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Abstract This paper presents the development and field validation of an iter-
ative learning-based admittance control algorithm for autonomous excavation in
fragmented rock using robotic wheel loaders. An admittance control strategy is
augmented with iterative learning, which automatically updates control parame-
ters based on the error between a target bucket fill weight and the measured fill
weight at the end of each excavation pass. The algorithm was validated through
full-scale autonomous excavation experiments with a 14-tonne capacity load-haul-
dump (LHD) machine and two different types of excavation materials: fragmented
rock and gravel. In both excavation scenarios, the iterative learning algorithm is
able to update the admittance control parameters for a specified target bucket fill
weight, eliminating the need to manually re-tune control parameters as material
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characteristics change. These results have practical significance for increasing the
autonomy of robotic wheel loaders used in mining and construction.

Keywords Autonomous excavation · iterative learning · admittance control ·
mining robotics.

1 Introduction

An autonomous excavation system where a machine, such as a robotic wheel loader,
performs an excavation task itself using sensory feedback has obvious applications
in mining, construction and space exploration/development, where humans can-
not be present for safety, logistical, and/or cost reasons. Despite many years of
research into automated earth-moving [3], a commercially viable autonomous ex-
cavation system has not yet seen widespread use. The challenge is that excavation
performance is strongly influenced by the conditions of interaction between the
machine and the environment, which are unknown and changing throughout the
excavation process. Thus, a practical control strategy for autonomous excavation
requires learning and adaption in order to achieve consistent bucket filling perfor-
mance in variable conditions.

Recent research [7,8] has shown that an admittance-based control strategy
for autonomous excavation, which utilizes force feedback to regulate velocity com-
mands to a loader’s bucket actuator, achieves consistent bucket filling performance;
however, certain control parameters require tuning when the excavated media
changes characteristics (e.g., pile fragmentation, water content, etc.). In practice,
material characteristics are unknown and changing throughout an excavation op-
eration. Thus, the admittance controller requires extension through learning and
adaptation for successful deployment in real excavation scenarios.

In this study, an admittance controller is augmented with iterative learning to
update control parameters after each excavation pass, based on the error between
a target bucket fill weight and the measured fill weight from the previous pass.
The proposed algorithm was validated through full-scale excavation experiments
by using a 14-tonne capacity load-haul-dump (LHD) machine, shown in Figure 1,
at an underground mining test facility located near Kvarntorp, Sweden.

1.1 Related Work

Autonomous excavation has been researched for many decades [11,3], but a com-
mercially viable system for autonomous excavation has not yet seen widespread use
in mining or construction. Motion control strategies that regulate bucket motion to
follow a pre-determined path are ineffective when excavating heterogenous mate-
rials, such as fragmented rock [15], because subsurface obstacles in heterogeneous
material can cause large position errors that result in saturated actuation. AI-based
approaches [4] that use artificial neural networks (ANNs), trained with imperfect
expert operator data to determine actuator inputs during autonomous operation,
are also not practical because these approaches require significant amounts of data
to train and can exhibit unpredictable behaviour or poor performance in untrained
situations.
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Fig. 1 An Epiroc ST14 load-haul-dump (LHD) machine, which is a type of wheel loader used
for excavating fragmented rock in underground mining.

One promising approach to autonomous excavation is an admittance-based
interaction control strategy that has been developed through extensive field ex-
periments [16,7,8]. In contrast to pure motion control, which rejects disturbance
forces to track a given motion reference trajectory, admittance control attempts
to comply robot motion with environment interaction and react quickly to mea-
sured interaction forces by rapidly modifying the robot’s reference velocity [17].
This approach has become popular in recent robot interaction applications such as
robotic surgery [13], human-robot cooperation [10], and rehabilitation and therapy
robotics [12]. Tuning admittance controllers is challenging because performance de-
pends on the coupled interaction between a robot and a changing environment,
which is difficult to model and identify correctly [18]. Thus, current research focuses
on extending admittance controllers toward learning and adaptive controllers to
ensure stable performance of robot interaction tasks with unknown and changing
environments [20,19,6,14,2].

1.2 About this Paper

Section 2 describes the admittance-based control strategy for autonomous exca-
vation and provides an overview of iterative learning control and its application
to autonomous excavation. Section 3 describes the experimental setup. Section 4
presents field results in a representative environment.
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Fig. 2 Geometry of an Epiroc ST14 LHD machine’s loading mechanism.

2 Controller Development

In this study, an admittance control strategy for autonomous excavation [16,7,
8] is augmented with iterative learning to enhance performance when excavat-
ing material with unknown or changing characteristics. This section provides an
overview of admittance control and of Iterative Learning Control (ILC), which
are used to formulate an iterative learning-based admittance control algorithm
for autonomous excavation. This algorithm was validated through full-scale field
experiments, which are described in Section 4.

2.1 Admittance Control for Autonomous Excavation

The focus of the current study is on autonomous excavation using load-haul-dump
(LHD) machines, which are used for excavating fragmented rock in underground
mining. The loading mechanism of a typical LHD machine consist of a hydraulically
actuated boom and bucket as shown in Fig. 2. The dump cylinder actuates the
bucket through a Z-bar linkage, so the dump cylinder extension corresponds to
the bucket loading motion, and the dump cylinder retraction corresponds to the
bucket dumping motion. Two parallel lift cylinders actuate the boom, which lift
or lower the bucket (e.g., when dumping material onto a truck bed). The objective
of the excavation task is to effectively regulate inputs to these actuators to allow
the bucket to dig through a pile and fill the bucket to a target weight at each
excavation pass.

A block diagram of the admittance control strategy for autonomous excavation
is shown in Fig. 3. The controller is implemented in the loader’s actuator space,
which consist of the throttle, dump cylinder and lift cylinders. Only the dump
cylinder is controlled during digging. Tractive effort is supplied through a constant
input to the throttle actuator ut = ūt. In [16], it was noted that “any tractive
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Fig. 3 A block diagram of the admittance-based control strategy for autonomous excavation
using robotic wheel loaders.

effort supplied by the wheel loader is generally constant throughout the excavation
operation, and that control of the tractive effort would not provide any significant
contribution to the development of an autonomous excavation system”. The lift
cylinders are not actuated ul = 0; thus, hydraulic pressure measurements at the
lift cylinders can be used as a force sensor to estimate the bucket-rock interaction
forces f̂r, which serve as feedback to the dump cylinder admittance controller [7].

The dump cylinder admittance controller transfer function H(s) can be ex-
pressed as a mechanical admittance H(s) = vf (s)/fe(s), where the force error

fe = f̂r − fd is obtained by subtracting a nominal target force setpoint fd from
the measured interaction force f̂r [16]. The admittance controller H(s) computes
a velocity change vf , which is combined with a reference velocity vd to produce
a new velocity command vc = vd + vf . It is assumed that a position-controlled
dump cylinder is able to regulate the velocity as commanded.

Effective digging can be achieved by prescribing a constant admittance H(s) =
KA > 0, a constant reference velocity vd = v̄d, and a target force fd obtained by
filtering the measured force signal f̂r [8]. In this implementation, the dump cylinder
extends at a constant nominal rate v̄d, which increases by a rate vf when f̂r > fd
(e.g., if a subsurface obstacle is encountered), resulting in faster bucket curl; and
v̄d decreases by a rate vf when f̂r < fd (e.g., if machine loses contact with the pile)
resulting in slower bucket curl. This behaviour is dependent on proper selection of
the target force fd.

For ideal digging, the target force should follow the nominal level of interac-
tion so the dump cylinder admittance controller can react to sudden increases
and decreases in the forces appropriately. The nominal level of interaction forces
is difficult to predetermine because it is affected by several factors, such as the
characteristics of the media, amount of material in the bucket, orientation of the
bucket, and throttle. In our earlier work [8], we showed that the target force can
be obtained by filtering the measured forces f̂r with a windowed median filter.
Given a discrete-time implementation of the control system, at a time step k, the
target force filter is defined as

fd,k = median(f̂r,k−1, f̂r,k−2, . . . , f̂r,k−N ), (1)
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where N > 0 is the size of the window (an odd integer). Thus, the target force
closely follows the measured forces with a lag, which is determined by N . The
median filter permits sudden changes in the measured forces, without the measured
forces significantly affecting the nominal force level.

In this control strategy, there are four parameters to tune: KA, N , ūt and v̄d. In
our earlier work [8], we determined that the values of the admittance gain KA and
median filter window size N only affect the level of response to changing forces.
Higher KA values result in higher velocity commands to the dump cylinder. This
parameter must be tuned to minimize actuator saturation. Higher N results in a
greater lag for the target force fd, resulting in a positive-biased velocity change
vf . The window size N must be tuned such that fd closely follows f̂r. In our
experiments, we found that changing KA and N do not significantly contribute
to bucket fill. Tuning throttle input ūt and dump cylinder reference velocity v̄d
have the greatest impact on bucket fill weight. Thus, these two parameters must
be learned and adapted for the excavation conditions.

2.2 Iteratively Learning to Dig

“Iterative Learning Control (ILC) is based on the notion that performance of a
system that executes the same task multiple times can be improved by learning
from previous executions (trials, iterations, passes)” [1]. For example, consider a
robotic system that repeatedly performs a tracking task under the same operating
conditions. We can model this system at pass j as

yj = Guj + d, (2)

where yj is the robot’s coordinates, uj are its inputs and d are unmodeled distur-
bances (e.g., friction). The objective is to reduce the tracking error ej = yj − yd.
A conventional controller yields the same tracking error at each pass. In contrast,
ILC iteratively improves tracking performance by incorporating the error infor-
mation ej from one pass into the control input uj+1 for subsequent passes. The
simplest ILC formulation is a proportional (or P-type) learning function

uj+1 = uj + Kej , (3)

where K is a learning gain parameter that must be suitably designed such that
e→ 0 as j →∞. In this case, the iteration dynamics can be described as

yj+1 − yj = G(uj+1 − uj). (4)

Substituting (3) into (4) and rearranging yields

yj+1 = yj + G(Kej). (5)

Next, subtracting the target trajectory yd from both sides of (5) yields the sys-
tem’s error dynamics

ej+1 = (1 + GK)ej . (6)

Thus, for asymptotic stability

|1 + GK| < 1. (7)
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If the system model G is known, K can be designed so that the errors are asymp-
totically stable. If the system model is not known, then K must be tuned through
trial and error on the real system.

To apply ILC to autonomous excavation, we first define the task error ej and
system inputs uj at each excavation pass j. To do this, we consider the autonomous
excavation task as a tracking problem, where the objective of the system is to
track a target bucket fill weight Wd at each excavation pass. Thus the task error is
defined as the difference between the actual bucket fill weight Wj and the target
bucket fill weight Wd

ej = Wj −Wd. (8)

The dump cylinder reference velocity input v̄d and throttle input ūt contribute
most to bucket fill weight. Therefore, we postulate two P-type learning functions,
based on (3), that iteratively update the two input parameters based on the bucket
fill weight error:

v̄d,j+1 = v̄d,j + α(Wj −Wd) (9)

ūt,j+1 = ūt,j + β(Wj −Wd) (10)

This formulation introduces two learning gains α and β, which must be suitably
designed to achieve stable learning behaviour. Low learning gain values will result
in slower convergence for Wj → Wd, but high learning gain values can cause
unstable learning behaviour.

3 Experimental Setup

The iterative learning-based admittance controller for autonomous excavation was
validated through full-scale field experiments with a 14-tonne capacity load-haul-
dump (LHD) machine at an underground test facility located near Kvarntorp,
Sweden. The experimental set-up is depicted in Fig. 4.

3.1 LHD Machine

The Epiroc ST14 LHD machine can carry 14-tonnes, has a 335 hp engine and
a load-sensing hydraulic system. Fluid flow into the lift and dump cylinders is
controlled by closed-centre electro-hydraulic servo-valves. The ST14 LHD can be
equipped with different buckets. Typically, the bucket size is specified to maximize
the carrying capacity of the LHD machine based on the bulk density of the material
to be excavated. However, only two buckets were available at the test facility: 5.4
m3 and 7.8 m3. Both were used for experiments. The ST14 LHD is also equipped
with control, sensing and actuation devices necessary to implement the proposed
control system. The relevant systems and hardware are described below.

1. Pressure Transducers: Pressure transducers at the head (h) and rod (r) sides of
one of the lift cylinders were used to measure the hydraulic pressures. Pressure
measurements P , along with the cylinder head and rod cross-sectional areas
A, were used to estimate the interaction forces f̂r = PhAh − PrAr.

2. Position Transducer : A wire potentiometer within the dump cylinder was used
to measure its extension length.
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Fig. 4 Rock and gravel piles used for full-scale experiments. The Epiroc ST14 LHD is also
shown to provide a sense of scale.

3. Control System: An on-board control system ran in real-time at a frequency
of 20 Hz for reading sensors, sending actuator commands, and logging data.

4. Load Weighing System: A proprietary system calculated the bucket payload
weight using a static load analysis as the LHD’s boom was raised to a specific
angle (measured with an absolute encoder at the boom joint) [9]. Lift cylinder
pressure measurements were used to obtain the forces required for the analysis.

5. Electrohydraulic Servo Valves: Fluid flow to the lift and dump cylinders were
controlled using servo valves. Valve dead-bands were reduced in the control
software so that the valve commands corresponded to a near-linear response
from the cylinder.

3.2 Excavation Media

A rock pile located underground and a gravel pile located at the surface of Epiroc’s
test facility near Kvarntorp, Sweden were used for the presented autonomous ex-
cavation trials. Images of these piles are shown in Fig. 4. The rock pile consisted of
a mixture of mud, fine gravel, and large fragments of blasted rock (30 to 70 cm in
nominal diameter), which is representative of a real rock pile found in underground
mining. The gravel pile consisted of dry gravel with small rocks. In general, gravel
piles are “easier” to dig in than rock piles.

3.3 Autonomous Excavation Trial Procedure

The admittance controller was only executed during the digging phase of the
process (i.e., after the pile had been penetrated). However, for consistency between
trials, much of the machine initialization was automated. A Finite State Machine
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Fig. 5 A Finite State Machine (FSM) representation of the autonomous excavation process.
Note that the admittance controller is only executed in the Dig state.

(FSM) representation of this process is shown in Fig. 5. At the start of each
trial, the LHD was manually positioned in front of the pile, the boom and bucket
were automatically positioned at their entry positions (similar to the configuration
shown in Fig. 2), followed by driving forward at a constant throttle ut = ūt,entry
to penetrate pile and dig using the admittance controller. The automated process
ended when the dump cylinder was fully extended. The operator then manually
reversed the LHD out of the pile and raised the boom to weigh the excavated
payload. Note that both the rock and gravel piles had finite amounts of material,
so the material was dumped back onto the pile after weighing.

4 Field Experiments

This section presents the results of full-scale autonomous vehicle field experiments
conducted to validate the iterative learning-based admittance controller described
in Section 2.

4.1 Setting Control Parameters

The iterative learning functions (9) and (10) are used to automatically adjust the
admittance controller’s dump cylinder velocity input parameter v̄d and throttle
input parameter ūt. There are also other parameters, listed in Table 1, that must
be set. These parameters were found to be less critical for bucket filling, and do
not require re-tuning for different materials. The Enter Pile parameters f̄entry and
ūt,entry were determined through preliminary excavation trials. The parameter
values were tuned to achieve the earliest possible detection of pile penetration.
The control parameters KA and N were tuned until satisfactory digging behaviour
was observed, which included desirable response of bucket velocity commands to
sudden changes in the measured forces. An example of this is shown in Fig. 6.
Note how the target force follows the nominal measured force trajectory.
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Table 1 Gain and parameter choices for field trials

Gain/parameter Description Value

f̄entry Dig start force threshold 2.5 MN
ūt,entry Enter Pile throttle 0.5
KA Admittance controller gain 0.03
N Target Force filter window size 9
α Learning rate for v̄d 0.005
β Learning rate for ūt -0.05
[v̄d,min, v̄d,max] Learning limits for v̄d [0.01, 0.07] m/s
[ūt,min, ūt,max] Learning limits for ūt [0, 0.5]
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Fig. 6 An example of good digging behaviour as observed through measured force and motion
signals. In this case, The admittance controller is executed at approximately the 5.3 s mark
indicated by (a). It was found that KA = 0.02 and N = 9 provided the best digging behaviour
for the experiment setup.

4.2 Tuning Iterative Learning Gains

To estimate stable learning rates α and β, according to (7), we constructed a linear
model of the process based on parameter varying data obtained in our earlier work
[8]:

W = Θ0 +Θ1v̄d +Θ2ūt, (11)
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Fig. 7 A linear model of autonomous excavation process developed from regressing data
obtained from parameter varying autonomous excavation trials with the rock pile and 7.8 m3

bucket [8].

where Θ0, Θ1, Θ2 are model parameters that are obtained through linear regres-
sion over the data set. A plot of the linear excavation model is shown in Fig.
7. Note that the data used to construct this model was obtained through au-
tonomous excavation trials with the rock pile and a 7.8 m3 bucket equipped to the
ST14. The root-mean-square-error (RMSE) for the model is 0.6 tonnes, which is
good considering the highly variable material characteristics in the rock pile. This
model’s parameters are Θ0 = 9.16,Θ1 = −30.8 and Θ2 = 8.75. Using (7), learning
is asymptotically stable if

|1 +Θ1α+Θ2β| < 1. (12)

By substituting Θ1 and Θ2 from the model and selecting learning rates from
Table 1, the left-hand side of (12) becomes 0.41 < 1; i.e., stable. Of course, these
parameters are only valid for the acquired data set. Still, this analysis provides a
starting point for tuning the learning gains.

From preliminary excavation experiments, we determined the operating ranges
for v̄d and ūt. The iterative learning algorithm was saturated to operate within
the limits

v̄d,min ≤ v̄d ≤ v̄d,max (13)

ūt,min ≤ ūt ≤ ūt,max. (14)

The dump cylinder reference velocity was limited to values that resulted in rea-
sonable dig times and maximum extension rate. The throttle input parameter ūt
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was limited to a value that did not result in wheel-slip during digging. The values
used for all experiments are provided in Table 1.

4.3 Iterative Learning Validation Trials

The iterative learning functions (9) and (10) were validated through full-scale field
experiments in two extremely different material characteristics: fragmented rock
and gravel. The ST14 machine equipped with a 5.4 m3 bucket and parameter
values in Table 1 were used for both material types. The first excavation pass in
each material type was performed with manually set initial values for v̄d, ūt. At
each successive excavation pass, (9) and (10) were used to automatically update
v̄d, ūt for the specified target weight Wd. The target weight Wd was also varied as
the trials progressed to thoroughly test the system.

A total of 34 trials were conducted on the rock pile and 33 trials on the gravel
pile. The results for the rock pile trials are presented in Fig. 8, and the results for
the gravel pile trials are presented in Fig. 9. In both cases, the iterative learning
algorithm was able to update v̄d and ūt to allow the bucket fill weight to converge
to the target fill weight Wd in two or three excavation passes. In general, the
learning is stable; however, there are larger oscillations in the bucket fill weight
for the rock pile due to the high variability of particle sizes in the fragmented rock
pile. Also note that for the gravel pile, the algorithm is unable to achieve the target
weight Wd = 5 tonnes, even though v̄d is saturated at its maximum value and ūt
is zero. This is due to the amount of material loaded from the initial penetration
phase (i.e., the Enter Pile State). Because the gravel pile is relatively easier to dig
than the rock pile, approximately six tonnes of material can be loaded from the
initial penetration.

5 Discussion and Conclusions

In this work we developed and validated, through full-scale field experiments,
an iterative learning-based admittance control algorithm for robotic wheel load-
ers. A simple P-type iterative learning algorithm updates two admittance control
parameters—dump cylinder reference velocity parameter v̄d and throttle input pa-
rameter ūt—at each excavation pass j based on the error between a target bucket
fill weight Wd and the measured bucket fill weight Wj . Field experiments with
a 14-tonne capacity load-haul-dump (LHD) machine and two types of excavation
material (rock and gravel) revealed that the algorithm is able to achieve a target
bucket fill weight within two to three excavation passes. Compared to AI-based
approaches that require many training samples [5] and advanced computing hard-
ware, the proposed controller has practical significance as demonstrated through
these field experiments.

The stability and convergence rate for the learning algorithm are dependent
on tuning two learning gain parameters. In this work, we developed a simple
linear model of the autonomous excavation process using previously obtained au-
tonomous excavation data and used this model to select suitable learning gains.
However, a priori data is not always available for a particular excavation scenario.
Thus, future work should investigate how the learning gains can be adapted based
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Fig. 8 Results of learning trials with rock pile.

on identification of an improved model of the excavation process. Furthermore, the
algorithm should be validated on different wheel loaders and more difficult exca-
vation scenarios (e.g., at operating mines). Although the algorithm was developed
and validated using only the Epiroc ST14 machine, we expect that the algorithm
is applicable to other underground wheel loaders with similar loading mechanisms.
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