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SUMMARY
An Automated Digging Control System (ADCS) for a wheel
loader is developed that utilizes a behavior-based control
structure combined with fuzzy logic. This controller
exhibits the real-time reactive responses necessary for
executing digging tasks in an uncertain, unstructured and
dynamic excavation environment. This paper presents field
test results of a prototype ADCS that was developed and
implemented on a Caterpillar 980G wheel loader. Test
results show that the performance of the automated system
is comparable to that of an expert human operator in a wide
range of excavation situations.
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INTRODUCTION
Automating the dig component of the excavation cycle on
earth moving machines such as wheel loaders, hydraulic
shovels and mass-excavators, and cable shovels, has many
potential benefits. Typically, when these machines are used
in mining or construction applications they load large
quantities of material (soil, rock, etc.) into a fleet of
circulating trucks. Here, digging difficulty can vary dramat-
ically and in these difficult digging situations effective
loading performance is only achieved by expert operators.
The dig time in these situations can double or triple which
significantly reduces the output of the machine.

The use of an effective automated digging control system
would give every machine operator the capabilities of an
expert operator, and generate the following benefits. First,
consistent operation over the duration of the shift, since the
control system does not get tired or lose concentration.
Second, improve machine availability because the controller
will always operate the machine within design limits during
digging. Third, reduced wheel slippage during digging.
However, to achieve these benefits and also operate
effectively in the harsh excavation environment, it is
important that the design of an automated system meets the
following criteria.

The sensors and actuators used should be limited to those
currently available on a modern loading machine. For a

wheel loader this includes electro-hydraulic actuation of
bucket motions, bucket position sensors and measurement
of a limited number of drive train parameters. Complex
sensing and actuation systems may be prone to failure in the
harsh environment. Next, the system should require no input
from the operator related to characterizing digging diffi-
culty. This would require operators to make a judgement
concerning digging difficulty. In general, the subsurface
characteristics of the material to be loaded and its potential
interactions with the bucket during digging have the greatest
effect on digging difficulty. Human operators cannot see
below the surface. Thus, with no operator input the
automated system must be able to adjust its digging
trajectory by reacting to perceived changes in digging
conditions.

Automatic digging control of loading machines is
particularly difficult because they operate in dynamic and
unstructured environments where conditions are unknown,
extremely variable and difficult to detect. On the other hand,
expert human operators can achieve sophisticated control of
loading machines in these difficult environments. Repeated
excavation experiences help the operator to learn machine
operational skills and how to adapt their operating modes to
the dynamic conditions. The complexities of the interactions
between the excavation machine and its environment make
it impractical or infeasible to develop mathematical models
typically used in traditional control paradigms. Therefore,
researchers at the University of Arizona have been develop-
ing an excavation control system that utilizes excavation
knowledge gathered from skilled human operators. The
Control Architecture for Robotic Excavation (CARE) is a
hybrid architecture that employs a behavior-based control
structure.1–4 It has reactive control at the lowest level to
generate primitive bucket actions, and task planning using
finite state machines (FSM) that capture excavation knowl-
edge required for behavior arbitration. Fuzzy logic com-
bined with behavior-based control provide the excavation
controller with the real-time reactive response necessary for
digging task execution in an uncertain and dynamic
environment.

Several years ago, the University of Arizona researchers
started a project funded by Caterpillar Inc. to use CARE as
the basis to develop, implement and test an Automated
Digging Control System (ADCS) on a wheel loader. The
implementation platform for the prototype ADCS was a
Caterpillar 980G wheel loader (see Figure 1). This wheel
loader weighs 29,497 kg, is 9.5 m long, 3.75 m high and has
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a 4.7 m3 bucket. The criteria listed above were used for the
designing ADCS.

In this paper, we show how the CARE approach has been
used to develop the prototype Automated Digging Control
System on the Caterpillar 980G. The ADCS utilizes only
existing production sensors and actuators and has only
modest computational needs. The first half of the paper
details the control structure of the ADCS, while the
remaining sections present data from field tests. These show
that the performance of the automated system is comparable
to that of an expert human operator over a wide range of
excavation sites.

OVERVIEW OF RELATED AUTOMATED DIGGING
CONTROL WORK
The many potential applications for automated earth
moving systems has attracted a significant amount of
research in this area. Typically, research has fallen into two
major areas: digging process modeling and planning, and
automated digging. A comprehensive summary of the
current research in the field is given in Singh.5 This section
concentrates on work related to the automated digging
direction.

In general, the simple trajectory planning and control
approach is not effective, therefore several researchers
measure forces during digging which are used to adjust the
digging trajectory. Bullock and Huang6–8 use these forces to

initiate digging trajectory actions when fixed force thresh-
olds are met. These techniques are not effective and often do
not fill the bucket in a wide variety of excavation situations.
Alternatively, other researchers have selected digging con-
trol actions using a set of control rules. The  automated
excavator (LUCIE) from the University of Lancaster9–11 is
an example of this approach.  This excavator plans and
attempts to follow an initial digging trajectory, then uses the
rule set to react to excavation conditions.

A fuzzy logic controller has been developed by Same-
shima et al.12 which controls the actuation of each degree of
freedom relative to bucket motion during the digging
process. Thus the fuzzy rules are evaluated at each control
cycle and joint velocity commands are the weighted output
of the rules. The Autodig approach used by Rocke13–15 uses
the actual forces from hydraulic cylinder measurements.
These forces are then related to forces inferred from bucket
velocities. Commands for each degree of freedom for the
bucket are generated from a lookup table based on how
human operators control individual joints when digging in
various soil conditions. Here, the soil condition must be
provided to the system before digging and the material must
remain relatively homogeneous for effective digging. Unex-
pected inclusions in the soil can be a problem for this
system to deal with. Cannon16 implements an augmented
Autodig algorithm for dig execution in their Autonomous
Loading System (ALS) which completely automates the
task of loading trucks with a mass excavator.

Fig. 1. The Caterpillar 980G Wheel Loader Test Platform
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Another Autodig approach by Shull17 also uses actual
forces measured from the hydraulic cylinders. These forces
are used to determine a force vector passing through a point
on the bucket that represents the resultant material forces
resisting bucket motion. A target angle is also generated on
the basis of accumulated energy and then bucket motion
commands are generated in response to differences in the
target angle and the force vector. This approach can cause
the bucket to stall when high resistive forces are encoun-
tered in complex bucket rock interaction situations. Dasys et
al.18 describe an automated bucket loading system for a
Load-Haul-Dump (LHD) machine that also uses feedback
from the pressure sensors in the bucket’s hydraulic cylin-
ders. This system does not use a model of the muck pile to
control bucket motions, but tilts or oscillates the bucket
based on the “feel” of the material being loaded. The
performance characteristics of this approach are not
known.

A position-based impedance control approach for oper-
ator assistance during digging with a teleoperated
mini-excavator was developed by Salcudean et al.19 at the
University of British Columbia. The system follows an
operator specified digging path until material resistance
impedes its progress, then the impedance controller tries to
follow the path as closely as possible. Alternatively,
Bernold20 proposes an impedance controller where an
optimal trajectory for the bucket is generated using a
planning algorithm based on soil characteristics and soil-
tool interaction.

Singh21 proposes using a trajectory planner that uses a
pure position based control system during the digging
process. A prediction of forces that will be encountered
during digging is used to reject trajectories that exceed the
limitations of the hydraulic actuators. Predicting forces in
soil with unknown inclusions or in blasted rock is extremely
difficult if not impossible.

WHEEL LOADER AUTOMATED DIGGING
CONTROL SYSTEM (ADCS)
The general excavation process can be viewed as a system
where the excavation goals are the inputs and the output is
material movement such as loading haul trucks. For
example, at many mining sites the major excavation goal
given to loading equipment is very simple. Dig blasted rock
from a mine bench and load the rock into mine trucks as
efficiently as possible. This requires the loading machine to
dig into the bench face and fill the bucket, then move the
loaded bucket to a position above the truck, dump, and
finally return to a new bench face location to load the next
bucket. For most practical purposes the mine bench can be
considered an infinite source of rock where the loading
machine progressively removes rock from the bench in a
systematic manner. Usually, accurate placement and trajec-
tory control of the bucket during digging is not very
important when compared to many other types of produc-
tion systems. For most loading machines the digging part of
the operation has the largest variability in performance and
requires the highest level of operator expertise. Since,
numerous bucket loading cycles are required to complete an
excavation goal, significant improvements in excavation

productivity can be gained by improving the efficiency of
the dig portion of the cycle.

Human operators use different manipulation strategies to
fill the bucket, where the strategy selected corresponds to
particular excavation conditions in each loading cycle that
leads toward the completion of the goal. Here, the machine
and excavation site interaction characteristics are critical in
defining the bucket motions during bucket loading (digging)
and the strategies selected by human operators. However,
the operator cannot completely preplan the individual
actions required to complete a particular bucket loading task
since the operator has no way of knowing what subsurface
bucket/material interactions are expected. An operator uses
feedback (visual cues, machine vibrations, machine motion
characteristics, sound, etc.) from the rock/bucket interaction
to adjust machine actions that are most likely to fill the
bucket. The operator skills required to recognize, under-
stand and react to rock/bucket interaction feedback during
digging can take up to 15 years to acquire. In addition, many
operators never acquire the extensive skills required to dig
effectively in extremely difficult digging conditions, which
often results in over stressing the machine.

With the goal of developing a robotic excavator the
University of Arizona researchers have developed and tested
a general Control Architecture for Robotic Excavation
(CARE) using a simple laboratory-based  excavator.1–4 More
recently a research project was completed with Caterpillar,
Inc. where the objective was to take the concepts proposed
in the CARE system and use them to develop, implement
and test an automatic digging control system (ADCS) on a
medium sized wheel loader (Caterpillar 980G Wheel
Loader). This system would be capable of effciently filling
the wheel loader bucket in the extremely diffcult and
constantly varying digging conditions encountered in
blasted rock mining excavation sites.

Several constraints were also specified for the proposed
implementation. First, the system should essentially use
only those sensors and actuators currently available on the
production wheel loader. No additional sensors are to be
used to provide the control system with information about
the surface or subsurface of the excavation site. Second, the
control system should be as simple as possible and be able
to be implemented on computational platforms similar to
those currently used on a production wheel loader. Third,
the human operator will have control of the machine’s
throttle (Accelerator Pedal) during the automated digging
process. This means that the ADCS cannot directly control
horizontal bucket motion during digging. Also, the operator
may retake control of the machine at any time during the
automated digging process by manipulating the bucket joy
sticks in the operator’s cab.

Finally, the human operator interfaces with the ADCS in
the following way. The loader operator lines the machine up
perpendicular to the excavation face and positions the
bucket bottom, parallel to and just above the excavation
floor. With the machine in the first forward gear the operator
initiates the ADCS systems and drives the machine towards
the face. When the bucket contacts the face the control
system starts executing bucket motions to efficiently fill the
bucket. The ADCS determines when the bucket is full, lifts
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it out of the excavation face and returns control to the
operator. Note that during the dig cycle the ADCS must
adjust bucket motions to prevent wheel slip, and also
prevent undue stress on the machine.

1. Overview of ADCS control architecture
As the bucket moves during digging, the excavation and
machine status changes continuously and sensed informa-
tion is obsolete very quickly. Digging cycles can range from
4 to 20 seconds. This places a serious constraint on the time
available for the control system to generate actuator
commands. The control system has to respond rapidly to
ensure that commands are appropriate to the current
excavation situation. This was a major reason for selecting
the behavior-based control technique as the basis for control
design of the ADCS. Behavior control is a popular
technique that has been used for control problems with
similar characteristics to those required for rock excava-
tion.22–24 Complex tasks are decomposed into task specific
behaviors where the controller requires no central model or

plan, but is a set of concurrently executing behaviors which
perform all functions from sensing to action. In addition,
behavior control systems usually have some of the proper-
ties and components of Reactive or Reflexive Control.

The control architecture for the Automated Digging
Control System (ADCS) contains three basic levels as
shown in Figure 2. At the highest level is task planning
where the digging task is decomposed into Fuzzy Behaviors
using finite state machines (FSM). The middle level
contains behaviors that are unlike a traditional behavior
which executes a single action. The ADCS Behavior’s
consist of multiple Actions or Action sequences that are
feasible to perform the particular task assigned to that
Behavior. At the lowest level is the interaction between the
control system and the machine/excavation environ-
ment.

Based on the inference of the current excavation situa-
tion, simple rules in each Behavior select one Action or
Action sequence for the next bucket motion. Machine
sensor data is input to fuzzy logic rules in the actions to
evaluate the magnitudes of machine control variables for

Fig. 2. The control architecture for the Automated Digging Control System (ADCS).
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each fired action. After each control cycle, information from
sensory data is fed to a Situation Assessment (SA) module
in the currently executing Behavior. If the SA module
determines that the current Behavior is still valid for the
current excavation situation, then it is not necessary to
interrupt the current behavior and an Action sequence is
chosen using the active Behavior. However, if the excava-
tion situation has changed significantly and the current
Behavior is no longer correct, then the system jumps to a
higher level SA module to select and fire another Behavior,
or to generate a more comprehensive validation for
continuing to use the current Behavior. If the higher level
SA determines the digging task is complete then control is
returned to the operator. Details of these control architecture
components as they pertain to the ADCS are provided in the
following sections.

2. Excavation situation assessment
As indicated earlier, our approach to developing the ADCS
was to use only the sensors or actuators currently available
on a production style Caterpillar 980G wheel loader. The
current implementation of the ADCS meets this goal and
therefore does not use any sensors such as a digital camera,
laser range finders etc., to characterize the surface of the
excavation site. However, during excavation the bucket is in
contact with material below the surface whose character-
istics are unknown. Data from these bucket/rock
interactions provides the only source for information about
subsurface material characteristics around the bucket.
Moreover, the physical characteristics of the material are
unknown until contact is made with the bucket which is
further complicated since bucket motion changes these
properties.

Excavation situation assessment (ESA) is the process that
identifies the current excavation situation based on sensor
data. Consider that the ADCS knows nothing about the
surface or subsurface characteristics of the material it must
excavate before bucket contact. The controller can only use
data from the bucket/material interaction and from the
associated responses of the machine to generate an appro-
priate digging bucket trajectory. Therefore, the process of
inferring the current excavation situation is critical to
effectively completing the digging task. However, the
limited number of sensors and the dynamic environment
means that information about subsurface material character-
istics is incomplete and uncertain. Also, the mapping of
sensor data sets to excavation situations is not unique and
can be quite complex. For these reasons, situation assess-
ment is not 100% accurate. The distributed ESA approach
combined with Behaviors and Actions implemented with
fuzzy logic attempts to minimize the effects of these
inaccuracies.

Excavation situation assessment is distributed to individ-
ual Behaviors in the ACDS. That is, after each bucket
motion, situation assessment is limited to examine only the
validity of the current behavior. Performing a more complex
global situation assessment would be computationally
expensive. If after ESA the current behavior is valid, the
system flows forward to the Behavior-to-Action FSM via
Level Arbitration (LA). Otherwise, more extensive global

ESA which uses a larger number of parameters is conducted
to select a different Behavior or determine that the Task is
complete.

The application of ESA is dependent on specific sensing
strategies and the data provided by these sensor systems.
The ACDS uses output from several situation assessment
sub-modules. Output from these submodules are input to the
ESA module which is rule based and derived from
excavation heuristics and experiences. The sub-modules
include the following:

• Material Force Characterization (MFC) sub-module: Uses
bucket/material interaction forces experienced by the
machine to define the material characteristics around the
bucket.

• Bucket Spatial Analysis (BSA) sub-module: Uses bucket
spatial position information as a function of the machine’s
digging capabilities at different cycle points to define the
machine’s excavation situation.

• Wheel Slip Analysis (WSA) sub-module: Defines the
excavation situation relative to the possibility of wheel
slip.

• Bucket Fill Rate (BFR) sub-module: Uses bucket spatial
displacement and forces experienced during excavation to
define how much material is in the bucket and the rate of
material acquisition.

3. Excavation tasks and behaviors
The task decomposition strategy in the original Control
Architecture for Robotic Excavation (CARE) is to resolve
Goal complexity and narrow task specification to multiple
sub-elements by using finite state machines (FSM). At the
highest level the system is given an excavation Goal, for
example, excavate material from a bench and load it into
trucks. This Goal is then decomposed into an excavation
strategy or strategies that consist of a set of suitable
excavation Tasks and Task sequences. As described earlier,
the required ADCS implementation for the Caterpillar 980G
wheel loader has only one excavation task. The task is “Dig
into a mine bench or rock pile and fill the bucket as
efficiently as possible”. Thus the ADCS requires only a sub-
set of the CARE task decomposition structure which is
shown in Figure 3. Here, each excavation Task is completed
by a sequence of excavation Behaviors. Depending on
sensory feedback, many alternative Behavior sequences can
be selected for Task completion, and the proper sequence

Fig. 3. Control Decomposition from Excavation Task to Excava-
tion Actions.
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can only be chosen on-line in real-time based on situation
assessment and Behavior arbitration. The use of Behavior
sequences provides a mechanism to prevent ineffective and
inefficient task executions caused by factors such as endless
looping, or the selection of completely inappropriate
Behaviors for the current digging context.

It should be noted that the Behaviors here are the basic
elements for excavation control. They represent the ability
of the excavator to perform various desired tasks. Existence
of the Behaviors is dependent on the particular structure of
the machines as well as the control approach, but are
independent of the tasks. Once an excavator and its control
algorithm are given, these Behaviors exist no matter what
digging tasks will be assigned to the machine.

4. Task formulation
As indicated above the automated digging system requires
only a single task TAutodig . Thus if ST represents the set of all
the Tasks required to implemented the automated digging
system, then ST ={TAutodig}. Each Task is accomplished by a
set of excavation Behaviors. To specify all the feasible
sequences of Behaviors for Task completion, an FSM is
used,

TAutodig =(s0
i , Si , S

f
i , Hi , Di), (1)

where Si is the set of states of TAutodig, s0
i PSi is the initial

state, S f
i ,Si is the set of terminal states indicating the Task

completion, Hi ={B1
i , . . . , Bmi

i } is the set of Behaviors
applicable to TAutodig , and di : Si3 Hi →Si is the state transition
function, i.e., di(sj , B)=sk indicates that if Behavior BPHi is
executed under the current state sj , then the next state will
be sk where sj , skPSi .

Figure 4 shows the FSM for the Task “Remove material
covering the surface of a particle”, where the Behavior set
H={B1: entry-point-mover, B2: under-particle-follower, B3:
over-particle-follower, B4: horizontal-digger, B5: bucket-
lifter, B6: bucket-extractor}.

In many cases multiple Behaviors may be applicable at a
given state. Let Hi(s) define all feasible Behaviors under
state s, i.e.,

Hi(s)={B | BPHi and d(s, B) is defined } (2)

Feedback from sensors, and the excavation needs to prevent
wheel slip, maximize bucket fill rate and minimize machine
stress are the basis for choosing the most appropriate
Behavior among Hj(s).

5. Behaviour formulation
The behaviors in the Automated Digging System are carried
out using a set of primitive machine actions. Let
SB ={B1, . . . , BM } represent the set of all the automated
digging system Behaviors. A FSM is also used to specify all
the feasible sequences of Actions executed by the Behav-
ior,

Bi =(s0
i , Si , S f

i , Ai , di ) (3)

Where s0
i and Si are the initial state and the set of states of

Bi , respectively; S f
i is the set of terminal states indicating the

Behavior completion; Ai ={a1
i , . . . , api

i } is the set of Actions
applicable to Bi , and di : Si3 Ai →Si is the state transition
function, i.e., di(sj , a)=sk indicates that if Action aPAi is
executed under the current state sj , then the next state will
be sk .

When the excavation strategies of expert human operators
are represented by FSMs, the event/state selection decisions
in the task decomposition can be indeterminate. This is
because the decisions human operators make during the
execution of excavation tasks are not based on precise
thresholds but are often on degrees of eligibility. Thus,
multiple events may be eligible simultaneously at a state
(i.e. Behavior/Task conflict). In addition, execution of the
same event at a state can lead to different states, depending
on the execution effect. Clearly, the task-decomposition
FSMs requires a flexible decision making approach that
involves arbitration of both (1) events and (2) states. This is
accomplished by the situation assessment process described
previously.

One approach for decomposing tasks into behaviors is to
use a large number of small and very focused behaviors.
The advantage of this approach is that behaviors execute
rapidly and have well defined outcomes. The disadvantage
is that behavior arbitration becomes more complex and time
consuming. An alternative approach is to use a fewer

Fig. 4. The finite state machine for the Behavior – Remove material covering the surface of a particle.
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number of behaviors with more extensive capabilities. The
ADCS uses the latter construct where the excavation
Behaviors have the following features: (i) the functional
scope of each Behavior is broad and cannot be achieved
using a single machine action; (ii) many terms in the
function definitions are ambiguous. Thus, excavation behav-
iors use multiple Actions or Action sequences in each
Behavior to extend their functional scope. Also, they
evaluate each excavation Action and assess excavation
situations by applying fuzzy logic in order to operate with
incomplete and uncertain information. As a result, these
Behaviors are very flexible and able to adapt to this dynamic
and unpredictable excavation environment. This concept has
been key to the successful completion of complicated
excavation tasks. It also provides a solution that requires
limited computational resources. For example, in the case of
the ADCS implemented on the CAT 980G test platform,
only a small number of behaviors was required (approx-
imately 5). In addition, each behavior uses a limited number
of actions (approximately 5–7) which on average are
implemented with between 4 to 7 fuzzy rules.

6. Bucket actions
Wheel loaders use hydraulic cylinders to achieve vertical
and rotational bucket motions and the vehicles forward and
reverse drive for the horizontal bucket motion. Usually, one
set of cylinders controls bucket translation in a vertical
plane (lift), and a second cylinder set rotates the bucket in
the vertical plane (tilt) for a particular orientation as shown
in Figure 5. During digging, bucket motions are within a
vertical plane parallel to the major axis of the machine.
Typically, translation of the bucket in the horizontal and
vertical directions are called crowd and hoist respectively,
while the rotation is curl. It should be noted that the
implement linkage configurations of most wheel loaders do
not generate purely vertical or rotation bucket motions when
the lift and tilt cylinders are individually activated.

Obviously, digging tasks are formed by a combination of
different crowd, hoist and curl motions. Table I lists the
fundamental bucket motions used during digging control.
Here bucket translations generated by the control algorithm
are linear movements of the bucket blade, while rotations
are around the blade edge as shown in Figure 5. Also the
motion directions are with respect to the local bucket frame.
Thus, the same action pattern executed with different bucket
orientations may cause different loading effects.

The basic bucket actions listed in Table I specify only the
general form of the action trajectory and not the specifics of
motion. Thus for these actions to be machine executable the
ADCS must specify an action’s motion as a function of
translational and rotational increments (Dy, Dz , Dr) as well
as bucket velocity (BV). However, on the actual wheel
loader the hydraulic systems that perform bucket motions
are described by very complex dynamic non-linear models
that require excessive computation time which makes them
impossible to use for practical real-time control. This
configuration makes accurate position control of the bucket
very difficult and the specification of bucket actions in the
form described above cannot be used. For the wheel loader

ADCS it is more effective to specify bucket actions as a
function of the wheel loaders actuator parameters.

On the 980G wheel loader, separate lift and tilt electro-
hydraulic valves control the motion of the lift and tilt
hydraulic cylinders. Actuation of the lift and tilt hydraulic
cylinders is achieved by specifying a valve position for lift
and tilt respectively. Thus, a value of 100% would indicate
fully open and 0% would be closed. The onboard electro-
hydraulic control system then drives the valve to the
required position. As mentioned earlier, the motion of the
lift or tilt cylinder resulting from a valve setting request can
vary significantly since it is affected by many different
factors. These include, engine speed driving the hydraulic
pump, concurrent hydraulic fluid draw from other onboard
systems, reactive forces on the bucket, and the temperature
and pressure of the hydraulic fluid.

Data from two optical encoders on the implement
(bucket) assembly are used to resolve the position and
orientation of the bucket (relative to the machine frame) and
therefore also the extension lengths of the lift and tilt
hydraulic cylinders. Head and rod hydraulic cylinder end
pressures are measured to determine representative lift and
tilt cylinder forces as follows:

Fcyl =Ph Ah 2Pr Ar (4)

where, Fcyl is the force exerted by the cylinder, Ph, Ah and Pr ,
Ar are the pressure and area at the cylinder head and rod end

Table I. Basic Bucket Action Motions used by the ADCS.
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respectively. The lift and tilt cylinder forces are then
resolved into bucket forces. Drive train speeds are measured
and translated into vehicle speed which also generates
forward or reverse horizontal displacement and machine
position. However, using only drive train measurements the
occurrence of wheel slip will give errors in machine
position and thus bucket motion.

Therefore, the inputs to the ACDS are:

• Lift and tilt hydraulic cylinder rod and head end pressures
(Bucket forces).

• Two joint angles from the implement assembly (Bucket
position and orientation relative to frame).

• Drive train angular velocity (Bucket horizontal position)
and the ACDS outputs are:

• Electro-hydraulic valve position of the lift and tilt
hydraulic cylinders (valve openness).

Note that the human operator controls the engine throttle.
Therefore the ACDS does not control loader forward motion
and the magnitude of the crowd force during digging.

The ACDS uses fuzzy logic to determine the magnitudes
of basic bucket actions. That is, since the ACDS is not
capable of direct bucket position control, fuzzy logic is used
to generate crisp values for the lift and tilt electro-hydraulic
valve positions. This approach allows the system to function
with uncertain, inaccurate and dynamic information about
both the excavation site characteristics and bucket/rock
interaction situation Also, fuzzy logic is an ideal tool to
generate bucket Actions where ambiguous and incomplete
linguistic information describes the knowledge and strate-
gies of human experience and heuristics through fuzzy
rules.

In general, an Action Ai can be implemented as a set of
fuzzy decision rules as,

Rule 1 – IF B is Si1 and F is Qi1 and DF is DQi1 ,
THEN M is Ui1,

•

•

•

Rule ni – IF B is Sini
and F is Qini

and DF is DQini
,

THEN M is Uini

where ni is the number of rules for Ai , and Sij , Qij , DQij , and
Uij are linguistic terms for bucket position/orientation, force
data and their variation, and electro-hydraulic valve setting
commands respectively. B is a bucket orientation vector; F,
DF and M are the force vector, the force variation vector,
and the valve setting vector, respectively:

F=(Fx , Fy)

DF=(DFx , DFy)

M=(UL, DT )

B=(UB , ZB , YB ).

In M, UL and UT are the desired lift and tilt valve positions,
respectively. While in B, UB is the angular deviation of the
bottom of the bucket from the horizontal and ZB and YB are
the respective vertical and horizontal position on the lower
pivot point of the bucket in the loader’s coordinate system.
The variations in force readings are utilized to detect
collisions between the bucket and rock particles, since it is
difficult to differentiate between a contact with an oversized
particle and general resistance to bucket motion by using
force values alone.

Fig. 5. Bucket manipulation linkage for the CAT 980G Wheel Loader.
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As an example, the basic bucket excavation Action “rack
the bucket” is defined by the following set of fuzzy-logic
rules:

Rule 1 – IF Fy is L, THEN UT is PL.
Rule 2 – IF Fy is M, THEN UT iS PM.
Rule 3 – IF Fy is S, THEN UT is PS.
Rule 4 – IF Fy is ZR, THEN UT is PS.
Rule 5 – IF DFT is NL, THEN UL is ZR.
Rule 6 – IF DFL is NM, THEN UL is PS.

where (PL, PM, PS, ZR, NL, NM, NS) is a set of linguistic
terms (Positive Large, Positive Medium, Positive Small,
Zero, Negative Small, Negative Medium, Negative Large).

6. Excavation behaviors using fuzzy actions
In the ADCS excavation Behaviors use FSMs to organize
fuzzy Actions using the same approach used to formulate
task FSMs. As an example, the Behavior under-particle-
follower is built using the FSM in Figure 6.

Our observation indicates that several basic bucket
digging actions, or combinations thereof, are executed to
cover most of the different conditions encountered during
excavation. Based on their perception of the excavation
situation, human operators use sets of action sequences
compiled from the basic actions presented in Table I. Table
II presents typical action sequences selected by several
different operators. Here, we can see that the action
sequence for the easy-to-dig rock is actually a simple
variation of the smooth scooping action executed when
digging in unconsolidated soil or sand. If the material is
difficult to load, the operator often tries an alternate attack
point by lifting the bucket (move_vertical action) to
penetrate further into the rock pile. However, when the
muck is very difficult to dig, the bucket gains only a small
increase in load with each forward action when using action
sequence 2. This results in a small bucket load when the
hoist limit or the top of the pile is reached. Thus, action
sequence 3 is applied which consists of moveforward_down
and moveforward_up actions to penetrate the rock pile by
wiggling in between the rock particles.

The ADCS uses simple rules for on-line arbitration
between particular Actions/Action-sequences based on the
functional definition of the Behavior, current force data,
bucket spatial status, wheel slip status and bucket fill rate. A
particular Action sequence is activated each time a Behavior

is executed. It is noted that, sometimes it is difficult to
arbitrate definitely that a particular Action sequence will be
better than another because of the ambiguity in the inferred
excavation status. Thus, it would be more appropriate to
fuse all suitable Actions to find the resultant of the motion
control variables rather than simply select a single Action
that has the highest “suitable rate”. However, the Actions to
be fused cannot be contradictory in function. For instance, if
they have two totally opposite movements then they cannot
be fused together since the resultant action may be neutral
with no step towards the goal.

A fusion procedure can be executed in two steps. First,
the activation level of each admissible Action is calculated
according to the firing strengths of its rules, and a threshold
is used to remove any Action with an activation level below
the threshold from its participation in the action fusion.
Second, a single numerical motion Action is obtained by
fusing individual decisions made by those Actions whose
activation levels are higher than the threshold. The resulting
motion action is actually the sum of individual Actions
weighted by their activation levels.

The activation level vi of an excavation Action Ai at a
particular state is obtained using the firing strength of its
decision rules. That is,

vi =max{wi1 , . . . , wini
} (5)

where wij’s are the strengths of the individual rules of Action
Ai :

vi1 =min{ mSi1
(F ), . . . , mDSi1

(DF )},

· · ·

vini
=min{ mSini

(F ), . . . , mDSini
(DF )}, (6)

where m represents the membership function of a fuzzy
set.Fig. 6. FSM for the Behavior under-particle-follower.

Table II. Bucket excavation actions relative to excavation
situation.
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If the activation level of an Action is less than a threshold
vc , then this Action will not be considered for action fusion.
In other words, if all the preconditions of its rules cannot be
matched strongly by the current state, this Action is not
suitable under the current situation, and should not be
included in the action fusion. All Actions with activation
levels above the threshold vc will participate in action
fusion. A simple action-fusion strategy is to use the sum of
all individual decisions weighted by the corresponding
activation level. In addition, preference values can also be
introduced to discriminate between Actions at each state. If
the center of area (COA) defuzzification algorithm is used
for each fuzzy Action, then the individual motion command
M *i from a qualified Action Ai(vi >vc ) is calculated by

M *i =
e mmUi

(m)dm

e mUi
(m)dm

(7)

mUik
¢(m)=vikmUik

(m), mUi
(m)

=max{mUi2
¢(m), mUi2

¢(m), . . . , mUini
¢(m)} (8)

where the integration is carried out over the space of all
admissible motion commands. Finally, the fused motion
command M * is evaluated by

M *=
o viM*i

o vi

, vi >vx (9)

where the summation is over all fuzzy excavation Actions
with the activation level higher than the given threshold.

EXPERIMENTAL RESULTS
The proposed automated digging control approach has been
implemented as a prototype on a Caterpillar 980G wheel
loader at the University of Arizona San Xavier Mining
Laboratory (SXML). The performance of the digging
control system was evaluated by comparing it to the
performance of expert human operators for a wide variety of
excavation environments. This was accomplished by select-
ing digging situations that represent typical operating
conditions for a wheel loader at mining, quarrying and
construction sites. To meet the wide range of digging
conditions needed to test the performance of the automated
digging system, several mine and test locations close to the
UA SXML were chosen. These locations include the
ASARCO Mission Mine Complex, the Cyprus-Amax
Sierrita Mine, and Caterpillar’s Tucson Proving Grounds
(TPG). Detailed testing was completed in material piles and
mine bench faces with the following material character-
istics, (1) loose top soil, (2) compacted clean soil, (3) 20
crushed rock; damp, with finer mixtures, (4) 80 clean rock.
(5) compacted damp mixture of rock & soil, (6) compacted
soil with rock, (7) rock bank with large, medium & small
sized rock, (8) oversized boulders in finer soil mixture, (9)
piled blasted-rock, (10) mine bench with blasted rock.
Results from only a select number of test sites are presented
here.

1. Test procedure
Test sites were carefully selected to ensure that the digging
conditions at each test site (or difficulty) were similar during

automated and expert human operator digging cycles. This
can be a problem at mining sites where the wheel loader is
digging into a near vertical face of blasted material called a
mining bench. Here, digging difficulty can be extreme when
digging into a standing bench face; however if the bench
face has subsided then easy to dig material collects at the toe
of the bench. This means that the loader can encounter loose
easy to dig material during one digging cycle and then
tightly coupled rock particles that are diffcult to dig on the
very next cycle.

At each test site 30 digging cycles were completed under
automated digging control and then a further 30 digging
cycles with the expert human operator. After, each dig cycle
the material in the bucket was dumped away from the face
to ensure that each dig cycle was in undisturbed material.
Every attempt was made to ensure that the automated
system and the human operator encountered the same
distribution of digging conditions over their 30 dig cycles.
To access machine performance a wide array of data was
collected from onboard sensors during each dig cycle. These
data included wheel loader cycle times, kinematics, hydrau-
lic cylinder and system pressures, drive train speeds and
torques, and engine parameters. The onboard payload
monitoring system determined the bucket payload from
each dig cycle and as a check every fifth bucket payload was
checked using external vehicle scales. The sampling rate for
all data was 10 Hz. It should be noted, that the exact same
code for the CAT 980G automated digging system prototype
was used for all the automated digging tests across all
material types.

2. Force and trajectory analysis results
The automated digging system has no prior information
about the material or the configurption of the digging site
before the dig cycle begins. Machine data acquired from
bucket/material interaction during digging is the only source
for this information. However, at many mining sites the
digging characteristics can change dramatically from one
dig cycle to the next, and the lab studies have shown that the
location of one medium size particle can significantly effect
the digging difficulty. Therefore, specific information gath-
ered from previous digging cycles cannot be used to plan
future digging trajectories. As discussed previously the
solution is a reactive system that combines data collected at
the bucket/material interface with specific digging knowl-
edge to adjust the digging trajectory. Thus, the prototype
automated digging system has no preplanned digging
trajectory before starting the dig cycle and the actual dig
trajectory executed is a representation of that particular
cycle’s digging difficulty. Figure 7 below demonstrates the
variation in digging trajectories executed by the automated
digging system in consecutive dig cycles at two different
sites (Blasted rock production bench face and 8 inch rock
pile). Figures 7 and  8 also show the wide variation in bucket
trajectories in the same material for consecutive dig cycles.

As described earlier, situation assessment is the process
that relates forces experienced at the bucket/rock interface,
to excavation situations that drive the digging trajectory.
When digging in soft sand the forces experienced by the
bucket during the dig cycle are quite predictable. Therefore,
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the excavation situations determined by the automated
system during digging are consistent and as expected the
resulting dig trajectories are similar. However, when
digging in rock piles with a larger homogenous particle size
such as the 8 inch rock pile test site, the location of one, or
a small set of interacting particles can dramatically affect
the perceived excavation situations. Since real-time sensor
systems that can accurately map the subsurface of the rock
pile do not exist, it is impossible to predict when these
excavation situations will occur. The automated system
must be able to detect these excavation situations and adjust
the digging trajectory to effectively fill the bucket. It should
be noted that the bucket width on the 980G is 137 inches

and an 8 inch wide particle is only 1/15th of the bucket
width. Figure 9 demonstrates how the situation assessment
system is able to detect a change in the excavation situation
and adjust the bucket trajectory. At the start of the cycle the
horizontal forces experienced by the bucket is very similar
until point A where test 105 experiences a dramatic force
increase. The automated system reacts to adjust the dig
trajectory which begins to occur at point B. Similar
trajectory changes also occur later in both dig cycles.

Alternatively Figure 10 demonstrates how the vertical
forces experienced by the bucket for two different dig cycles
in the same material (8 inch rock pile) are similar and the
bucket trajectories are very close.

Fig. 7. Change in bucket angle orientation for 5 consecutive automated digging tests in 8 inch rock pile and mine production bench
face.

Fig. 8. Bucket trajectory for 5 consecutive automated digging tests in 8 inch rock pile and mine production bench face.
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Finally, Figure 11 shows the vertical bucket forces and
bucket trajectories from two automated dig cycles in the 8
inch rock pile. In dig cycle 102 the vertical bucket forces
experienced at the start of the cycle are low, enabling a
trajectory where the bucket penetrates horizontally into the
rock pile quickly. Conversely, in dig cycle 105, high initial
vertical bucket forces indicate difficulty penetrating the rock
pile and the bucket starts searching for a location to
penetrate more deeply into the pile (See point C). When this
is not successful the bucket then follows a shallower
trajectory up the surface of the rock pile.

This type of significant differences in digging trajectories
followed by the ADCS can be seen in Figures 12 and 13
below. Here, both trajectories are from dig cycles at the
same location within a few cycles from each other. Drastic
changes in bucket trajectories within close digging prox-
imity of each other are typical of conditions found in mines
with blasted rock. The bucket trajectory in Figure 12 shows

the typical smooth digging arc that buckets follow when
resistance to motion is within the machine’s force limits. On
the other hand, Figure 13 shows a more complex trajectory
where the bucket encounters significant resistance to motion
at different points in the cycle. At point A the bucket
encounters a hard toe at the start of the dig cycle and the
bucket is lifted immediately. The bucket then starts to
penetrate the pile at point B and in fact digs downwards to
increase the bucket fill rate. Another resistance point is
encountered at point C with an appropriate change in the
bucket’s trajectory. Additional high dig resistance situations
are also encountered during the completion of the cycle.

3. Productivity comparisons with expert human operators
The performance of the ADCS on the Caterpillar 980G
Wheel Loader was evaluated relative to the performance of
an expert operator in a wide range of excavation site

Fig. 9. Bucket trajectory and horizontal bucket forces for two dig cycles (101 and 105) at a mine production bench face.

Fig. 10. Bucket trajectory and vertical bucket forces for two consecutive dig cycles (103 and 104) in a rock pile with 8 inch rock
particles.
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Fig. 11. Bucket trajectory and vertical bucket forces for two consecutive dig cycles (102 and 105) in a rock pile with 8 inch rock
particles.

Fig. 12. A simple dig trajectory in a production mine bench with blasted rock.

Fig. 13. A complex dig trajectory in a production mine bench with blasted rock.
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conditions. To test the versatility of the ADCS, the prototype
code was not changed across all the tests, and no external
input information was provided to the system other than
sensor data collected during automated digging tasks. Thus,
no input information relating to the characteristics of each
excavation site was given to the system.

Table III presents productivity data for the Caterpillar
980G wheel loader from three test excavation sites with a
wide range of digging difficulty. The 8 inch rock pile is
generally the easiest to dig, with the production mine bench
rated as difficult digging, and the blasted rock site as
extremely difficult digging. Each test consists of around 30
dig cycles (30 for the ADCS and 30 for the Expert
Operator). Note, to generate production output in tons/hr,
constant times were used for the other truck loading
components of the cycle.

The data in Table III demonstrates that the ADCS
performed very well relative to the expert human operator.
As the digging conditions become more diffcult the ADCS
tended to match the operator’s performance more closely. In
addition, the expert human operator understands he is being
evaluated and therefore attempts to perform at the top of his
capabilities for the 30 test cycles. In reality, a human
operator’s performance is expected to vary considerably
over the duration of an 8 hour shift as they tire and lose
concentration. However, the ADCS does not get tired and
thus will maintain its performance level over the shift
duration.

The difference in performance seen in the 8 inch rock pile
test can be attributed to controller communication band-
width issues related to the hardware used for the prototype
ADCS. Currently, the prototype can only acquire sensor
data and execute an actuator command every 50 ms. Our
tests indicate that this bandwidth problem with the hardware
implementation of the ADCS prototype means the system
cannot react fast enough to execute the required short cycle
times.

Further examination of the data in Table III indicates that
although the ADCS and expert operator may generate
similar production outputs in tons per hour, they attain those
outputs in different ways. For example, in the mine

production bench test the energies per payload are identical
however the ADCS has shorter on average cycle times and
smaller payloads. In principle, the ADCS should perform
better than an expert operator because the operator is not
capable of sensing the bucket forces experienced by the
loader in a quantifiable manner. However, the expert
operator is using visual information about the surface
characteristics of the excavation site. Our analysis of the
production data in Table III combined with the force
feedback and bucket trajectory data, indicates that the
addition of limited excavation site surface data to ADCS
could yield significant improvements in performance.

CONCLUSIONS
This paper presents some initial results for a behavior-based
control architecture that uses fuzzy logic in the formulation
of behaviors and actions to execute automated digging
tasks. Excavation tasks are implemented as finite state
machines that define feasible sequences of behaviors for
their completion, and feasible fuzzy action sequences to
complete the behaviors. This approach is goal-directed and
utilizes effective behavior fusion through the inherent state
memory characteristics of FSM to place behaviors and
actions in the appropriate task context. This control
architecture was used to implement an automatic digging
control system (ADCS) prototype on a Caterpillar 980G
wheel loader. Test results in a wide variety of excavation
conditions show that the ADCS is able to react to changes in
excavation situations, adjust its digging trajectory and fill
the bucket efficiently. Without any prior input about
excavation site conditions the system generates effective dig
trajectories that account for variations in digging difficulty
at each site and when moving from site to site.

Field tests show that the ADCS can be as productive as an
expert human operator performing at their highest level.
From this it can be inferred that the automated system will
be more productive than the average operator found at most
excavation sites. The ADCS has additional benefits which
include expert operator digging performance for all opera-
tors, consistent operation over the duration of a shift,

Table III. ADCS vs Expert Operator Caterpillar 980G Wheel Loader Productivity Test Data.

8 inch Rock Pile Mine Production Bench Shot Rock

ADCS Expert ADCS Expert ADCS Expert
Operator Operator Operator

Ave. Payload (lbs*1000) 15.9 17.1 14.8 16.8 13.4 13.9
Maximum 18.0 19.2 19.2 17.4 16.3 15.4
Minimum 10.2 15.7 8.8 15.8 9.8 12.1

Standard Deviation 1.45 0.8 2.6 0.9 1.6 1.2

Energy/Payload(ft.lbs/lbs) 29.3 21.9 29.6 29.76 36.63 37.12

Ave. Dig time (seconds) 10.18 6.2 9.35 11.8 11.4 10.4
Maximum 14.25 12.8 15.5 14 16 11.7
Minimum 4.5 3.5 5 9.5 8.5 8.5

Standard Deviation 2.35 2.2 2.16 2.2 2.2 1.2

Est. Prod./hr (tons/hr) 1,017 1,272 971.2 1,015 815 881
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increased machine availability since ADCS maintains
operating modes within design limits, and reduced wheel
slip during digging.
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