
P
e
M
F

A

K
A
R
D
P
P
P

1

i
o
h
T
p
w
t
T
w
o
t
m
w
e
m

h
R

Simulation Modelling Practice and Theory 145 (2025) 103208 

A
1
(

 

Contents lists available at ScienceDirect

Simulation Modelling Practice and Theory

journal homepage: www.elsevier.com/locate/simpat  

hysics-informed data-driven modeling of rock motion dynamics in 

xcavation using a high-fidelity simulator
ohammad Heravi ∗, Amirmasoud Molaei , Reza Ghabcheloo

aculty of Engineering and Natural Sciences, Tampere University, Korkeakoulunkatu 7, Tampere, 33720, Finland

 R T I C L E  I N F O

eywords:
utonomous excavation
ock motion dynamics
ata-driven modeling
hysics engine simulation
redictive model
hysics-informed neural networks

 A B S T R A C T

In this paper, the problem of predicting the motion of large rocks during excavation is addressed. 
During excavation, complex interactions are observed among the excavator bucket, rock, and 
soil, which are not effectively captured using analytical models due to nonlinearities and 
unknown phenomena. To address this, a physics-informed, data-driven framework is proposed, 
in which a predictive model of the rock dynamics is learned using data obtained from a high-
fidelity physics-based simulator. Specifically, a physics-informed neural network is employed, 
structured as a multilayer perceptron that receives the state variables and control inputs from a 
fixed-length temporal window. A kinematic constraint is incorporated into the loss function 
to enforce physical consistency. The model is trained and evaluated using data from 200 
experiments. The effect of the look-back window length is examined, and a window length 
of two is found to yield the minimum prediction error. The prediction error distributions are 
statistically evaluated for different soil and rock scenarios, as well as across different prediction 
horizons (1–20). The model’s accuracy is shown to be within the desired threshold.

. Introduction

Construction is regarded as one of the largest industries worldwide, supporting the development of roads, foundations, vital 
nfrastructures, as well as mining operations [1,2]. In this field, excavators are frequently used as primary earth-moving machinery 
wing to their versatility and multi-tasking abilities [3]. A standard hydraulic excavator, depicted in Fig.  1, is mainly powered by a 
ydraulic transmission system and consists of three principal components: the traveling body, swing body, and front manipulator. 
his manipulator comprises a boom, an arm, and a bucket interconnected by three revolute joints [4]. The versatility of excavators 
roves particularly crucial for large-scale open-pit mining, where entire rock faces may be blasted, and also on construction sites, 
here large rocks may be partially embedded among smaller stones and soil [5]. Removing and relocating these sizable rocks—either 
o dump trucks or other designated areas—is a challenging operation requiring the skill and knowledge of experienced operators [6]. 
herefore, automation in excavation tasks offers the potential to mitigate operator shortages while decreasing operational costs as 
ell as reducing the high fatality rates commonly associated with heavy machinery usage in construction sites [2,7]. The process 
f rock excavation can be divided into three distinct stages, as depicted in Fig.  2. In the first stage, the bucket is placed behind 
he rock. During the second stage, the distance 𝑟𝑅, defined as the distance between the center of bucket and the rock’s center of 
ass, is progressively decreased. Excavation is considered successful once the distance 𝑟𝑅 is reduced below the threshold 𝑟𝑆 , after 
hich the rock is scooped in the third stage. In this study, the entire sequence is referred to as ‘‘rock excavation’’, with particular 
mphasis given to the second stage. Experimental data collected from human-operated excavations are utilized to train predictive 
odels that estimate the motion of rock during excavation tasks.
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Fig. 1. A standard hydraulic excavator and its different parts [4].

Fig. 2. The rock excavation task proceeds in three stages: (A) positioning the bucket behind the rock, (B) using the data-driven model to 
precisely control bucket motion, reducing the distance 𝑟𝑅 between bucket and rock, and (C) executing a scooping action once 𝑟𝑅 decreases below 
the threshold 𝑟𝑆 [6].

In the literature on autonomous excavation, a range of methodologies have been proposed to improve productivity, enhance 
energy efficiency, and optimize excavator control across diverse soil conditions [8–11]. However, most research efforts focus 
primarily on efficient bucket-filling practices, and only a limited number of studies directly investigate excavation tasks involving 
rocks [6]. The behavior of large rocks significantly differs from that of homogeneous soil or gravel, thus necessitating different 
control objectives. Unlike homogeneous materials, which permit continuous excavation, individual rocks require precise bucket 
positioning and careful handling.

Although excavation of single rocks using excavators is recognized as a challenging task [5,12,13], to the best of our knowledge, 
aside from the methods proposed in [6,14], no other approaches have been introduced. In [14], autonomous rock excavation is 
implemented using if–then rules. These rules mimic skilled operators and are calibrated on a one-fifth-scale LUCIE prototype in 
mostly homogeneous sandy soil. No explicit model of bucket–soil interaction is used. Rule-based controllers are not robust and 
lack adaptability to changing conditions. Also, the effect of different soil types is not systematically investigated. In [6], a Gaussian 
process regression model combined with an unscented Kalman filter is proposed. The approach is implemented on a laboratory 
UR10e manipulator fitted with a 3D-printed bucket designed specifically for rocks sized 7.5–15 cm. The evaluation is conducted 
using a single type of granular soil. However, the model is limited to planar motion, the robustness to varying soil properties is not 
examined, and performance in multi-step-ahead prediction–essential for trajectory planning–is neither quantified nor discussed.
2 
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A significant challenge in autonomous rock excavation arises from the complex interactions occurring between the bucket and 
the soil, which are extremely difficult to model accurately. Moreover, the fundamental physical mechanisms underlying soil-rock 
excavation are still not fully understood, thereby highlighting substantial barriers that need to be addressed for achieving reliable 
autonomous systems [12]. Additional complexity of this problem lies in the presence of unknown parameters, such as properties of 
the rocks and soil. While approximate rock volume estimates might sometimes be available, properties such as the rock’s precise 
shape and mass are typically unknown. Furthermore, terrain unevenness and unknown characteristics of the soil introduce further 
uncertainties into the excavation scenario.

As stated in [15], capturing a rock using a bucket can be considered analogous to a non-prehensile manipulation problem in 
robotics. In non-prehensile manipulation, a bucket or another comparable tool guides the object, in this case, a rock, along a desired 
trajectory through interactions with the surrounding environment. In recent years, data-driven approaches have been demonstrated 
to effectively address challenges associated with non-prehensile manipulation problems [16]. Specifically, a model-based control 
approach is introduced in [17], where the dynamics of planar pushing are learned through Gaussian processes and integrated into 
a model predictive control (MPC) framework. With this approach, accurate trajectory tracking is achieved, requiring as few as 10
training data points. Additionally, [18] proposes a recurrent neural network trained with visual inputs, effectively capturing the 
history of push interactions to estimate the object’s center of mass and determine suitable push actions. This method achieves over 
97% success in simulations and consistently succeeds during experiments on real robots after only a limited number of attempts.

Deep learning techniques are widely used in data-driven dynamical modeling for different applications such as non-prehensile 
manipulation [16]. Due to the short duration of a rock excavation task, it is advantageous to use models that perform better on a 
limited temporal horizon. Different studies have found that, when only a short history is available, multilayer perceptrons (MLPs) 
exhibit lower prediction errors compared to recurrent architectures like LSTMs [19–21]. MLPs also offer greater computational 
efficiency, resulting in shorter training and inference times compared to more complex RNN architectures [22]. This computational 
advantage makes MLPs especially well-suited to deployment in real-time scenarios [23]. Furthermore, numerous studies have 
demonstrated that embedding physical priors into neural networks—commonly referred to as physics-informed neural networks 
(PINNs)—can constrain and enhance model training within a feasible solution space [24–27].

However, training data-driven models typically demands extensive data collection, which proves challenging when performed 
directly on physical robotic platforms. To mitigate this issue, several studies turn to physics-based simulation environments to 
provide sufficient training data [16]. Popular examples of these simulators include Bullet Physics, MuJoCo, the Open Dynamics 
Engine (ODE), NVIDIA PhysX, and Havok [28]. While simulators like PhysX, Havok, and ODE often lack adequate precision for 
high-accuracy applications [28], Bullet Physics and MuJoCo also face limitations when modeling interactions involving soft or 
granular materials [29].

It has been demonstrated by [30] that a multi-scale terrain simulation approach based on AGX Dynamics [31] accurately 
reproduces excavation forces and soil displacements within an error margin of 10–25% compared to high-resolution models while 
maintaining real-time computational performance. Additionally, a simulation environment known as TERA, created using Unity3D 
and AGX Dynamics, has been developed by [32], delivering accurate modeling of excavator–terrain interactions and supporting 
scalable simulations. Furthermore, in bucket-filling scenarios, a simulation-to-reality gap of only approximately 10% has been 
reported by [33], and the integration of AGX Dynamics-based simulations with learned world models has enabled optimized 
sequential loading operations, as shown by [34]. Taken together, these studies confirm that AGX Dynamics effectively provides 
the necessary accuracy and computational performance needed for the simulation of autonomous excavation activities.

Rock excavation involves significant challenges arising from uncertain rock shapes and masses, unknown soil characteristics, 
and intricate interactions among rock, soil, and bucket, which are difficult to analytically model. In response to these challenges, 
a PINN is proposed in this paper, leveraging high-fidelity rock excavation scenarios simulated using AGX Dynamics. The primary 
contributions of this paper are as follows:

• A PINN is designed to predict rock motion dynamics during excavation in 3D space, with kinematic-consistency constraints 
embedded in the loss function; thus, the out-of-plane motion neglected by the planar Gaussian-process surrogate in [6] is 
recovered.

• The model is evaluated under different soil conditions and rock geometries; error-propagation over horizons up to 20 steps is 
analyzed, and the prediction accuracy is shown to remain below the desired threshold. The effect of different soil conditions 
for this application have not been studied before [6,14].

The remainder of this paper is structured as follows. In Section 2, the problem formulation is presented and the architecture of the 
proposed data-driven model is detailed. In Section 3, the implementation, data collection, validation, and analysis of the developed 
model under several rock and soil scenarios are discussed. Finally, conclusions drawn from the study and recommendations for 
future research are provided in Section 4.

2. Methodology

2.1. Problem formulation

In this section, a framework for predicting rock motion in excavation tasks is introduced. Rock motion prediction during 
excavation is considered challenging, as traditional physical models, such as terramechanics-based methods [35], often fail to 
3 
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Fig. 3. The rock removal setup in AGX Dynamics.

accurately capture the complex interactions and uncertain parameters involved. Additionally, the excavation process is intrinsically 
stochastic; under similar conditions, the outcome of rock capture is not deterministic, and the success of capturing a particular rock 
may vary across trials [6]. It is important to emphasize that this study is dedicated to the development of a model for the motion 
dynamics of the rock, without the purpose of presenting any planning or control algorithms.

For simplicity, our research study focuses on scenarios involving a single rock whose volume is smaller than that of the bucket and 
whose geometric shape fits entirely within the bucket. These rocks are considered larger than the individual soil grains surrounding 
them, though still smaller than the bucket itself. While some rocks might be deeply buried and thus require excessive digging forces, 
the present work is limited to cases where rocks are sufficiently exposed to allow direct excavation without extreme effort. It should 
be acknowledged that the excavation of multiple small rocks is regarded as a scooping task [36]. Consequently, the modeling of the 
motion of small rocks during excavation is beyond the scope of this discussion.

The simulation setup implemented in AGX Dynamics is illustrated in Fig.  3, where the excavator is placed to initiate stage (B) 
of the previously discussed excavation process (see Fig.  2). Within this simulation environment, all relevant variables are measured 
according to the ‘‘base coordinate frame’’, which is attached to the excavator’s base as indicated in Fig.  3. While the rock is allowed 
to freely move in 3D space, the bucket’s motion is confined within the 𝑦–𝑧 plane in the present study. To formalize the dynamics 
describing rock motion, the following state variables are introduced: 

𝐬 =
[

𝑥𝑟𝑏 𝑦𝑟𝑏 𝑧𝑟𝑏 𝑟𝑥 𝑟𝑦 𝑟𝑧
]𝑇 (1)

The state vector comprises two primary components. The first component, [𝑥𝑟𝑏 𝑦𝑟𝑏 𝑧𝑟𝑏
]𝑇 , indicates the position of the rock’s 

center of mass with respect to the center of the bucket, expressed in the base coordinate frame. The second component is the unit 
vector 𝐫 =

[

𝑟𝑥 𝑟𝑦 𝑟𝑧
]𝑇 , representing the orientation along the rock’s longest dimension, also expressed in the base coordinate 

frame. Describing the rock’s rotation using this unit vector (whose components satisfy the constraint defined in Eq.  (2)) presents 
a simplifying assumption: any rotation around the rock’s longest axis is neglected. The individual elements of the state vector are 
depicted schematically in the 𝑥–𝑦 and 𝑦–𝑧 plane views in Fig.  4. The unit vector orientation is constrained to satisfy: 

‖

‖

‖

[

𝑟𝑥 𝑟𝑦 𝑟𝑧
]𝑇
‖

‖

‖2
= 1, (2)

where ‖ ⋅ ‖2 denotes the Euclidean norm (i.e., the 𝓁2 norm). In this study, the bucket motion is restricted to the 𝑦–𝑧 plane, resulting 
in a total of three degrees of freedom. Consequently, the control input vector is introduced as follows: 

𝐮 =
[

𝛥𝑦𝑏 𝛥𝑧𝑏 𝛥𝜃𝑏
]𝑇 . (3)

In this definition, the terms 𝛥𝑦𝑏 and 𝛥𝑧𝑏 denote displacements of the bucket along the 𝑦- and 𝑧-axes in the base coordinate frame, 
respectively, while 𝛥𝜃𝑏 refers to the change in the bucket’s orientation angle 𝜃𝑏, defined as rotation around the 𝑥-axis. These variables 
are visually illustrated in Fig.  4. The aim of this work is the development and training of a PINN capable of predicting the state 
vector 𝐬 based on the state and control inputs from a set of previous time steps.
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Fig. 4. State and control variables introduced in Eqs.  (1) and (3): (A) 𝑦–𝑧 plane; (B) 𝑥–𝑦 plane views.

2.2. Terminology and definitions

Key terms used throughout the paper are defined below to establish terminology and maintain consistent usage across sections.
Look-back window: the look-back window refers to the historical data that the model receives as input for prediction. It consists 

of a fixed number of the most recent states and control inputs that provide background regarding the evolution of the system up to 
the current time.

Prediction horizon: the prediction horizon refers to the extent into the future that the model is required to predict.
Time step: throughout the paper, ‘‘step’’ refers to a time step of the process/simulator, i.e., one discrete move forward in time.
Ground truth: ground truth refers to the reference data considered accurate and utilized to supervise training processes and 

validate model predictions. This data may originate from direct measurements, expert annotations, or verified simulations. 
Penalty term: during the training phase, a penalty term is incorporated into the cost function to promote favorable outcomes 

beyond simply fitting the data. Such penalties can enhance regularity (e.g., smoothness), ensure physical or geometric coherence, 
or discourage unrealistic predictions.

2.3. PINN architecture for rock motion dynamics

A PINN is used to model the complex, nonlinear relationships that characterize rock movement during excavation. The proposed 
PINN is an MLP augmented with a custom loss function to enforce a physical constraint. The proposed PINN architecture is 
specifically designed to incorporate temporal dependencies by employing a carefully selected look-back window spanning several 
previous time steps. Let 𝐱𝑡 represent the input vector at time step 𝑡, consisting of the state variables and corresponding control inputs 
collected over a look-back window of length 𝓁: 

𝐱𝑡 =
[

𝐬𝑡−𝓁∶𝑡 𝐮𝑡−𝓁∶𝑡
]𝑇 , (4)

where 𝐬𝑡−𝓁∶𝑡 corresponds to the set of state variables between time 𝑡 − 𝓁 to 𝑡, while 𝐮𝑡−𝓁∶𝑡 corresponds to the control inputs over 
the same interval. It should be noted that a look-back window of 𝓁 = 0 implies that only the current states and control inputs are 
employed. The vector 𝐲𝑡 represents the changes in state variables at step 𝑡, as defined in Eq.  (5). 

𝐲𝑡 =
[

𝛥𝑥𝑟𝑏,𝑡 𝛥𝑦𝑟𝑏,𝑡 𝛥𝑧𝑟𝑏,𝑡 𝛥𝑟𝑥,𝑡 𝛥𝑟𝑦,𝑡 𝛥𝑟𝑧,𝑡
]𝑇 . (5)

The relationship between successive state vectors 𝐬𝑡+1, 𝐬𝑡 and the state change 𝐲𝑡 is described by Eq.  (6). Given that the 𝓁2-norm of 
the last three elements of the state vector 𝐬 must remain equal to 1, these components are normalized as expressed in Eq.  (6). 

𝐬𝑡+1 =

⎡

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎣

𝑥𝑟𝑏,𝑡 + 𝛥𝑥𝑟𝑏,𝑡
𝑦𝑟𝑏,𝑡 + 𝛥𝑦𝑟𝑏,𝑡
𝑧𝑟𝑏,𝑡 + 𝛥𝑧𝑟𝑏,𝑡

𝑟𝑥,𝑡+𝛥𝑟𝑥,𝑡
𝑚

𝑟𝑦,𝑡+𝛥𝑟𝑦,𝑡
𝑚

𝑟𝑧,𝑡+𝛥𝑟𝑧,𝑡
𝑚

⎤

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎦

,

‖

[ ]𝑇
‖

(6)
𝑚 = ‖

‖

(𝑟𝑥,𝑡 + 𝛥𝑟𝑥,𝑡) (𝑟𝑦,𝑡 + 𝛥𝑟𝑦,𝑡) (𝑟𝑧,𝑡 + 𝛥𝑟𝑧,𝑡) ‖

‖2
.
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Table 1
Key parameters of SAND_1 and DIRT_1 materials used in the study.
 Parameter SAND_1 DIRT_1 Unit  
 Cohesion (bulk) 0.0 2100.0 Pa  
 Density 1474.0 1474.0 kg/m3 
 Maximum Density 1800.0 2000.0 kg/m3 
 Internal Friction Angle 0.68 0.70 rad  

The input and output vectors of the PINN are represented by 𝐱𝑡 and 𝐲̂𝑡, respectively, where 𝐲̂𝑡 is the estimate of 𝐲𝑡. The neural 
network function, parameterized by 𝛩, is denoted by 𝑓𝛩 and is defined in Eq.  (7): 

𝐲̂𝑡 = 𝑓𝛩(𝐱𝑡). (7)

The objective of the PINN training process is formulated as the minimization of a loss function consisting of two distinct components: 
a primary component that quantifies prediction errors and a secondary penalty term introduced to enforce physical constraints. The 
Mean Squared Error (MSE) is selected as the primary loss and is defined as follows: 

𝜹𝑡 ∶= 𝐲𝑡 − 𝐲̂𝑡, 𝜹𝑡 ∈ R6,

𝐐 ∶= diag
( 1
𝓁𝑏
, 1
𝓁𝑏
, 1
𝓁𝑏
, 1, 1, 1

)

,

primary = 1
6
𝜹𝖳𝑡 𝐐

2 𝜹𝑡,

(8)

where 𝜹𝑡 represents the prediction error, with 𝐐 making the first three translational components unit-less by dividing them by the 
bucket length 𝓁𝑏 = 1.3m. Also, using 𝓁𝑏 for scale normalization removes any hard-coding of rock-specific dimensions. Since the PINN 
outputs change of the state variables, a loss is introduced to enforce that these variables obey the constraint in Eq.  (2). According 
to [37], small changes applied to a unit vector must remain orthogonal to the vector itself. Therefore, the penalty term is defined 
as: 

𝑝𝑒𝑛𝑎𝑙𝑡𝑦 = (𝐫⊤𝛥𝐫)2, (9)

where 𝛥𝐫 =
[

𝛥𝑟𝑥,𝑡 𝛥𝑟𝑦,𝑡 𝛥𝑟𝑧,𝑡
]𝑇  represents change in orientation vector 𝐫 at time step 𝑡. This penalty ensures constancy of the 

𝓁2-norm of 𝐫 over successive predictions. The final loss function is a weighted combination of the primary prediction error and the 
penalty term: 

𝑡𝑜𝑡𝑎𝑙 = (1 − 𝛼)𝑝𝑟𝑖𝑚𝑎𝑟𝑦 + 𝛼𝑝𝑒𝑛𝑎𝑙𝑡𝑦 , (10)

where the weight 𝛼 ∈ [0, 1] controls the relative trade-off between achieving prediction accuracy and maintaining adherence to 
physical constraints.

3. Results

In this section, first, the experimental setup used for model training and evaluation is described. Then, the impact of selecting 
different values of the look-back window parameter, 𝓁, is systematically analyzed to determine its optimal value for predictive 
accuracy. Next, the performance of the model on the training conditions as well as different types of rock and soil scenarios is 
evaluated. Finally, the main observations and implications of these results are discussed.

3.1. Experiment setup

As previously discussed, a substantial amount of data is required for training models based on data-driven techniques; however, 
data collection directly from a real excavator is costly and time-consuming. To overcome these practical limitations, AGX Dynamics is 
employed as a simulation platform, within which relevant datasets are generated through manual operation (Fig.  5). The simulated 
excavator is modeled after a CAT® 365 machine, with a total mass of 66 t, a maximum operating reach of 14.4m, and a bucket 
capacity of 3.8m3. In this setup, the distance between the center of the bucket and the tip of the bucket is about 1.3m. Hence, 
the scooping threshold, 𝑟𝑆 in Fig.  2, of 0.5m ensures the successful excavation. In this study, two distinct soil types and two 
rock geometries are selected for the experiments. The two considered rock shapes, henceforth labeled Rx1 and Rx2, are shown 
in Fig.  6. The mass and maximum dimension of rock Rx1 are 558.59 kg and 1.04m, respectively, whereas rock Rx2 weighs 611.84 kg
and measures 1.27m in its largest dimension. Furthermore, compared to the rounder shaped Rx1, Rx2 exhibits a flatter geometry. 
Regarding soil types, two conditions (‘‘SAND_1’’ and ‘‘DIRT_1’’) from the terrain model library included in AGX Dynamics [38] are 
selected and illustrated in Fig.  7. In AGX Dynamics, the SAND_1 and DIRT_1 terrains are calibrated to match bulk behavior, and 
Table  1 reports important bulk properties. The calibration approach and details are described in [30,39,40].

To facilitate the training and evaluation of the proposed PINN, a total of 200 manual experiments are conducted across different 
rock geometries and soil conditions, designated as D1, D2, D3, and D4. A summary description of these datasets is provided in 
Table  2. Dataset D1, which includes Rx1 and SAND_1 conditions, is employed for training the model and determining the optimal 
6 



M. Heravi et al. Simulation Modelling Practice and Theory 145 (2025) 103208 
Fig. 5. The high-fidelity AGX Dynamics simulation setup employed for dataset generation.

Fig. 6. Two rock geometries utilized in simulation experiments: (A) Rx1, a round-shaped rock (558.59 kg), and (B) Rx2, a flatter rock (611.84 kg), 
demonstrating different shapes and mass distributions.

Table 2
A summary of the four datasets employed for model training and validation is provided, detailing the soil and rock 
types, number of trials, and experimental purpose.
 Dataset Name Soil Type Rock Type Number of Trials Purpose  
 D1 SAND_1 Rx1 170 Training the PINN and 

optimization of look-back 
window 𝓁

 

 D2 SAND_1 Rx1 10 Validation under the same 
rock and soil conditions as 
training

 

 D3 SAND_1 Rx2 10 Validation under a different 
rock condition

 

 D4 DIRT_1 Rx1 10 Validation under a different 
soil condition

 

look-back parameter, 𝓁. Dataset D2, which shares similar conditions with D1, is utilized to assess the trained model’s performance 
under identical training conditions. Conversely, datasets D3 and D4 — incorporating different rock and soil conditions, respectively 
— are used to evaluate the model’s accuracy in conditions not encountered during training. Throughout the experiment, both the 
state vector and the control inputs are collected at a constant sampling frequency of 10Hz. The average duration of each experiment 
is approximately 6.2 s. To ensure diversity of experimental conditions and enhance dataset richness, not all experiments conclude 
with successful rock excavation. Also, at the beginning of each experiment, the initial orientation of the rock is randomized.

The proposed PINN comprises 6 linear layers, with hidden layers consisting of 128, 512, 256, and 128 neurons, respectively. 
Layer normalization is applied between these hidden layers, and the Rectified Linear Unit (ReLU) activation function is employed 
throughout the entire network. Dataset D1, which corresponds to rock type Rx1 and soil type SAND_1, is used to train and test the 
7 
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Fig. 7. Soil types used in the experiments: (A) SAND_1 and (B) DIRT_1 both from the AGX Dynamics library [38].

Table 3
Summary of hyper-parameters used for 
training.
 Hyperparameter Value 
 Batch size 64  
 Optimizer Adam 
 Learning rate 0.001 
 Number of epochs 500  
 Penalty term coefficient 𝛼 in Eq.  (10) 0.1  

model. The dataset is split, with 80% reserved for training the model and the remaining 20% utilized for determining the optimal 
look-back window (𝓁) and monitoring training convergence. Data are processed using a batch size of 64 to increase computational 
efficiency and enhance resource utilization. The learning rate is set to 0.001, and the training is carried out for 500 epochs. The 
weight 𝛼, controlling the penalty term in Eq.  (10), is set to 0.1. This particular setting is determined through a grid search applied 
to dataset D1. Models are trained using 𝛼 ∈ {0, 0.05, 0.1, 0.2, 0.3} while maintaining consistent hyper-parameters, with 𝑡𝑜𝑡𝑎𝑙 serving 
as the criterion to select the most suitable 𝛼 value. Network parameters are optimized by Adam optimizer. A summary of these 
hyper-parameters is provided in Table  3. PyTorch is utilized for model implementation, benefiting from its effective and flexible 
support for complex neural network designs [41]. The training process is accelerated by GPU computations performed on an Ubuntu 
workstation equipped with an Intel Core i7-13700 CPU and an NVIDIA GeForce RTX 4080 GPU.

In this paper, multi-step (recursive) prediction is employed to assess model performance, as it highlights error accumulation. Let 
ℎ ∈ N denote the number of prediction steps ahead. At each time step, state predictions and control inputs of the current time step 
as well as those of a window of 𝓁 steps back are provided as inputs for the next time step. Thus, each new prediction depends on 
the prior outputs of the model, as follows: 

(𝐬𝑡−𝓁∶𝑡,𝐮𝑡−𝓁∶𝑡) → 𝐬̂𝑡+1,
([𝐬𝑡−𝓁+1∶𝑡 , 𝐬̂𝑡+1],𝐮𝑡−𝓁+1∶𝑡+1) → 𝐬̂𝑡+2,
⋮
{

([𝐬𝑡+ℎ−1−𝓁∶𝑡 , 𝐬̂𝑡+1∶𝑡+ℎ−1],𝐮𝑡+ℎ−1−𝓁∶𝑡+ℎ−1) → 𝐬̂𝑡+ℎ, ifℎ ≤ 𝓁 + 1

(𝐬̂𝑡+ℎ−1−𝓁∶𝑡+ℎ−1,𝐮𝑡+ℎ−1−𝓁∶𝑡+ℎ−1) → 𝐬̂𝑡+ℎ, ifℎ > 𝓁 + 1.

(11)

During the second stage of rock excavation, the goal is to minimize the distance between the bucket’s center and the rock’s mass 
center (see Section 1), while the orientation of the rock is not important. To focus specifically on how accurately the model predicts 
this relative position, a new metric is introduced. This metric calculates the 𝓁2-norm between the predicted position and the actual 
position of the rock after ℎ steps as follows: 

𝑒𝑡+ℎ =
√

(

𝑦̂𝑟𝑏,𝑡+ℎ − 𝑦𝑟𝑏,𝑡+ℎ
)2 +

(

𝑧̂𝑟𝑏,𝑡+ℎ − 𝑧𝑟𝑏,𝑡+ℎ
)2, (12)

where 𝑦𝑟𝑏,𝑡+ℎ and 𝑧𝑟𝑏,𝑡+ℎ denote the distances between the bucket and the rock along the 𝑦- and 𝑧-axes at time step 𝑡+ℎ, respectively, 
while 𝑦̂𝑟𝑏,𝑡+ℎ and 𝑧̂𝑟𝑏,𝑡+ℎ denote corresponding predictions provided by the neural network.

3.2. Choosing optimal look-back parameter

To accurately capture the temporal dependencies in rock motion dynamics, different look-back window sizes, denoted by 𝓁, are 
tested. Specifically, window sizes 𝓁 ranging from 0 to 5 are considered. For each of these values, a PINN is trained using dataset 
8 
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Fig. 8. Effect of varying look-back window size (𝓁) on the prediction error.

Fig. 9. Violin plots comparing prediction error distributions for each time-step horizon (1, 5, 10, 20) under three different scenarios—original 
training conditions (dataset D2), altered rock geometry (dataset D3), and different soil condition (dataset D4). The red line at 0.5m indicates the 
threshold used to determine successful rock capture.

D1, keeping hyper-parameters such as the number of hidden layers, learning rate, and batch size consistent across all tests. After 
training, the prediction performance is measured using the prediction error defined in Eq.  (12), specifically at a prediction horizon 
of ℎ = 1. The mean prediction errors for the different look-back window sizes are presented in Fig.  8. Based on these results, a 
window size of 𝓁 = 2 is found to be optimal. This choice provides enough historical information about the recent system states and 
control inputs without unnecessarily increasing model complexity. Therefore, 𝓁 = 2 is selected for use in all subsequent experiments 
due to its higher accuracy.

3.3. Model performance on different scenarios

By utilizing datasets D2, D3, and D4, each consisting of 10 experiments, the accuracy of the proposed model is assessed under 
three distinct scenarios: (i) original rock and soil conditions identical to those employed during model training, (ii) previously unseen 
rock geometry and mass, and (iii) significantly different soil characteristics. For each scenario, the prediction errors for various 
horizons, specifically ℎ ∈ {1, 5, 10, 20}, are computed using Eq.  (12). These error distributions across multiple prediction horizons 
and scenarios are illustrated through violin plots in Fig.  9. Each violin-shaped graphic illustrates the distribution of prediction errors 
during the 10 experiments for the corresponding scenario (datasets D2, D3, and D4) and prediction horizon (ℎ ∈ {1, 5, 10, 20}). The 
width of each violin plot at a given error magnitude indicates its probability density; broader sections reflect a higher density of 
data points at those specific error values. The embedded vertical boxes within the violins represent the interquartile range (IQR), 
9 
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encompassing the central 50% of the data (ranging from the 25th to the 75th percentile). Horizontal lines within these boxes denote 
the medians, highlighting the central tendency of the data. Furthermore, vertical lines, known as whiskers, extend beyond the boxes 
to illustrate the range of data, excluding extreme outliers. Lastly, the horizontal red line positioned at 0.5m denotes the threshold 
utilized for determining successful rock capture.

A central observation common across all scenarios is that lower prediction errors are consistently maintained by the model at 
shorter prediction horizons (from 1 to 5 steps ahead); however, an increase in errors is observed at extended horizons (from 10 to 20
steps ahead). This pattern is evident in Fig.  9, where the median errors for predictions of 1 and 5 steps ahead are comparatively lower, 
and the error distributions are notably denser at smaller values than those at longer horizons. An additional observation derived 
from Fig.  9 is that variations in soil conditions result in greater discrepancies compared to changes in rock geometry or mass. 
Specifically, in this figure, higher errors consistently appear in scenarios involving different soil conditions across all prediction 
horizons. These scenarios demonstrate higher median errors and distributions shifted towards larger values relative to the other 
examined cases. According to Fig.  9, the prediction errors remain below the designated threshold across all scenarios and horizons, 
except for predictions made 20 steps ahead under varying soil conditions for few time steps during the 10 corresponding experiments.

3.3.1. Temporal error analysis: Baseline
In Fig.  10, the predicted and actual distances between the bucket and the rock along the 𝑦- and 𝑧-axes, as well as the 

corresponding prediction errors for various horizons, are illustrated for a randomly selected episode out of 10 from dataset D2. 
In this figure, 𝑦𝑟𝑏 and 𝑧𝑟𝑏 represent the distances between the bucket and the rock over time, displaying predictions for multiple 
horizons alongside the ground truth. These predictions are generated recursively according to the scheme in Eq.  (11). As depicted in 
Figs.  10(A) and 10(B), these distances progressively approach zero, indicating successful rock capture by the end of the experiment. 
Additionally, predictions for the initial 3 time steps are excluded from the figures due to the chosen look-back window size of 
𝓁 = 2. These initial data points instead provide the basis for generating predictions 1, 5, 10, or 20 steps ahead. Given that the data 
collection frequency is 10Hz, the respective prediction horizons correspond to intervals of 0.1 s, 0.5 s, 1 s, and 2 s. As shown in Fig. 
10(C), prediction errors for shorter horizons (1- and 5-step-ahead) remain smaller compared to those at longer horizons (10- and 
20-step-ahead). Furthermore, the prediction errors consistently remain below 0.2m for all prediction horizons.

3.3.2. Temporal error analysis: Unseen rock
In Fig.  11, the actual versus predicted trajectories of the rock relative to the bucket along the 𝑦- and 𝑧-axes, as well as their 

corresponding prediction errors across multiple horizons, are presented for a single, randomly selected episode from dataset D3 
featuring an unseen rock geometry. According to Figs.  11(A) and 11(B), an increasing trend in the distance between the bucket and 
the rock over time is evident, signifying that the rock progressively moves away from the bucket during this particular experiment. 
Additionally, as indicated in Fig.  11(C), shorter-term predictions (1- and 5-step-ahead) demonstrate relatively lower errors compared 
to longer horizons (10- and 20-step-ahead). Despite this increased uncertainty over longer prediction horizons, the error magnitude 
consistently remains below 0.4m for all examined horizons. Figs.  10 and 11 show that the model prediction error is below the 
threshold across both successful and unsuccessful episodes.

3.3.3. Temporal error analysis: Different soil
In Fig.  12, the predicted and actual trajectories of the rock relative to the bucket along the 𝑦- and 𝑧-axes, as well as the 

corresponding errors for multiple prediction horizons, are illustrated for a randomly selected experiment from dataset D4, conducted 
under different soil conditions. According to Figs.  12(A) and 12(B), the distances do not converge to zero, meaning that the rock 
is not captured successfully. Also, the distances between the bucket and the rock fluctuate notably throughout the experiment, 
reflecting higher variability and more challenging dynamic interactions introduced by the altered soil properties. Moreover, it can 
be observed in Fig.  12(C) that predictions at shorter horizons (1- and 5-step-ahead) exhibit notably lower errors in comparison to 
longer horizons (10- and 20-step-ahead). Despite these increases, the prediction errors remain below 0.5m except for one sample 
time for 20-step-ahead horizon.

3.4. Discussion

In Fig.  9, the rock–bucket relative motion is shown to be accurately predicted by the proposed PINN for all evaluated horizons 
and operating conditions. The prediction errors are consistently maintained well below the 0.5m capture threshold, with the sole 
exception being at the 20-step prediction horizon under the different-soil scenario, where a limited number of outliers modestly 
surpass this threshold. Moreover, the observed reliability across previously unseen rock shapes and soil conditions indicates that 
the PINN captures a generalizable representation of rock dynamics rather than merely memorizing specific training trajectories.

The presented prediction accuracy carries two immediate implications in the context of control engineering. First, the developed 
model can directly serve as a computationally efficient yet accurate simulator suitable for extensive virtual experimentation. In 
particular, reinforcement learning (RL) agents can be trained using this simulation environment to identify excavation strategies 
without incurring safety hazards or the wear-and-tear expenses associated with real-world trials, thereby accelerating the iteration 
cycle involved in policy development and hyperparameter optimization. Second, the proposed predictive approach naturally aligns 
with the principles of MPC. In this framework, state predictions provided by the trained PINN can be utilized by an optimization 
layer to systematically generate control actions. Since the proposed PINN inherently captures nonlinear interactions, the result-
10 
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Fig. 10. Evaluation of the model under the same rock and soil conditions as in the training dataset, across different time horizons. (A) Prediction 
of position of rock relative to the bucket along the 𝑦-axis compared to ground truth, (B) Prediction of position of rock relative to the bucket 
along the 𝑧-axis compared to ground truth, and (C) Magnitude of the prediction error 𝑒𝑡+ℎ, defined in Eq.  (12), for horizons ℎ ∈ {1, 5, 10, 20} time 
steps.

ing MPC formulation explicitly considers transient contact phenomena typically overlooked by traditional terramechanics-based 
approximations.

As previously mentioned, higher prediction errors are observed for the different-soil scenario (dataset D4). This quantitative 
finding emphasizes the critical role of bucket–soil interactions, a point that was qualitatively recognized in earlier autonomous 
excavation research [8,9]. While varying rock characteristics were the primary concern of the study conducted by [6], the current 
results reveal that variability in soil conditions may exert an even more significant effect on rock dynamics and, consequently, on 
overall excavation controller performance.

Regarding the transferability of the trained model, several factors should be highlighted. First, the synthetic dataset is generated 
by the AGX Dynamics simulator, which is able to reproduce bucket-filling forces and trajectories within about 10% of what is 
measured in real machines [33]. Secondly, a considerable extent of randomization is implemented during data collection through 
the use of random initial orientations for the rock and a variety of manual experiments—some of which did not result in successful 
rock excavation. Third, a sensitivity analysis is carried out with a different rock shape and soil type. In this analysis, the median error 
for 20-step-ahead predictions increased by less than approximately 0.05m, as shown in Fig.  9. These results suggest that the model 
11 
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Fig. 11. Evaluation of the model for different rock condition over different time horizons. (A) Prediction of position of rock relative to the 
bucket along the 𝑦-axis compared to ground truth, (B) Prediction of position of rock relative to the bucket along the 𝑧-axis compared to ground 
truth, and (C) Magnitude of the prediction error 𝑒𝑡+ℎ, defined in Eq.  (12), for horizons ℎ ∈ {1, 5, 10, 20} time steps.

is able to generalize beyond the original training data and, by design, is rock- and soil-agnostic, rather than tied to prespecified rock 
sizes, geometries, or soil types. However, it should be noted that a full evaluation in real-world conditions is left for future work.

The precise determination of the center of mass of a rock presents significant challenges in practice due to factors such as 
occlusions and soil coverage, and this study does not aim to address the estimation of this variable. In future research, the proposed 
learned model may be utilized as the process model within a Kalman-filter–based estimator (e.g., EKF/UKF), which integrates visual 
data with machine signals (such as force measurements) to enhance the estimation of the position of the rock.

For clarity, the present study deliberately narrows its scope to excavation cases involving a single rock whose volume is smaller 
than the bucket and whose geometry can fit completely inside the bucket. Such rocks are larger than the surrounding soil grains 
yet remain smaller than the bucket itself. Also the attention is limited to rocks that are sufficiently exposed so they can be removed 
without extreme digging forces; deeply buried rocks that would demand excessive breakout forces are not considered. Moreover, 
future work should address planning and control aspects, such as rock reorientation and the selection of scooping angles. Finally, 
because the modeling framework is purely kinematic, constraints related to energy consumption or hydraulic power are outside the 
scope of this work.
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Fig. 12. Evaluation of the model for different soil condition over different time horizons. (A) Prediction of position of rock relative to the bucket 
along the 𝑦-axis compared to ground truth, (B) Prediction of position of rock relative to the bucket along the 𝑧-axis compared to ground truth, 
and (C) Magnitude of the prediction error 𝑒𝑡+ℎ, defined in Eq.  (12), for horizons ℎ ∈ {1, 5, 10, 20} time steps.

4. Conclusion

This study focuses on modeling the dynamics of large rock excavation using a data-driven approach, based on experiments 
carried out in a high-fidelity physics engine. The primary objective is to develop a PINN for estimating rock motion dynamics during 
excavation. This model should be robust under various uncertainties, including differences in rock characteristics and soil conditions. 
To that end, a custom penalty is incorporated into the training loss function to ensure compliance with physical constraints, and the 
influence of varying look-back window lengths is systematically explored to optimally represent key temporal dependencies. The 
obtained results demonstrate that, even when predicting the rock-bucket distance up to 20 time steps ahead, the model’s prediction 
errors typically remain below the threshold of 0.5m—with only a few exceptional outliers observed under different soil conditions. 
Overall, the attained accuracy provides a solid groundwork for subsequent research aimed at autonomous excavation planning and 
control. Although based on a compact feedforward MLP, our approach’s novelty lies in embedding a physics-informed constraint 
within the loss function and employing an optimized two-step look-back window.

Future research should focus on further refining the model’s applicability to real-world excavation scenarios through investigation 
of more complex and diversified conditions. Additionally, the incorporation of online learning methods that continually update 
model parameters based on real-time sensor feedback could enhance the performance of the framework in uncertain excavation 
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environments. In parallel, future research should address the development of vision systems capable of reliably tracking the position 
of the rock during excavation.
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