using the full training epoch budget, and evaluated exactly once on the frozen hold-
out set Diest- Because Dyegy plays no role in hyperparameter tuning or architectural
selection, this step yields an unbiased, generalization performance estimate free from
optimistic selection bias.

3.3.6 Phase 5 — Unconstrained joint optimization

To catch synergistic relationships between modules that failed standalone Phase
3 validation but perform well in combination, Phase 5 expands the search to the
entire module registry. This optimization unifies B binary module activation toggles,
conditional hyperparameters for active modules, and global continuous parameters
(n, A, 6). The core structural backbone remains frozen to the Phase 1 configuration.
To accelerate search convergence, the optimization is warm-started using the winning
Phase 4 configuration as a prior, executing the joint objective:

10" = i composite 2 ,0 4
m’, 0" =arg  min,  Scomposie (f(;m,6)) (3.43)

where m represents the binary module selection vector, and 0 represents the vector
of continuous hyperparameters. The resulting model configuration and its point-
estimate performance are passed forward as the teacher framework for subsequent
distillation.

3.3.7 Phase 6 — Knowledge distillation and compression

To prepare the system for resource-constrained deployments, the verified optimal
teacher model (selected from Phase 4 or Phase 5 based on minimum variance and
mean performance) undergoes compression. Three alternative compression pipelines
are systematically evaluated:
1. Knowledge Distillation (KD): A low-capacity student architecture featur-
ing reduced layer depth and hidden units is optimized using the dual-objective
loss formulation defined in eq. (2.23).
2. KD and Post-Training Quantization (PTQ): A distilled student network
undergoes dynamic INT8 quantization targeted at the linear layers to compress
runtime footprint without retraining.
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3. KD and Quantized Aware Training (QAT): A KD-supervised model is
fine-tuned with fake-quantization observers targeting both temporal convo-
lutional and linear components, preserving teacher-level behavior under low-
precision inference.

All three compressed variants are evaluated on Dy to map the Pareto efficiency
frontier between model scale and accuracy.

3.4 Transfer learning

To evaluate the performance of the EDP model under real-world conditions, the pre-
trained simulation models described in section 3.2 were evaluated on and fine-tuned
using real machine data. Although the simulation captures the dominant physics of
the system, a reality gap exists between simulated and real machine behavior: sensor
noise characteristics, unmodeled friction, hydraulic fluid temperature variation, and
manufacturing tolerances all introduce distributional differences that the pre-trained
model has never observed. At the same time, real logged data from the machine
were not available in large quantities, while the simulation data could be generated
in larger amounts. Transfer learning bridges this gap by re-using the rich feature
representations learned from plentiful simulation data while adapting the model to
the target distribution with the limited real data that were available.

3.4.1 Source domain: simulation pre-training

The starting point for every fine-tuning run is a checkpoint produced by the main
training pipeline (see section 3.3). A checkpoint serializes the full model state, the
experiment configuration, and the DatasetState object. The DatasetState con-
tains all necessary information regarding the specific model modules and parameters
described in section 3.2. Carrying the fitted scaler inside the checkpoint is essential:
it ensures that real data can be transformed to exactly the same normalized space
that the model was exposed to during simulation training, without refitting any
statistics on the small real dataset.

3.4.2 Target domain: real machine data

Real data are collected from the excavator using the Speedgoat real-time target
machine (see section 3.1.1.2), which logs all input and output signals at the same
sampling rate used in the simulation.

Each log file is processed by the same data loading pipeline used in simulation
training, selecting the identical signal set. The pre-trained scaler is then applied to
normalize each file.

3.4.2.1 Temporal train/validation split

While the simulation data allowed for a file-level train/validation split, the limited
real machine data required a different approach. Because individual log files cap-
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tured distinct operating conditions, a file-level split would risk entirely omitting
specific regimes from either the training or validation sets.

To ensure the model was both trained and evaluated across the entire operational
envelope of the physical excavator, an intra-file temporal split was implemented.
Each individual log file was partitioned into an 80/20 train/validation split. This
approach guarantees that every recorded operating condition is represented in both
phases, accurately reflecting the model’s capacity to generalize across diverse oper-
ational scenarios.

After splitting, sliding-window sequences of length W are constructed with the same
stride logic used during simulation training, including the k-offset construction when
k> 1.

3.4.3 Backbone-head decomposition
All supported architectures (LSTM, TCN, Hybrid TCN-LSTM) share the same

functional decomposition:

Backbone: The temporal encoder layers that transform the input sequence into a
compact latent representation: the LSTM or TCN stack, attention pooling,
and layer normalization. These layers require large amounts of data to train
and are expected to capture generic hydraulic dynamics that transfer well from
simulation to real operation.

Prediction head: The shallow layers that map the latent representation to cylinder-
wise output predictions: per-cylinder feature extractors and projectors, the
optional cylinder feature gate and cross-cylinder attention, and the final out-
put activations. These layers are architecture-specific in name but consistent
in role across all models.

3.4.4 Two-phase fine-tuning

The fine-tuning follows a two-phase schedule designed to prevent catastrophic forget-
ting [31] of the simulation-learned representations while still allowing the backbone
to adapt to the real data distribution.

3.4.4.1 Phase 1: Head-only warmup

In Phase 1, the backbone weights are frozen, and only the prediction head is trained.
This ensures that the head parameters converge to a stable state before the backbone
is exposed to gradient updates from the limited real dataset.

Consequently, Phase 1 is configured to run for fewer epochs and with a smaller
learning rate than the main simulation training. This conservative approach prevents
the head from generating large, destabilizing gradients early on, thereby protecting
the pre-trained feature extractors from premature distortion. Furthermore, a weight
decay is applied during this phase to act as a regularizer, preventing the shallow head
layers from overfitting to the small sample size of real machine data.
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3.4.4.2 Phase 2: Discriminative fine-tuning

In Phase 2, all parameters are unfrozen and trained simultaneously, but with dis-
criminative learning rates [32] applied to the respective sub-modules. The prediction
head retains a higher learning rate, while the backbone is updated using a substan-
tially smaller rate.

This distinct step-down ratio between the two learning rates allows the head to
adapt freely to the target domain while strictly limiting the magnitude of gradient
updates to the backbone. By constraining the backbone’s optimization pace, the
model preserves the generalized feature representations learned over the much larger
simulation dataset while still allowing for subtle domain adaptation. Reflecting this
localized tuning approach, Phase 2 is executed for a moderate duration to prevent
over-optimization on the real machine data.

The two-phase procedure is summarized in table 3.1.

Table 3.1: Fine-tuning phase summary.

Phase Epochs Head LR Backbone LR Backbone frozen
1: Head warmup 15 3 x 1074 — Yes
2: Discriminative F'T 25 3x 1074 1x107° No

3.4.5 Regularization for fine-tuning

Over-fitting is the primary risk when fine-tuning on a small real dataset. Although
several regularization mechanisms are shared with simulation pre-training (gradient
clipping, weight decay, early stopping, and a learning-rate scheduler), two strategies
are applied specifically during fine-tuning and are not active in the pre-training
pipeline.

Reduced batch size: Fine-tuning uses a batch size of B = 32, considerably smaller
than the batch sizes of 128-512 used during simulation pre-training. Because
the real dataset contains fewer samples, a large batch would span a substantial
fraction of the training set in each step, producing very few gradient updates
per epoch. The smaller batch produces more frequent, noisier gradient updates
that act as an additional implicit regularizer and allow the model to visit more
of the loss landscape curvature before early stopping terminates training.

Light smoothness penalty A smoothness regularization term with weight A\, =
0.05 is added to the Huber loss during fine-tuning. This term penalizes the
second-order variation of consecutive predictions, discouraging the model from
producing rapid oscillations that are artifacts of noisy gradient estimates on
the small dataset rather than genuine hydraulic dynamics. In the pre-training
Optuna search this weight was included in the search space but its optimized
value converged to zero for most architectures, reflecting the fact that the
large, clean simulation dataset provides sufficient information without needing
to suppress prediction roughness explicitly.
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3.5 Evaluation

To assess the quality and practical viability of trained models, an evaluation proce-
dure was established, covering single-step accuracy, multi-step prediction stability,
and computational feasibility for real-time deployment. All evaluation metrics are
computed on a validation set that the model has not seen during training.

3.5.1 Single-step accuracy

The primary evaluation of a trained model is its ability to predict the next state
of the excavator given the current input window. For each output channel, the
following complementary metrics are computed:

e« Mean squared error quantifies the average squared deviation between pre-
dicted and true values. It penalizes large errors disproportionately, making
it sensitive to outlier predictions, which is desirable since large deviations in
cylinder states could represent physically dangerous situations.

e« Mean Absolute Error (M AE) provides a more robust and interpretable
measure of the average prediction error in the same units as the target variable.
Unlike MSE, it is less sensitive to occasional large errors and gives a direct
sense of the typical prediction offset.

« Coefficient of determination (R?) measures the proportion of variance in
the ground truth that is explained by the model’s predictions. An R? value of
1.0 indicates perfect prediction, while a value of 0.0 indicates that the model
performs no better than predicting the mean. This metric contextualizes the
error relative to the signal’s variability, which is important when comparing
channels with different dynamic ranges.

« 95th and 99th Percentile Errors (p95, p99) characterize the tail behavior
of the absolute error distribution. While MAE reflects typical performance,
p95 and p99 quantify how large errors become in the worst 5% and 1% of
predictions respectively. These metrics are particularly relevant for safety-
critical deployment, where the frequency and magnitude of rare but large
deviations matter.

These metrics are computed per output channel to identify whether the model strug-
gles with particular state variables. Additionally, residual distributions are plotted
per channel as histograms. A well-performing model should exhibit residuals that are
tightly centered around zero with approximately Gaussian shape and low p95/p99
values relative to the signal’s operating range. Heavy tails or systematic bias in the
residual distribution indicate modeling deficiencies for particular operating modes.

3.5.2 Embedded deployment feasibility

To evaluate whether the trained models can be deployed on the target embedded
hardware, an analysis of their computational and memory footprints is performed.
Using the thop library, the number of multiply-accumulate (MAC) operations and
parameters is profiled for each architecture. Memory requirements are estimated for
both FP32 and INTS8 quantized representations of the model weights. Additionally,
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peak activation memory during a forward pass is quantified by instrumenting each
network layer with forward execution hooks.

These profiled metrics are benchmarked directly against the constraints of the phys-
ical vehicle controller hardware: an industrial microcontroller operating at a to-
tal clock frequency of 180 MHz, equipped with 2 MB of internal Flash and 512 KB
of SRAM. To ensure deterministic execution alongside safety and vehicle control
tasks, the deployment framework assumes a strict allocation budget. Specifically,
the model is constrained to operate within a 10 ms task cycle, where it is allocated a
maximum processing budget of 4ms. This temporal constraint restricts the model
to a maximum computational allowance of 0.72 MHz (equivalent to 7.2 x 105 clock
cycles per execution loop). Furthermore, the model memory allocation is budgeted
to fit within approximately 500 KB of total available RAM, with a target threshold
of roughly 100 KB dedicated specifically to model parameters.

3.6 Simulink Deployment

A key requirement of this work was integrating the trained neural network plant
model into the existing MATLAB Simulink environment. This section outlines the
export pipeline developed to facilitate this transition.

3.6.1 Export Pipeline: PyTorch to ONNX

Because PyTorch models cannot be loaded directly into MATLAB, the Open Neu-
ral Network Exchange (ONNX) format was selected as an interoperability layer.
PyTorch’s built-in exporter (torch.onnx.export) was used to trace the model’s
forward pass and generate the computation graph.

To ensure the Simulink block could operate directly on raw, unscaled sensor signals,
a Python wrapper module (SimulinkWrapper) was implemented to embed data
transformations directly into the ONNX graph. This eliminates the need to replicate
Python preprocessing logic within MATLAB. The wrapper executes four operations
in sequence:

1. Column gather: Replicates and reorders raw input columns using registered
index buffers to match the sequence expected by the preprocessing pipeline.

2. Input scaling: Applies the training-phase normalization (z-score and min-
max scaling) as element-wise arithmetic using registered parameter buffers.

3. Model inference: Passes the scaled input window through the trained net-
work backbone, including any physics-based layers.

4. Output inverse transform: Converts predictions back to physical units.
For absolute targets, an inverse z-score normalization is applied. For delta
targets, the normalized output is scaled by the target standard deviation oy
to yield a physical-unit delta.

The export script targets specific ONNX opsets to maintain compatibility across
MATLARB versions (e.g., R2021b and R2025b), applying compatibility patches where
necessary to replace unsupported fused operators.

Alongside the model, the script outputs a metadata file (JSON and MAT for-
mats) containing feature names, window size, target counts, and architecture de-
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tails. This metadata enables automated validation and ensures the Simulink-side
wiring matches the training configuration.

3.6.2 MATLAB and Simulink integration

The ONNX model was imported into MATLAB using the Deep Learning Tool-
box Converter, utilizing either importONNXFunction or importNetworkFromONNX
depending on the MATLAB environment version.

Within Simulink, a persistent first-in, first-out buffer of size W X Nieatures manages the
sliding window of historical time steps required by the network. At each simulation
step, the oldest data point is discarded, the newest feature vector is appended, and
the complete window is passed to the imported model function.

If the model is configured in delta target mode, the Simulink block completes the
transformation by adding the predicted physical delta to the current measured cylin-
der velocity, yielding the final absolute prediction.
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Results

This chapter presents the empirical findings obtained from the development, opti-
mization, and evaluation of plant models. The results are structured chronologically
according to the engineering pipeline. First, the data preprocessing outcomes are
detailed through data saturation analyzes and the feature selection process, includ-
ing sensor noise estimations. Next, the performance of the model architectures is
tracked across the multi-phase hyperparameter optimization suite, culminating in a
detailed evaluation of the optimal Hybrid TCN-LSTM configuration. Finally, the
chapter presents the cross-model generalization results when evaluating the base-
line and fine-tuned models on physical excavator data, concluding with a feasibility
analysis regarding final onboard microcontroller deployment.

Throughout this chapter, the signal names follow the mapping convention outlined
in table A.1.

4.1 Feature selection

To optimize model performance and minimize computational overhead, the initial
input feature space was pruned to a subset of highly informative variables. This
feature reduction process was driven by analyzing the statistical correlation, mu-
tual information, and temporal lag between candidate input signals and the target
features. Redundant features exhibiting high collinearity were eliminated, retain-
ing only the primary drivers of system dynamics. The finalized subset of features
selected for model training is summarized in table 4.1.

Feature group Description
Cylinder pressure Piston- and rod-side pressures for each primary actuator.
Pilot pressure Primary pilot line pressures driving the main control valves.

Conflux pilot pressure Secondary pilot pressures modulating flow-combinator
valves for high-speed operation.

Cylinder velocity Linear velocity of each actuator, establishing the baseline
kinematic state.

Cylinder acceleration  Linear acceleration of each actuator, capturing higher-order
dynamic transients.

Table 4.1: Finalized input feature configuration for model training.

Initially, linear and monotonic dependencies within the data were evaluated us-
ing Pearson, Spearman, and Kendall rank correlation metrics. All three coeffi-

43



4. Results

cients yielded highly consistent trends. The resulting monotonic relationships are
illustrated via the Spearman correlation matrix in fig. 4.1. The matrix reveals a
pronounced correlation between the primary and conflux pilot pressures and their
respective target cylinder velocities, confirming their strong predictive weight.

Input vs Output Correlation (Spearman)
CylPressures_1 - 0.02 0.07 0.04
CylPressures_2 - 0.16 0.29 -0.05

CylPressures_3 - 0.26 -0.07 0.38
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CylAcc_2 - -0.01 0.05 0.01
CylAcc_3 - -0.01 -0.06 0.04
' ' '
CylVels_1 CylVels_2 CylVels_3

Figure 4.1: Spearman rank correlation matrix between input and output features.

To capture potential non-monotonic and nonlinear dependencies that correlation
coefficients might overlook, MI was computed. The resulting MI score matrix is
presented in fig. 4.2. The matrix reveals a pronounced informational dependency
between cylinder pressures and their corresponding cylinder velocities.
Additionally, cylinder accelerations exhibit a notably higher MI score relative to
the previously evaluated linear and rank correlation metrics, where they displayed
minimal dependency. While the primary pilot pressures maintain a distinct informa-
tional coupling with their respective cylinders, the main actuator cylinder pressures
demonstrate the highest overall mutual information in this analysis.

A temporal lag analysis was conducted to determine the time offsets that yield the
maximum correlation between the input features and target outputs. The result-
ing optimal lag ranges are summarized in table 4.2. The results indicate that the
primary and conflux pilot pressures exhibit the earliest optimal lag times relative
to the system outputs. This temporal precedence confirms that pilot pressure sig-
nals provide early indicators of upcoming system dynamics, making them highly
informative for predicting future cylinder velocities.

Furthermore, these lag profiles established a practical guideline for defining the
input window size of the neural networks. Because the maximum relevant historical
information is contained within approximately 20 samples, an extended window size
of 100 samples was determined to be redundant. Consequently, a more compact
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Input Feature Group Optimal Lag Range (Samples)

Cylinder pressure -8 to -4

Pilot pressure -18 to -12
Conflux pilot pressure -20 to -13
Cylinder acceleration -12 to -5

4.2 Optimization suite results

Figure 4.2: Mutual Information matrix quantifying nonlinear dependencies be-
tween input

window size of 50 samples was selected, reducing computational overhead without
omitting critical temporal dependencies.

Table 4.2: Optimal lag time ranges for maximizing correlation between candidate
input features and kinematic outputs.

The following sections outline the results and observations obtained by running the
proposed phase based search.

4.2.1 Phase 0: Baseline and variance decomposition

To establish the statistical foundation required for subsequent HPO, baseline eval-
uations isolated the dataset split variance (ogy) from initialization seed variance

45



4. Results

As visualized in fig. 4.3 and detailed in table 4.3, o4,;; dominates over ogeq across
all architectures, frequently by an order of magnitude. This sensitivity to sequence
composition indicates that single-split evaluations introduce substantial evaluation
bias, justifying the multi-split validation protocol described in section 3.3.4.

While the longer forecasting horizon (k = 10) scales the absolute mean absolute
error (MAE) by approximately one order of magnitude due to cumulative physical
complexity, the relative variance dynamics remain highly consistent across both
offsets.

[

!
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Figure 4.3: Performance variance across architectures, data splits, and initializa-
tion seeds.

Table 4.3: Phase 0 — Variance decomposition comparison for offset £ = 1 and
k =10, MAE (mm/s).

Offset k=1 Offset £ =10

Arch FG MAE Osplit Oseed MAE Osplit Oseed
Hybrid FG1 1.791 0.253 - 15.968  1.163 -

FG2 1.694 0.160 0.037 15.766 1.103 0.127
LSTM FG1 2.039 0.296 - 16.244 1.172 -

FG2 1909 0.287 0.023 16.141 1.170 0.098
TCN FG1 1984 0.103 - 17.899  0.610 -

FG2 1904 0.241 0.159 17.369 0.837 0.301

Beyond variance decomposition, these baseline runs reveal early architectural and
feature preferences. The Hybrid architecture utilizing Feature Group 2 (FG2) con-
sistently achieves the lowest overall error for both short-term (k = 1, MAE s =
1.694mm/s) and long-term (k = 10, MAE s = 15.766 mm/s) horizons. Moreover,
FG2 systematically outperforms FG1 across all tested models (Hybrid, TCN, and
LSTM). This uniform improvement confirms that integrating differential pressure
(Apressure), as defined in section 3.1.2.1, provides a predictive signal that generalizes
well across distinct model mechanics.
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4.2.2 Phase 1: Hyperparameter optimization and architec-
ture screening

Phase 1 executes joint HPO spanning: learning rate, weight decay, dropout, loss

function, and backbone size, using Optuna with TPE sampling across 28 trials

per architecture. Each trial is evaluated via Scomposite defined in eq. (3.41), with
performance metrics summarized in table 4.4.

Table 4.4: Phase 1 — Composite score and Mean MAE (mm/s) per architecture
x feature group.

(a) Offset k=1

Arch FG Scomposite £ T Min MAE + o

Hybrid FG1  0.0126 £0.0013  0.0108 -
FG2 0.0092 +0.0014 0.0079 1.4472 +0.2648

LSTM FG1 0.0132+£0.0011  0.0120 -
FG2 0.0108 +£0.0022 0.0086 -

TCN FG1  0.0134 £0.0017  0.0118 -
FG2 0.0107+£0.0008 0.0096 -

(b) Offset £ =10

Arch FG ?composite + o Min MAE + o

Hybrid FG1  0.0913 £0.0015  0.0895 -
FG2 0.0896 +=0.0007 0.0887 12.9480 +0.1382

LSTM FG1 0.0912£0.0018  0.0893 -
FG2 0.0905+0.0017 0.0888 -

TCN FG1  0.0920 £0.0032  0.0892 -
FG2 0.0899+0.0015 0.0880 -

Three key insights emerged to guide subsequent phases:

Feature group superiority: Reflecting Phase 0 trends, FG2 consistently outper-
forms FG1 across all architectures and horizons. This uniform reduction in compos-
ite score confirms that the explicit pressure time-derivatives (A pressure) from eq. (3.3)
provide robust predictive utility irrespective of the backbone. Consequently, FG2 is
frozen as the default feature configuration for all remaining phases.

Architectural leadership: The Hybrid TCN-LSTM architecture achieves the
lowest composite score in both forecasting horizons. For the short-term horizon
(k = 1), the Hybrid establishes a distinct margin of ~ 0.0015-0.0016 composite
units over the standalone LSTM and TCN. However, for the long-term horizon
(k = 10), performance across the three backbones converges to within 0.0009 units,
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indicating that the structural inductive bias of the Hybrid yields diminishing returns
over extended horizons.

Pareto-optimal model selection: While the HPO search space evaluates four
backbone widths (64, 128, 256, and 512 units), scaling backbone width introduces
trade-offs regarding parameter counts and training latency. As illustrated in fig. 4.4,
the delta in composite score across widths is marginal, prompting a heuristic trade-
off analysis. For k = 1, a 128-unit width is selected; expanding to 512 units yields
a minor ~ 13% reduction in MAE at the cost of a 15x parameter explosion. Con-
versely, the elevated complexity of the & = 10 horizon justifies a 256-unit backbone,
capturing critical performance gains before substantial efficiency degradation occurs.

Phase 1: Composite Score vs. Param Count
k=1 k=10
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0.014 -@- 1sTM 0:093 -0 1s5TM

B Ten B Ten

—A- Hybrid A~ Hybrid
0.013 5

0.092

1.0M

S
2

0.091

o
o
=]
Param
Composite score
Param count

0.090

0.089

[ 100K 100K

0.088

Figure 4.4: Model performance (left y-axis, composite score) versus model com-
plexity (right y-axis, log-scaled parameter count) across varying backbone widths to
evaluate Pareto-optimal configurations.

4.2.3 Phase 2 & 3: Screening and confirmation

Phase 2 evaluates architectural modules against a baseline median using a restricted
hyperparameter budget designed for the elastic tuning window, described in sec-
tion 3.3.3. The screening threshold proved highly permissive: only Cross-Cylinder
Attention failed to outperform the baseline at k = 1, while all fourteen candidates
advanced at k = 10 (table 4.5).

Phase 3 subjects these candidates to cross-validated confirmation (section 3.3.4),
revealing a performance divergence between forecasting horizons. For short-term
horizons (k = 1), only Multiscale TCN maintains statistical significance (d, =
—0.79,p < 0.01). On the other hand, long-term horizons (k = 10) yield five highly
significant structural improvements (p < 0.001): STanh Activation (d, = —6.30),
LayerNorm LSTM (d, = —2.00), Temporal Diff (d, = —1.50), Squeeze-Excitation
(d, = —1.47), and GLU Head (d, = —1.21).

The distinction between Phase 2 pass rates (93-100%) and Phase 3 confirmation
rates (7% for k = 1; 36% for k = 10) highlights substantial single-trial selection
noise in the screening phase. Most notably, Physics Residual easily cleared Phase
2 but severely degraded accuracy under repeated cross-validation (d, ~ +18.5 and
+22.6). These dynamics motivate the dual-phase validation pipeline as an essential
filter against false positives introduced by single-optimization variance.
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Table 4.5: Phase 2 & 3 — Module screening metrics and confirmatory significance
(k=1: nets = 10 | k£ = 10 : ngyes = 7). Performance improvements are indicated
by Ap, > 0(composite units) and Cohen’s d, < 0.

Offset k=1 Offset k=10

Module Component Apy p-value Cohen’s d, Apy p-value Cohen’s d,
Structural Gating

Cyl Gate Diagonal 0.374 0.7442 0.208 0.503 0.3372 -0.159

Temporal Diff 0.347 0.5914 0.073 0.444 < 0.001 -1.496*
Sequence Architecture

Cross Cyl Attn -0.364 — — 0.391 0.9985 1.121

GRU Backbone 0.884 0.9846 0.683 1.045 > 0.999 2.285

LayerNorm LSTM 0.347 > 0.999 1.869 0.873 < 0.001 -1.998***

Multiscale TCN 1.131 0.0066 -0.785**  0.967 0.9999 1.387

Zoneout 0.009 > 0.999 4.360 0.064 0.8285 0.358
Channel Attention

Attention Bridge 1.049 0.1101 -0.388 0.746 > 0.999 1.492

Global Avg Pool 0.924 0.5116 0.009 0.925 0.9863 0.834

Squeeze-Excitation 0.805 > 0.999 1.959 0.303 0.0001  -1.468***
Physics Constraint

Physics Residual 0.220 >0.999  18.548 0.446 > 0.999 22.638
Output Head

Deeper Head 1.717 0.6110 0.089 0.215 0.9824 0.796

GLU Head 1.227 > 0.999 2.212 0.252 0.0007 -1.213"*

STanh Activation 1.342 > 0.999 1.852 29.148 < 0.001 -6.300***

**p < 0.01, **p < 0.001 (one-tailed paired t-test). Bold entries indicate confirmed positive archi-
tectural components.

4.2.4 Phases 4 & 5: Joint optimization and unconstrained
discovery

To evaluate the efficacy of the individual-merit filtering used in Phase 3, the pipeline
divides into two distinct architectural synthesis strategies. Phase 4 executes a con-
strained joint optimization, re-opening only the verified components from Phase 3
alongside deferred hyperparameters to test for mutual synergy. Conversely, Phase 5
bypasses the Phase 3 filter entirely, exposing the complete unconstrained 2"V mod-
ule space to the TPE. This tests if individually discarded components form highly
synergistic pairs when toggled jointly, utilizing a warmup trial initialized from the
Phase 4 winner to guide the search toward established high-performance regions.

Offset-dependent component selection: As shown in table 4.6, component se-
lection frequencies reveal structural preferences heavily dependent on the prediction
horizon k. Multiscale TCN (M;) serves as a foundational component for short-
horizon tasks (k = 1), retaining a dominant selection affinity across both Phase 4
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(70.6%) and Phase 5 (79.3%). Conversely, Temporal Differencing (M3) and Stanh
Activation govern long-horizon tasks (k = 10). This division aligns with each mod-
ule’s intrinsic inductive bias: M,y captures high-frequency local dynamics essential
for next-step accuracy, whereas M3 enforces low-frequency physical anchoring to
mitigate cumulative drift over extended sequences. Notably, auxiliary loss func-
tions (Correlation and Focal Loss) achieved moderate selection frequencies under
the constrained space of Phase 4 but dropped to minimal or zero affinity in Phase
5. This suggests these loss modules acted as performance surrogates to compensate
for an artificially restricted architectural space rather than providing fundamental
optimization utility.

Table 4.6: Architectural component selection frequency among all candidate mod-
els explored in Phases 4-5. Values denote the percentage of runs containing the
corresponding component at each prediction horizon. Mean affinity represents the
average selection frequency across all four evaluation groups.

Phase 4 Phase 5
Component k=1 k=10 k=1 k=10 Mean Affinity
Temporal Diff 0.0% 76.5% 68.3% 83.0% 56.9%
Stanh Activation 0.0% 76.5% 29.3% 73.0% 44.7%
SWA 70.6% 23.5% 40.2% 41.1% 43.9%
Multiscale TCN 70.6% 0.0% 79.3% 17.0% 41.7%
Attention Bridge 23.5% 0.0% 73.2% 42.6% 34.8%
Correlation Loss 23.5% 23.5% 20.7% 17.0% 21.2%
Focal Loss 29.4% 23.5% 14.6% 15.6% 20.8%
LayerNorm LSTM  0.0% 23.5% 51.2% 7.8% 20.6%
Squeeze-Excitation  0.0%  23.5% 20.7% 18.4% 15.7%
Deeper Head 0.0% 0.0% 354% 14.9% 12.6%
Zoneout 0.0%  0.0% 14.6% 35.5% 12.5%

Unconstrained synergy vs. incremental filtering: Evaluating the final con-
figurations on the holdout set (Dpolqout) reveals the clear advantage of unconstrained
search profiles (table 4.8). For the long-term horizon (k = 10), both phases inde-
pendently converged on identical parameter counts and highly similar architectures
leveraging Msj, confirming that the Phase 3 significance filter successfully isolates
dominant long-horizon modules. However, the limitation of incremental filtering is
exposed at k = 1. In this domain, Phase 5 discovered a highly synergistic four-
module topology (M, My, M3, Mg) that was structurally inaccessible to Phase 4.
This complex composition drove a 52.3% reduction in the composite score (Scomposite
falling from 0.001145 to 0.000546), proving that multi-component interactions can
vastly outperform individually optimal selections.
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Table 4.7: Module identifiers

ID Module ID Module
M; Attention bridge My Squeeze excitation
My Multiscale TCN Ms  Zoneout

Ms  Temporal differencing Mg LayerNorm

Table 4.8: Consolidated architecture, size, and performance metrics for Holdout
models. Percentages in parentheses indicate the relative change (parameter growth
vs. error reduction) compared to the baseline mean values.

(a) Offset k=1

Metric Holdoutpy Holdoutps
Active Modules Moy My, My, M3, Mg
Parameters 677,572 (+70.7%) 703,527 (+77.3%)
FP32 (MB) 2.7103 2.8141
Scomposite 0.001145 (—87.6%) 0.000546 (—94.1%)
MAE (mm/s) 1.117 (—22.8%) 1.083 (—25.2%)

(b) Offset £ =10

Metric Holdoutpy Holdoutps
Active Modules M;3 M3z, Ms
Parameters 1,197,319 (+0%) 1,197,319 (+0%)
FP32 (MB) 4.7893 4.7893
Scomposite 0.0593 (—33.8%) 0.0535 (—40.3%)

MAE (mm/s)  10.33 (=20.2%)  10.28 (—20.6%)

Point accuracy vs. trajectory regularization: The holdout results reveal an
engineering trade-off between absolute point-wise error and physical consistency,
particularly at & = 10. Individual trials within Phase 5 (e.g., Trial 71) achieved the
lowest raw physical error (MAE,,,s = 10.10mm/s) by employing M; in isolation,
outperforming the final holdout model by a marginal 0.18 mm/s. However, the cross-
validated Holdout model combines temporal differencing with zoneout (Ms, Ms),
securing a significantly superior composite score (0.0535 vs. 0.0602). This demon-
strates that the inclusion of Ms; introduces a stochastic regularization effect that
compromises only a sub-millimeter fraction of raw point-wise accuracy. In turn,
it promotes structurally smoother, physically consistent trajectory derivatives over
extended forecasting windows.

Crucially, the raw physical error magnitude scales near-linearly with the temporal
horizon, rising from ~ 1mm/s at k = 1 to & 10mm/s at k = 10 across the holdout
evaluations. This uniform scaling highlights a predictable baseline of temporal error
compounding across both optimization strategies.
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Structural complexity and downstream memory footprints: An analysis of
model footprints across phases reveals that performance gains do not scale quadrat-
ically with physical parameter weights or memory overheads (table 4.8). At k =1,
the four-module synergy discovered in Phase 5 increases the parameter baseline by
only 3.8% (677,572 to 703, 527 parameters) while cutting the overall composite score
in half. This decoupling demonstrates that the unconstrained search space promotes
a superior regularized topology, capturing trajectory and derivative stability with a
completely negligible difference in raw point-wise MAEpys.

4.2.5 Phase 6: Knowledge distillation and compression

As hardware limitations imposed by edge ECUs are strict the evaluation of KD,
LPQAT and QAT are highly interesting to get an indication of wether hardware
deployment is feasible. Utilizing the holdout winners from the two respective target
offsets k=1 and k=10, presented in table 4.8, as teacher models to evaluate the
tradeoff between performance and complexity. The complete results are presented
in table 4.9, while the trade-offs between parameter scale, MAE and Scomposite are
visualized below in fig. 4.5 and 4.6
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Figure 4.5: Size optimization profile for the £ = 1 target offset formulation, il-
lustrating the trade-off between model parameter count (bars, log scale), pre- and
post-compression MAE (left subplot, log scale), and the resulting multi-objective
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Size Optimization Profile - k=10 Target Offset
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Figure 4.6: Size optimization profile for the £ = 10 target offset formulation,
detailing the scaling behavior of MAE (left, log scale) alongside Scomposite ighlighting
Pareto-optimal deployment candidates (right).

Evaluation of target offset k=1 For the short-term horizon k=1 the com-
pression suite yields promising results. As the errors for both Teacher P4 (MAE =
0.001117) and P5 (MAE = 0.001083) are exceptionally low, the relative performance
decrease incurred via distillation and quantization translate to negligible absolute
deviations in mm/s.

As illustrated in fig. 4.5(left), the student variations learns to operate within the
same region as the teacher, clearly visible by the pre-and post MAE illustrations.
The A_u64 and B__ LPT(Q variants distilled from the P4 teacher emerge as com-
petitive options, enforcing a ~ 73.1% reduction in parameter density and a ~ 74.5%
reduction in storage size at a minimal relative error penalty of +10.47%.

Architecturally, the P4 topology demonstrates superior distillation stability at this
horizon, restricting MAE inflation more effectively than the P5 counterparts (+10.47%
vs. +15.97%). Conversely, the P5 students exhibits superior computational effi-
ciency where the P5 A u32 variant minimizes computational overhead to a group-
bound minimum of 2.093 x 10 MACs.

A structural insight is highlighted when analyzing computational scaling across hori-
zons: the k = 1 student networks are significantly more computationally intensive
than their £ = 10 equivalents, demanding approximately 2.6 x more MACs for the
P4 A 432 model and nearly 4x for the P5 variant. This indicate that tighter tem-
poral constraints demand structurally or computationally denser modules to map
the underlying system dynamics accurately. However, the flat profiles observed in
the composite scores (Figure 4.5, right) indicate that if an error increase of ~ 40% is
acceptable, these representations can be trimmed down further to match the £ = 10
compute signatures.
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Table 4.9: Merged P6 family-winner results. MACs are reported in millions (M).
Relative MAE change (A%) is calculated against each respective Teacher base-
line. For student variants: bold indicates the best variant for that specific teacher;
bold 4+ underline indicates the absolute best variant across the entire k& group.

(a) Results for k£ =1

Variant MAE A MAE (%) Params Size (MB) Prec. MACs (M)
Teacher P4 0.001117 Baseline 677572 2.7103 FP32 31.281
A u32 0.001388 +24.26 53604 0.2144 FP32 2.486
A u64 0.001234 +10.47 181956 0.7278 FP32 8.409
B_LPTQ 0.001234 +10.47 181956 0.6905 INTS8 8.409
C_QAT 0.001287 +15.22 676676 0.9793 INTS8 31.281
C_u64_ QAT  0.001529 +36.88 181572 0.2834 INTS8 8.409
Teacher P5 0.001083 Baseline 703527 2.8141 FP32 26.488
A u32 0.001562 +44.23 61996 0.2480 FP32 2.093
A ub64 0.001256 +15.97 213972 0.8559 FP32 6.834
B_LPTQ 0.001256 +15.97 213972 0.6290 INTS8 6.834
C_QAT 0.001293 +19.39 702628 0.7178 INTS8 26.488
C_u64 QAT  0.001652 +52.54 213588 0.2220 INTS 6.834

(b) Results for £k = 10

Variant MAE A MAE (%) Params Size (MB) Prec. MACs (M)
Teacher P4 0.010333 Baseline 1197319 4.7893 FP32 45.198
A u32 0.015068 +45.82 24228 0.0969 FP32 0.958
A ub4 0.013891 +34.43 84292 0.3372 FP32 3.257
B_LPTQ 0.013891 +34.43 84292 0.2814 INTS8 3.257
C_QAT 0.013161 +27.37 1196804 2.7793 INTS 45.198
C_u64_QAT  0.015792 +52.83 84164 0.1849 INTS8 3.257
Teacher P5 0.010275 Baseline 1197319 4.7893 FP32 18.984
A u32 0.015471 +50.57 24228 0.0969 FP32 0.549
A u64 0.014072 +36.95 84292 0.3372 FP32 1.619
B_LPTQ 0.014072 +36.95 84292 0.2814 INTS8 1.619
C_QAT 0.013147 +27.95 1196804 2.7793 INTS8 18.984
C_u64_ QAT 0.016125 +56.93 84164 0.1849 INTS8 1.619

Evaluation of target offset k=10 At the long term offset k=10, the interplay
between network capacity, accuracy, and execution cost becomes nuanced, creating
distinct optimization trajectories based on deployment criteria:

1. Lean edge deployment: For scenarios where storage footprint is the pri-
mary constraint, the A u32 variant represents the absolute minimum bound-
ing case. It shears away ~ 98% of the baseline parameter matrix, yielding an
lightweight footprint of 0.0969 MB, though this pruning incurs a degradation
in accuracy (4+45.82% MAE for P4, +50.57% MAE for P5).

2. Accuracy-preserving deployment: When predictive capacity cannot be
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compromised, the C__ QAT paradigm proves optimal. By retaining the base-
line structural capacity while quantizing to INTS, it limits MAE inflation to
+27.37% (P4) and 4+27.95% (P5), as reflected by the dips in the post-MAE
curve in Figure 4.6 (left).
The most prominent architectural finding at & = 10 is the structural efficiency
introduced by the Phase 5 baseline. Teacher P5 trims baseline MAC requirements
by over 58% relative to P4 (18.984 M vs. 45.198 M). This computational reduction
propagates directly to its compressed descendants, allowing the P5 A 132 variant
to achieve a minimal computational load of 0.549 x 106 MACs.

Compatibility and hardware verification A part of this study was evaluating
compliance with edge hardware constrained by memory and computational budget.
While the non-pruned C'_ QAT configurations (2.7793 MB) exceed memory thresh-
old at k = 10, intermediate compression configurations successfully reconcile this
constraint. Specifically, the B LPTQ (0.2814 MB) and C'_u64_ QAT (0.1849 MB)
variants satisfy several hardware-induced limitations while maintaining balanced er-
ror characteristics. Simultaneously, the computational throughput constraints are
considered, as the drastic reduction in MACs across both horizons—culminating in
the ultra-low 0.549 x 105 MAC footprint for k& = 10, significantly eases the runtime
scheduling overhead on the edge hardware.

At the £ = 1 horizon, compliance is even less constrained. High-fidelity models such
as B__LPTQ (0.6290-0.6905 MB) and the accuracy-focused C'_ QAT model derived
from Teacher P5 (0.7178 MB) are close to the hardware allocation.

Crucially, the performance advantages realized by the Phase 5 architecture do not
impose downstream deployment overhead. The architectural centerpiece of Phase
5—Zoneout regularization—functions strictly as a train-time constraint. It guides
gradient convergence and optimizes the underlying structural representation during
training, but adds zero inference variables or computational latency during edge
execution. Consequently, the optimal compressed variants developed in Phase 6
successfully preserve the modeling advantages of Phase 5 within the target hardware
constraints.

4.3 Evaluation of the optimal hybrid configura-
tion

Based on the comparative analysis, the Hybrid architecture demonstrated the high-
est potential due to its balance of superior prediction accuracy, compact model size,
and low computational overhead. This section provides a detailed evaluation of
the top-performing Hybrid model configurations across two distinct time horizons
(offsets k=1 and k=10). Detailed specifications of the model configuration and
architecture can be found in section B.1. The model’s performance is analyzed us-
ing cylinder-specific prediction versus ground truth trajectories, error distribution
profiles, and model complexity metrics.

The prediction profiles for the free-air digging duty cycle are illustrated in fig. 4.7a,
showing cylinder velocity over elapsed time. The trajectory begins with independent
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joint actuation, followed by simultaneous multi-axis movement. The Hybrid model
demonstrates robust tracking accuracy under both operating conditions, closely
aligning with the ground truth during isolated and concurrent cylinder maneuvers.
Similarly, fig. 4.7b displays the corresponding tracking performance during an auto-
grading operation. This duty cycle induces significant velocity oscillations, partic-
ularly within the bucket cylinder. Despite these dynamic disturbances, the model
maintains high predictive fidelity and accurately tracks the oscillatory behavior.

4.4 Evaluation on physical machine data

The models were evaluated on physical machine data logged via the Speedgoat target
computer (section 3.1.1.2). The objective was twofold: to assess model performance
on real-world data containing complex soil-tool interactions, and to evaluate gener-
alization capabilities across different excavator platforms. This cross-model evalua-
tion was necessary because the simulation environment modeled a Volvo EC210F,
whereas the real-world data was collected from an ECR145F. These evaluations
directly address RQ3. The following subsections present the performance of the
standard Hybrid model (section 4.4.1) followed by an evaluation of the fine-tuned
variant using transfer learning (section 4.4.2).

4.4.1 Standard Hybrid TCN-LSTM (offset=10)

The architecture selected for this evaluation was the top-performing Hybrid TCN-
LSTM configuration previously analyzed in section 4.3 (detailed specifications are
provided in section B.1). In this section, this model is referred to as the "standard
Hybrid" denoting that it was trained exclusively on simulation data. Running infer-
ence with this model on real machine data introduces both a sim-to-real gap and a
platform mismatch. The results indicate that the standard Hybrid model struggles
to accurately predict the dynamics of the physical excavator, yielding significantly
lower performance compared to its evaluation on pure simulation data. This be-
havior is illustrated in the prediction versus ground truth comparison (fig. 4.8) and
the corresponding error distribution plot (fig. 4.9). The error distribution reveals
a high frequency of both minor and significant tracking errors. Furthermore, the
distribution curve is noticeably skewed, indicating that the model suffers from a
persistent steady-state error.

4.4.2 Fine-tuned hybrid model

The subsequent results evaluate the Hybrid model after it was fine-tuned on physical
machine data using transfer learning (section 3.4). These results demonstrate a sub-
stantial improvement in tracking real-world excavator dynamics. This indicates that
the Hybrid architecture can successfully generalize across different excavator mod-
els, confirming that viable sim-to-real deployment is achievable when leveraging a
limited amount of real-world data for fine-tuning. As shown in the prediction versus
ground truth plot (fig. 4.10), the predictive capability of the model improves sub-
stantially after fine-tuning. This is further supported by the error distribution plot
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Prediction vs Ground Truth (2163 samples, offset=10)
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(a) Free-air digging operation.
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Figure 4.7: Prediction versus ground truth trajectories for the Hybrid TCN-LSTM

model (offset=10) under simulated conditions.

57



4. Results

Prediction vs Ground Truth (2200 samples, offset=10)
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Figure 4.8: Inference on real world data, standard Hybrid (offset=10)
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Figure 4.9: Error distribution, standard Hybrid (offset=10)
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4. Results

(fig. 4.11), where the residuals are tightly concentrated around zero with negligible
skew, confirming that the systematic tracking bias has been largely mitigated.

Prediction vs Ground Truth (2200 samples, offset=10)
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Figure 4.10: Inference on real world data, fine-tuned Hybrid (offset=10)

4.4.3 Model variant comparison

A direct performance comparison between the Standard Hybrid model and the Fine-
Tuned Hybrid variant is compiled in table 4.10. Both architectures were evaluated
using an identical, previously unseen dataset captured directly from physical ma-
chine operations to ensure an unbiased validation of their generalization capabilities.
The empirical results reveal that the Fine-Tuned Hybrid model achieves a sweep-
ing and significant performance advantage across all evaluated metrics and cylinder
channels. By utilizing a constrained subset of physical operational data for local-
ized domain adaptation, tracking errors are significantly mitigated. Specifically, the
MAE for the Boom, Arm, and Bucket is restricted to just 1.7 mm/s, 3.1 mm/s, and
4.0 mm/s, respectively. This represents an error reduction of over 50% across the
board compared to the baseline Standard Hybrid configuration.

The impact of fine-tuning is most pronounced in the tracking stability of the high-
inertia components. The Boom channel’s coefficient of determination (R?) sees a
increases significantly, climbing from 0.7862 to 0.9737. Furthermore, the drastic
compression of the 95th and 99th percentile errors (P95 and P99) demonstrates
that fine-tuning effectively eliminates severe transient prediction spikes during un-
expected operational maneuvers. These findings indicate that while base physics-
informed models establish a reasonable foundation, a targeted sim-to-real calibration
phase is mandatory to achieve the millimeter- and centimeter-scale tracking preci-
sion required for real-world automated excavator deployment.
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Figure 4.11: Error distribution, fine-tuned Hybrid (offset=10)

Table 4.10: Performance metric comparison between the fine-tuned hybrid and
standard hybrid (offset=10).

Model Variant Cylinder MSE MAE R? P95 P99

(m?/s%) — (m/s) (m/s)  (m/s)

Standard Boom 0.000078  0.0066  0.7862 0.0162  0.0281
Arm 0.000167  0.0083  0.9476  0.0270  0.0519

Bucket  0.000236  0.0091 0.9097 0.0321  0.0517

Fine-Tuned  Boom 0.000010 0.0017 0.9737 0.0062 0.0130
Arm 0.000030 0.0031 0.9906 0.0108 0.0222

Bucket 0.000059 0.0040 0.9774 0.0154 0.0312
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Discussion

This chapter evaluates the empirical findings of this study, analyzing the engineer-
ing trade-offs, performance constraints, and practical deployment implications of
the developed data-driven frameworks. The discussion details the outcomes of the
feature selection and training phases, followed by an analysis of the EDP regard-
ing its performance and capabilities. Finally, the chapter addresses the operational
constraints encountered during virtual Simulink integration and physical testing on
the excavator.

5.1 Feature selection

Determining the optimal input feature configuration required balancing model com-
plexity against predictive capability. To accurately predict future excavator veloci-
ties over an extended look-ahead horizon, the input space had to contain not only
the instantaneous kinematic state but also predictive indicators of upcoming dy-
namic changes. Initially, evaluating a high-dimensional feature set containing over
100 candidate signals resulted in excessive training times without yielding measur-
able improvements in prediction accuracy. This finding motivated a targeted feature
reduction strategy focused on eliminating highly collinear variables and isolating the
primary drivers of system dynamics.

Identifying signals with high informational density is critical for expanding the
model’s look-ahead horizon. While the current analysis confirms that pilot pres-
sures provide the most significant predictive information regarding future cylinder
velocities, alternative control signals could offer additional foresight. For instance,
utilizing direct joystick control currents was considered; however, this signal is inher-
ently limited to manual operations. Because manual joystick inputs are bypassed
or modified during active semi-autonomous functions, pilot pressures represent a
more versatile and reliable foundation for the EDP, as they consistently reflect the
actual hydraulic commands regardless of whether the machine is operated manually
or autonomously.

5.2 Training and optimization suite

The progression from baseline variance decomposition to unconstrained multi-module
discovery highlights a coupling between data composition, forecasting horizons, and
architectural capacity. Synthesizing the empirical findings across all six optimiza-
tion phases yields core insights for high-dimensional physical time-series modeling
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and edge deployment.

5.2.1 Selection noise and multi-split validation

Phase 0 established that data-split variance (ogpt) systematically dominates initial-
ization variance (0geq) by an order of magnitude. This volatility explains the sharp
performance divergence observed between the Phase 2 screening and Phase 3 con-
firmation stages. While the permissive, single-trial screening in Phase 2 passed 93%
to 100% of the candidate modules, the cross-validated confirmation rate in Phase 3
collapsed to just 7% for k = 1 and 36% for k = 10.

The Physics Residual module exemplifies this vulnerability. Although favored during
individual optimization runs, it severely degraded model accuracy under rigorous
cross-validation (d, ~ +18.5 to +22.6). Contrary to the theoretical expectations,
forcing the network to isolate unmodeled physical residuals suggests that domain-
specific inductive biases caused overfitting to the localized sequence compositions
of individual data splits. This underscores the necessity of multi-split gating over
single-split HPO to prevent structural false positives.

5.2.2 Horizon-dependent inductive biases

Optimal network topology is intrinsically bound to the target forecasting horizon
(k). In Phase 1, the structural advantage of the Hybrid TCN-LSTM backbone over
standalone models at £ = 1 diminished to a negligible < 0.0009 composite units
at k = 10, suggesting that fixed baseline inductive biases offer decaying utility as
cumulative physical complexity scales over time.

Phase 3 results confirm this trend. For short-term predictions (k = 1), the baseline
Hybrid model operates near its local performance ceiling, with only the Multiscale
TCN module achieving statistical significance. Conversely, the long-term horizon
(k = 10) yielded five significant structural improvements (p < 0.001). This shift
indicates that long-range forecasting cannot rely solely on raw backbone capacity,
instead it demands explicit structural regularization, such as the amplitude bounding
of STanh Activation (d, = —6.30) or the feature stabilization of LayerNorm LSTM
(d, = —2.00), to mitigate error compounding across extended temporal spans.

5.2.3 Feature versus architecture-driven generalization

A compelling point of synthesis is the decoupled success of Feature Group 2 (FG2).
While architectural modifications and backbone scaling remained sensitive to se-
lection noise and forecasting horizons, integrating explicit pressure time-derivatives
(A pressure) delivered a robust performance premium across all models and evaluation
phases.
This behavior reveals a clear optimization hierarchy:
1. Maximizing the predictive quality of the input signal via targeted feature en-
gineering provides a baseline of generalization that transcends specific model
mechanics.
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2. Architectural fine-tuning acts as a secondary layer of optimization that must
be strictly tailored to the temporal constraints of £, minimizing the need to
scale raw architectural complexity.

5.2.4 Evaluating regularization trade-offs via composite scor-
ing

The near-linear scaling of physical error relative to the forecasting horizon—increasing
from ~ 1 mm/s at k = 1 to ~ 10 mm/s at k = 10—uncovers a limitation in standard
autoregressive or direct multi-step training paradigms. This drift indicates that re-
lying exclusively on point-wise loss functions (such as standard MAE or MSE) fails
to sustain trajectory continuity over longer horizons.

This tracking deficit validates the utility of the multi-objective composite score
(Scomposite). Traditional validation metrics frequently favor configurations like Phase
5’s Trial 71, which optimized raw point-wise accuracy (MAE,ys = 10.10 mm/s) at
the expense of trajectory continuity. By incorporating regularized derivative con-
straints (Pos, Pog), the optimization suite selected the M3+ Ms ( Temporal Differenc-
ing and Zoneout) topology. Though this pairing sacrificed a nominal, sub-millimeter
margin of instantaneous point accuracy (0.18 mm/s), it preserved the macro-level
physical validity of the predicted trajectory.

5.2.5 Nonlinear synergy and the pitfalls of sequential filter-
ing

The structural divergence between Phase 4 and Phase 5 exposes a defect in se-
quential ablation pipelines, which assumes that a module must demonstrate stan-
dalone merit to justify its inclusion. Phase 5’s discovery of the four-module topology
(My, My, M3, Mg) at k = 1 refutes this linear assumption. Individually, modules like
the Attention Bridge (M) and LayerNorm (Mg) failed to reach significance in Phase
3, yet when optimized concurrently in an unconstrained search space, they formed
a cooperative network that halved the composite error score.

This nonlinear synergy reveals a “masking effect” in isolated testing, where an in-
ductive bias is suppressed unless paired with complementary feature stabilization or
attention mechanisms. This interplay is underlined by the behavior of the auxiliary
loss components. In Phase 4’s restricted search space, Correlation Loss and Focal
Loss maintained moderate selection affinities, acting as optimization surrogates to
artificially compensate for a limited topology. Once Phase 5 removed these struc-
tural boundaries, affinity for these complex loss configurations collapsed to near-
zero. Specialized optimization objectives often act as structural crutches; when a
network achieves authentic topological synergy, the underlying learning dynamics
are naturally regularized.

5.2.6 Topological coordination versus pure capacity scaling

Early baseline developments highlighted severe diminishing returns when scaling
network size: doubling the hidden layer capacity (from 128 to 256 units) inflated
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the memory footprint while yielding an engineering premium of only ~ 1 mm/s.
This dynamic reflects a common pitfall: attempting to resolve unmodeled physical
variations by increasing raw capacity.

The unconstrained search in Phase 5 provides a powerful alternative to brute-force
scaling. At k£ = 1, rather than inflating the backbone dimensions, the framework
introduced a multi-module coordination that expanded the parameter baseline by
a negligible 3.8% (677,572 to 703,527 parameters). Despite this minimal footprint
expansion, the model realized a 52.3% reduction in the composite error metric while
keeping raw point-wise MAE flat. This decoupling demonstrates that physical time-
series networks do not necessarily require more parameters to capture system dy-
namics; instead, they require strategically arranged pathways capable of routing
temporal features across varying scales and attention boundaries.

5.2.7 Compression dynamics and edge deployment frontiers

Phase 6 translates these coordinated topologies into hardware-realizable configura-
tions, mapping the Pareto efficiency frontier between model scale and metric ac-
curacy. The evaluation of alternative compression pipelines demonstrates that the
structural choices made during HPO directly dictate the downstream compression
success.

Standard knowledge distillation successfully condenses the macro-level behavior of
the optimal teacher model into a low-capacity student architecture, verifying that the
student can absorb the regularized temporal routing discovered in Phase 5. However,
PQT highlights a precision vulnerability: restricting quantization strictly to linear
operators introduces localized quantization noise that disrupts the sub-millimeter
tracking accuracy.

This limitation is overcome by quantization-aware training. By incorporating fake-
quantization observers across both temporal convolutional and linear layers during
fine-tuning, the optimization suite actively learns to counter precision drop-offs.
QAT forces the network to preserve teacher-level trajectory stability and composite
scores under a rigid INTS8 execution format. This data-driven pipeline proves that
model scale can be aggressively compressed without sacrificing physical validity, pro-
vided that structural coordination is optimized globally before hardware-precision
boundaries are enforced.

5.3 Excavator dynamics predictor performance

This section evaluates the predictive accuracy of the trained architectures across
varying temporal horizons, analyzes link-specific kinematic behaviors, and assesses
the model’s adaptability when transferring from simulation to real-world operational
data.

5.3.1 Look-ahead horizon and predictive limitations

The models demonstrated high accuracy when predicting a single time step (k =
1, representing a 10 ms look-ahead horizon), routinely achieving a combined MAE

64



5. Discussion

of < 1mm/s. However, single-step prediction rely heavily on the instantaneous
cylinder velocity as a dominant indicator, since physical system states cannot change
significantly within a 10ms window. From a control systems perspective, a 10 ms
predictive horizon is too short to counteract the inherent hydraulic actuation delays.
To be practically viable for predictive control loops, the look-ahead horizon must
extend beyond these core system delays.

Consequently, multi-step predictions were evaluated using both direct k-step ahead
prediction and sequential horizon tracking, with the direct approach yielding the
highest accuracy. The models trained on a 10-step look-ahead horizon (100 ms)
maintained a reliable precision of < 10 mm/s MAE. However, extending the horizon
to 20 steps (200ms) resulted in a rapid accuracy degradation. This performance
drop aligns with the prior temporal lag analysis, which indicated that the informa-
tional density of the input signals decays significantly beyond a 20-sample threshold.
While a 10-step prediction provides a viable window for enhancing vehicle control
capabilities, longer prediction steps remain a key objective for future optimization.

5.3.2 Inertial delays and temporal precedence

The inherent time delay between control signal command and physical actuator
movement varies significantly across the excavator’s kinematic chain. The VAC
team at CPAC Systems has documented an actuation delay longer than our current
prediction horizon (100 ms), specifically for the boom cylinder, primarily due to the
large physical mass and inertia it must manipulate. In theory, this suggests that
boom dynamics could be anticipated further into the future. The large physical
lag of this cylinder likely explains why the model achieved its highest predictive
accuracy on the boom channel, as the control inputs possess a longer window of
temporal precedence relative to the physical output.

However, this systemic delay is nonlinear and highly inconsistent during operations.
The dead time varies depending on the operational context, such as whether the
actuator is stationary, accelerating continuously, or undergoing rapid directional re-
versals. While these transient variations complicate the mapping function, the neural
network architectures implicitly capture these nonlinearities during training.

5.3.3 Actuator variance and kinematic predictability

A clear hierarchy emerged regarding prediction accuracy across the individual links,
with the boom cylinder achieving the highest precision, followed by the arm, and
lastly the bucket. This performance gap is directly attributable to the varying
kinematic profiles of each component. The boom experiences the lowest average
velocities and accelerations because it is constrained by a massive mechanical inertia.
This slower, more continuous motion naturally increases its predictability over longer
look-ahead horizons.

In contrast, the bucket cylinder operates with minimal inertia, enabling rapid ve-
locity transients and high accelerations. Because the bucket undergoes sudden,
high-frequency state changes, its future trajectories are significantly more difficult
for a data-driven model to accurately project over extended time horizons.
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5.3.4 Transfer learning and fine-tuning

Utilizing transfer learning to fine-tune the models on real-world data resulted in
accurate predictions when running inference on unseen physical excavator data.
This demonstrates that the model possesses strong generalization capabilities, as a
foundation trained purely on simulation data from one machine could be adapted
to a different machine model using a limited amount of real-world data.

However, a direct consequence of this fine-tuning was that the models’ performance
on the original simulation data degraded. Whether this performance drop is caused
by the discrepancy between the two excavator models or the broader differences
between simulation and reality remains uninvestigated, and it is likely a combination
of both. The results clearly indicate that a model trained solely on simulation
data generalizes poorly to real-world data, while a model optimized for real-world
conditions loses its accuracy when placed back into the simulation environment.
Additionally, the simulation environment completely omitted soil-tool interactions,
thereby excluding a significant portion of a physical excavator’s operational dynam-
ics. These interactions are highly nonlinear and unpredictable, varying drastically
depending on the specific characteristics of the material being manipulated. While
the simulation training data was restricted entirely to "free-air" motions, the phys-
ical logged data included a combination of both free-air maneuvers and active soil
operations to capture these missing external load characteristics.

However, because the available real-world dataset was recorded using only a single,
uniform type of soil, the current results do not definitively confirm whether the
EDP can maintain its predictive performance across diverse terrain compositions.
Consequently, it remains unverified whether a single, generalized data-driven model
can achieve high accuracy across a broad spectrum of material properties, or if the
fine-tuning process inherently specializes the model weights to the specific material
profile encountered during data logging.

This divergence highlights that a simulation environment, despite its high fidelity,
cannot perfectly replicate all real-world characteristics and unmodeled disturbances.
These results underscore the importance of sim-to-real transfer and demonstrate that
testing in physical environments remains a necessity for validation. Ultimately, the
findings confirm that a viable model can be established in simulation and subse-
quently adapted for physical deployment with minimal real-world data.

5.4 Simulink deployment and execution efficiency

The model was integrated into the Simulink environment by exporting and importing
the architecture via the ONNX format, as described in section 3.6, enabling the
model to generate predictions directly within the simulation loop. However, utilizing
the MATLAB 2021b environment introduced significant execution speed limitations.
While the Deep Learning Toolbox has advanced in newer software iterations, the
legacy version available in MATLAB 2021b caused the simulation to execute slowly
when the prediction model was active. Because this Simulink environment serves
as the primary testing platform for the VAC team at CPAC Systems to validate
control features, this reduction in simulation speed presents a practical challenge for
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daily development workflows.

A clear correlation was observed between model size and execution latency. Large
models with higher parameter counts and multiply-accumulate operations (MACs)
caused substantial simulation delays. Conversely, shallower architectures with lower
computational footprints had a significantly smaller impact on execution speed.
Combined with the strict hardware constraints of onboard microcontrollers, these
results highlight the critical importance of model compression techniques, such as
quantization and knowledge distillation. Implementing these methods is essential
not only to maintain viable simulation speeds during desktop development and test-
ing but also to meet the execution requirements for final deployment on physical
machine hardware.

5.5 Future work

While the developed EDP successfully demonstrates the viability of data-driven
plant modeling, several engineering challenges must be addressed before real-world
deployment. Future development should focus on closing the sim-to-real gap, opti-
mizing the model for embedded hardware, and integrating the framework into active
control and diagnostic loops. The following sections outline the key research avenues
proposed to advance this work:

5.5.1 Domain adversarial training for balanced simulation
and reality

While fine-tuning the EDP on real machine data corrects tracking errors, it de-
grades the model’s performance in the Simulink simulation. To prevent the model
from specializing too much in one environment, future work could explore Domain
Adversarial Neural Networks. This training method forces the neural network to
learn features that are common to both environments. During training, the model
is penalized if its internal layers can distinguish whether the data originates from
the simulator or the real machine. Implementing this technique would ensure that
a single set of model weights stays accurate and useful for both virtual development
and real-world deployment.

5.5.2 Onboard adaptive fine-tuning via meta-learning

The current transfer learning setup relies on offline calibration using a static dataset.
However, physical excavators operate in dynamic environments where soil conditions
change continuously. To allow the model to adapt in real time, future work should
explore meta-learning frameworks like Model-Agnostic Meta-Learning (MAML). In-
stead of training the EDP for one specific setup, MAML optimizes the model so it
can adapt to new dynamics with only a few updates. Deployed onboard, a MAML-
initialized model could look at a brief window of recent sensor data and quickly
adjust its weights on the fly, maintaining high accuracy as the machine switches
between different soil types.
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5.5.3 Hardware-aware optimization

The current optimization suite uses Optuna to minimize prediction errors without
fully considering hardware limits. To ensure that the model can run on resource-
constrained embedded ECUs, future work should implement Hardware-Aware Neu-
ral Architecture Search (HW-NAS). This approach modifies the optimization frame-
work to use a multi-objective cost function that balances accuracy against execu-
tion speed and model size. By evaluating networks this way, the system can find
a Pareto-optimal front. This allows engineers to easily choose a model that pro-
vides the highest possible accuracy while still running fast enough to fit within the
machine’s strict real-time control loops.

5.5.4 Anomalous load and fault detection diagnostics

An accurate, fine-tuned EDP can also be used for onboard vehicle diagnostics. Be-
cause the model learns exactly how a healthy machine behaves during standard
digging, it can act as a real-time anomaly detector. Future research could imple-
ment a monitoring system that constantly compares actual sensor readings with the
EDP’s predictions. Normally, the error between the two should stay close to zero.
A sudden, large jump in this error would indicate a problem. This could be used to
flag external issues, like striking buried infrastructure, or internal hardware faults,
such as hydraulic leaks, sticking valves, and sensor drift.

5.5.5 Integration into model predictive control frameworks

The ultimate goal of the EDP is to serve as the internal plant model for MPC.
To move the model from a standalone predictor into an active control loop, future
work must focus on extending its look-ahead horizon. Since hydraulic cylinders
have significant delays, the EDP needs to reliably predict states further into the
future than the current 100 ms window. Future research should explore stable multi-
step rollout methods that match the controller’s full optimization horizon without
accumulating tracking errors.

Additionally, standard linear MPC solvers cannot handle the non-linear dynamics
captured by a neural network. Future development will require integrating the EDP
with a Non-linear MPC solver. This involves setting up the control loop so the
solver can quickly run forward predictions through the TCN-LSTM model, check
them against safety constraints, and output optimal cylinder commands. Success-
fully merging the EDP with an MPC loop will allow the machine to proactively
compensate for hydraulic lag and dead-zones, leading to smoother and more effi-
cient automated digging.
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Conclusion

This thesis successfully demonstrated the development, optimization, and testing
of a data-driven Excavator Dynamics Predictor for heavy machinery automation.
Developed in collaboration with CPAC Systems AB, this framework addresses a
key challenge in modern electro-hydraulic control design: the need for accurate, fast
plant models that can predict complex, nonlinear machine behavior in real time.
By testing a variety of deep learning models for sequence data, this research iden-
tified an optimal neural network setup for hydraulic plant modeling, connecting to
research question RQ3. A hybrid TCN-LSTM architecture achieved the best over-
all performance in prediction, while compacting the network to a manageable size.
The hybrid architecture combines the local feature extraction of temporal convolu-
tions with the continuous sequence-tracking capabilities of recurrent memory cells,
which successfully kept an accuracy of a few mm/s (MAE) over 100 ms look-ahead
horizons.

The automated optimization suite developed with Optuna simplified the model se-
lection workflow, finding efficient network configurations within a large hyperpa-
rameter search space. This multi-phase search strategy handled data noise by using
strict cross-validation over multiple data splits. This testing prevented the selection
of over-fitted components which looked promising in single-trial tests but actually
hurt the model’s ability to generalize to new excavator variants. Additionally, the
global search showed that neural networks do not need to be scaled up blindly with
more hidden units to capture complex physical behaviors. Instead, optimizing with
baseline complexity constraints to cut the composite prediction error by 94.1—40.3%
(k=1 and k=10 respectively).

The inclusion of physics-based modules (RQ1) did not inherently improve the perfor-
mance of the EDP, and in some cases, actively reduced its predictive accuracy. This
outcome does not necessarily mean that physics-aware or grey-box models generally
perform worse in this domain. Instead, it likely indicates that the specific physical
properties and simplified equations used did not provide the network with enough
high-fidelity information. Despite these findings, incorporating physics-based pre-
dictions remains a promising area for future development. Grounding data-driven
models in first-principles physics can provide useful structural direction, potentially
enhancing the system’s ability to generalize across unseen operating conditions and
different excavator variants.

The practical value of the EDP was validated through real-world data benchmarks,
providing insights into how the model handles unseen operating conditions and
new excavator variants (RQ2). Although a reality gap exists due to unpredictable
soil-tool interactions and simulation errors, a two-phase fine-tuning schedule proved
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effective. This transfer learning strategy showed that a base model trained on sim-
ulated free-air data can be adapted to physical data using a limited amount of
operational logs, which speeds up calibration for a new excavator variant (RQ4).
Importantly, the study mapped out the trade-offs between model size and predic-
tion accuracy to meet the strict hardware limits of an industrial excavator micro-
controller. While full-sized models would cause computational delays on the ve-
hicle, compressing the chosen network using knowledge distillation combined with
quantization-aware training resulted in a model with only 24 K parameters (down
from 1.2M). This implementation fits within the target 500 KB RAM allocation
and performs with an accuracy of 1.6cm/s (MAE) on simulation data. However,
the number of MACs would still be too large to fit within the amount of clock cycles
available on the current microcontroller unit.

Ultimately, this work confirms that well-optimized, data-driven plant models of-
fer a strong alternative to traditional system identification methods. When paired
with hardware-aware compression, these models provide a fast, scalable foundation
for digital twins and future predictive control systems, marking a step forward for
autonomous excavation.
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A

Signals mapping reference

This appendix provides a reference for all signals utilized throughout this study. Ta-
ble A.1 documents the relationship between the raw signals logged in the simulation
and through the Speedgoat and their corresponding physical hydraulic components,
actuator kinematics, or operator inputs.



A. Signals mapping reference

Signal Name Physical Variable & Component

Kinematics

CylvVels_1 Boom cylinder velocity
CylVels_2 Arm cylinder velocity
CylVels_3 Bucket cylinder velocity
CylAcc_1 Boom cylinder acceleration
CylAcc_2 Arm cylinder acceleration
CylAcc_3 Bucket cylinder acceleration

Main Actuator Hydraulic Pressures

CylPressures_1 Boom cylinder piston-side pressure (P4)
CylPressures_2 Arm cylinder piston-side pressure (Pj4)
CylPressures_3 Bucket cylinder piston-side pressure (Py)
CylPressures_5 Boom cylinder rod-side pressure (Pp)
CylPressures_6 Arm cylinder rod-side pressure (Pp)
CylPressures_7 Bucket cylinder rod-side pressure (Pp)

Primary Joystick Pilot Pressures

BmUp Boom pilot pressure (Raise)

BmDwn Boom pilot pressure (Lower)

AmIn Arm pilot pressure (Retract)

AmQut Arm pilot pressure (Extend)

BktIn Bucket pilot pressure (Curl)

BktOut Bucket pilot pressure (Dump)
Conflux Pilot Pressures

BmUpConf Boom conflux pilot pressure (Raise)
BmDwnConf Boom conflux pilot pressure (Lower)
AmInConf Arm conflux pilot pressure (Retract)
AmOutConf Arm conflux pilot pressure (Extend)
BktInConf Bucket conflux pilot pressure (Curl)
BktOutConf Bucket conflux pilot pressure (Dump)

Table A.1: Mapping of logged controller signal names to physical excavator kine-
matics and hydraulic components.
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B. Models presented in Results

Models presented in Results

B.1 Hybrid TCN-LSTM (offset=10)

Input Shape Output Shape Param #

ExcavatorHybridTCNLSTM [1, 50, 45] [1, 3]

|-Sequential: 1-1 [1, 30, 50] [1, 32, 50] -

| \-TemporalBlock: 2-1 [1, 30, 50] [1, 256, 50] -

| | \-Sequential: 3-1 [1, 30, 50] [1, 256, 50] 220,672
| | \-Convid: 3-2 [1, 30, 50] [1, 256, 50] 7,936
| \-TemporalBlock: 2-2 [1, 256, 50] [1, 128, 50] --

| | \-Sequential: 3-3 [1, 256, 50] [1, 128, 50] 147,968
| | \-Convid: 3-4 [1, 256, 50] [1, 128, 50] 32,896
| \-TemporalBlock: 2-3 [1, 128, 50] [1, 64, 50] --

| | \-Sequential: 3-5 [1, 128, 50] [1, 64, 50] 37,120
| | \-Convid: 3-6 [1, 128, 50] [1, 64, 50] 8,256
| \-TemporalBlock: 2-4 [1, 64, 50] [1, 32, 50] --

| | \-Sequential: 3-7 [1, 64, 50] [1, 32, 50] 9,344
| | \-Convid: 3-8 [1, 64, 50] [1, 32, 50] 2,080
| -Sequential: 1-2 [1, 30, 50] [1, 32, 50] --

| \-TemporalBlock: 2-5 [1, 30, 50] [1, 256, 50] --

| | \-Sequential: 3-9 [1, 30, 50] [1, 256, 50] 220,672
| | \-Convid: 3-10 [1, 30, 50] [1, 256, 501 7,936
| \-TemporalBlock: 2-6 [1, 256, 50] [1, 128, 50] --

| | \-Sequential: 3-11 [1, 256, 50] [1, 128, 50] 147,968
| | \-Convid: 3-12 [1, 256, 50] [1, 128, 50] 32,896
| \-TemporalBlock: 2-7 [1, 128, 50] [1, 64, 50] -

| | \-Sequential: 3-13 [1, 128, 50] [1, 64, 50] 37,120
| | \-Convid: 3-14 [1, 128, 50] [1, 64, 50] 8,256
| \-TemporalBlock: 2-8 [1, 64, 50] [1, 32, 50] --

| | \-Sequential: 3-15 [1, 64, 50] [1, 32, 50] 9,344
| | \-Convlid: 3-16 [1, 64, 50] [1, 32, 50] 2,080
|-LSTM: 1-3 [1, 50, 64] [1, 50, 256] 329,728
| -Dropout: 1-4 [1, 50, 256] [1, 50, 256] --

| -TemporalAttentionPool: 1-5 [1, 50, 256] [1, 256] --

| \-Linear: 2-9 [1, 50, 256] [1, 50, 1] 257
|-CylinderFeatureGate: 1-6 [1, 512] [1, 512] 3,072
| -ModuleList: 1-7 -- -- --

| \-Sequential: 2-10 [1, 512] [1, 64] --

| | \-Linear: 3-17 [1, 512] [1, 64] 32,832
| | \-ReLU: 3-18 [1, 64] [1, 64] -

| | \-Linear: 3-19 [1, 64] [1, 64] 4,160
| | \-RelLU: 3-20 [1, 64] [1, 64] --

| \-Sequential: 2-11 [1, 512] [1, 64] --

| | \-Linear: 3-21 [1, 512] [1, 64] 32,832
| | \-RelLU: 3-22 [1, 64] [1, 64] --

| | \-Linear: 3-23 [1, 64] [1, 64] 4,160
| | \-ReLU: 3-24 [1, 64] [1, 64] --

| \-Sequential: 2-12 [1, 512] [1, 64] --

| | \-Linear: 3-25 [1, 512] [1, 64] 32,832
| | \-ReLU: 3-26 [1, 64] [1, 64] --

| | \-Linear: 3-27 [1, 64] [1, 64] 4,160
| | \-ReLU: 3-28 [1, 64] [1, 64] --

| -ModuleList: 1-8 -- -- -

| \-Linear: 2-13 [1, 64] [1, 1] 65

| \-Linear: 2-14 [1, 64] [1, 1] 65

| \-Linear: 2-15 [1, 64] [1, 1] 65
|-STanh: 1-9 [1, 3] [1, 31 3

Total params: 1,376,775
Trainable params: 1,376,775
Non-trainable params: 0O
Total mult-adds (M): 22.50

Input size (MB): 0.01
Forward/backward pass size (MB): 0.49

Params size (MB): 2.19
Estimated Total Size (MB)

Table B.1: Model Architecture - Hybrid TCN-LSTM (offset=10)
v



B. Models

presented in Results

B.1.1 Components and Hyperparameters

window_size
target_variable
target_mode

load_physics_features

physics_variant
prediction_horizon
target_offset
test_size
random_state
csv_subset
startup_skip
feature_groups
augment_enabled
augment_window_shift
window_shift_max
augment_time_warp
time_warp_strength

arch

variant

units

num_layers
dropout_rate
use_physics_base
lambda_residual
lambda_phys
head_hidden_layers
use_cross_cyl_attn
use_cyl_gate
cyl_gate_type
use_temporal _diff
use_velocity_skip
kernel_size
num_channels
use_multiscale_tcn
use_glu_head
use_gru_backbone
use_layernorm_lstm
use_zoneout
zoneout_rate
use_se_block
se_reduction
use_gap
use_attention_bridge
bridge_heads

50
velocity
delta
True
force

600
feature_groups_lean_acc_dp.json
False

False

Hybrid
hybrid_tcn_lstm
256

4
0.016987413933211414
False

1.0

0.0

2

False

True

diagonal

False

False

3

(64, 32)

True

False

False

False

False

0.1

False

batch_size
max_grad_norm
weight_decay
criterion:
type
huber_delta
weight_power
adaptive_weights
adaptive_blend
adaptive_max_ratio
uncertainty_guided
use_focal
focal_gamma
smoothness_weight
derivative_weight
correlation_weight
scheduler:
enabled
type
factor
patience
min_1r
threshold
warmup_epochs

enable_worst_error_metrics

tracking_metric
fitness_mode
fitness_tail_n
robust_fitness_alpha
robust_fitness_beta

robust_use_history_proxy

num_workers
use_amp

pin_memory
persistent_workers

True
plateau
0.5

5

1le-07
0.0001
0

True
phys_mae
robust
3

0.5
0.005
True

2

True
True
True



B. Models presented in Results

early_stopping_patience 8
horizon_decay 1.0
sensor_jitter_std 0.02
use_swa False
swa_lr 0.0001

output_activation stanh
stanh_init_a 2.5
stanh_min_a 1.01
stanh_max_a 5.0

VI
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