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Abstract: We present a composite forward model of the mechanics of an excava-
tor backhoe digging in soil. This model is used to predict the trajectories devel-
oped by a closed-loop force based control scheme given initial conditions, some
of which can be controlled (excavator control parameters), some directly mea-
sured (shape of the terrain), and some estimated (soil properties). Since soil condi-
tions can vary significantly, it is necessary that soil properties be estimated online.
Our models are used to both estimate soil properties and predict contact forces
between the excavator and the terrain. In a large set of experiments we have con-
ducted, we find that these models are accurate to within approximately 20% and
run about 100 times faster than real-time. In this paper we motivate the develop-
ment of these models and discuss experimental data from our testbed.

1. Introduction

We have developed a robotic earthmoving system that completely automates the task
of mass excavation and truck loading. Our excavator uses scanning laser rangefinders
to recognize and localize trucks, measure the soil face and detect obstacles (Figure
1). The excavator’s software decides where to dig in the soil and where to dump in
the truck and how to quickly move between these points. This system was fully
implemented and was shown to load trucks as fast as human operators [13].

Previously we have proposed a method to automatically plan digging motions for
excavators [11],[12]. Digging actions are described by a compact set of action param-
eters and the space spanned by these parameters is searched for an action that both
satisfies constraints and optimizes a cost function. Much of the success of such a con-
straint optimization system hinges on the ability to accurately model the effect of
actions— there is little use in comparing candidate actions unless there is some way
of scoring each action. Here we report on models used to predict digging trajectories
before they are executed. These models capture machine dynamics, soil properties
and the soil-tool interaction.



2.  Related Work

For purposes of automatic planning we require models that are both accurate and
computationally fast. Speed is essential since many candidate actions must be exam-
ined in only a few seconds. The literature in soil-tool interaction tends to the
extremes. On one end are finite element models such as [4] that are accurate but com-
putationally taxing—these models are typically three orders of magnitude slower
than real-time. At the other end of the spectrum are models that represent gross
behavior of machines [1],[14]. The level of detail closest to what we require is found
in research that seeks to estimate cutting resistance for agricultural tilling implements
[7],[8]. While somewhat simplistic, these models provide the basic mechanics of
earthmoving. We have extended these models to suit our application and use them to
estimate soil properties, as well as to predict contact forces between the excavator
and the terrain. In a somewhat similar vein we have found that the methods described
in the literature on the modeling of hydraulic actuators (such as [2],[6]) do not pro-
vide the requisite computational speed. We have sacrificed some accuracy in favor of
prediction speed by using empirical models of hydraulic actuators.

3. Forward Model of Excavation

Digging efficiently requires solution of two qualitatively different problems—where
to digandhow to dig. We solve the first problem by examining candidate actions and
choosing the best one based on a number of criteria. The second problem, which is to
guide the bucket through the soil once a digging location has been selected, is solved
by the use of a force based control law. The two problems are coupled, however. To
select digs it is necessary to know the effect of the closed-loop system, that is, the
resultant trajectory for a given action. In our case the action corresponds to the start-

Figure 1 Our testbed excavator is a commercial grade 25 ton machine. It is equipped with
onboard computing, joint sensing, and range sensing that allows mapping of the surrounding
terrain. The joints are powered by hydraulic actuators.
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ing conditions of a dig. Note that this trajectory will not only vary with the control
parameters of an action, but also with the shape of the terrain as well as soil proper-
ties. Terrain shape can be measured directly, but soil properties must be estimated.

We have developed a feedforward model of the excavation process as shown in
Figure 2. A model of the machine’s actuators is used to predict the motion of the
bucket in response to the actuator commands and reaction forces. The resultant
motion is used by a soil-tool model to predict reaction forces on the bucket. Reaction
forces and actuator positions are used by a control law to dictate actuator commands.
This cycle is started with initial conditions (starting location and orientation of the
bucket) and continued until the bucket is out of the ground. Predicted trajectories are
scored by the use of a utility function composed of factors such as the time spent dur-
ing digging, the energy expended, and the volume of soil captured.

3.1. Actuator Model

A hydraulic excavator has four revolute joints: swing, boom, stick, and bucket (Fig-
ure 1). Since digging requires a planar motion, we model only the last three degrees
of freedom. The boom, stick, and bucket joints are controlled by extending and
retracting prismatic hydraulic actuators attached across each joint.

Several factors contribute to the difficulty of modeling this system. Open-center
valves are used to control the hydraulic actuators. Use of these valves requires that
some of the flow is leaked back to a reservoir while the remainder is used to move the
actuator. The leakage is partly dependent on the load on the actuator. The implements
are also coupled in motion because a single hydraulic pump is used to power two
joints and is limited in the amount of flow it can produce. There are also many tran-
sient effects, such as the time required for a pump to stroke up to meet demand, and
the compressibility of the hydraulic fluid. Finally, unlike many typical robot systems,
the contact forces at the tool are very high, and significantly contribute to system
non-linearity. For instance, when the pressure in an actuator exceeds a threshold, a
pressure relief valve opens stopping the actuator.

Figure 3 shows an overview of the model required to predict motion of the
hydraulic actuators. Models of such complex mechanisms tend to be computationally
expensive. Since we need both accuracy and speed to model the system we use an
empirical model composed of neural nets. Neural nets are particularly suited to this
application because system performance does not change significantly over time and
a large set of training data (operation in various geometric configurations as well as

Figure 2 Composite model of the digging process.
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soil conditions) is available prior to prediction. The advantage of neural nets is that
they can capture the non-linearity not possible with globally linear methods and are
much faster than locally linear methods. The disadvantage is that good performance
requires trial and error experimentation with various configurations of neural nets.
We model each actuator with a separate two layer network consisting of three input
nodes, five hidden nodes, and one output node. The networks arerecurrent— the pre-
dicted velocity is fed back to the network as one of the inputs for the next time step.
Inputs are delayed by a small amount to account for system latency [3].

3.1.1. Actuator Model Performance

Figure 4 shows a comparison between the actuator velocities and their predic-
tions. The networks were trained using 30 digs (1710 data points) from various ter-
rain profiles and soil hardnesses. The plots show the predicted velocities for a
separate set of 10 dig cycles not in the training set.

3.2. Soil-Tool Model
Forces acting against the bucket are a function of the geometry of the bucket-ter-

rain intersection (Γ), and the inherent properties of the soil (Ψ).

whereF represents the generalized force acting at the bucket tip.
Γ is found by intersecting the bucket pose with a topological map of the area to be

excavated. Terrain topology is obtained prior to every dig cycle using onboard laser
range sensors [13].Ψ is obtained by solving for a set of parameters that minimize the

Figure 3 The actuator model predicts velocities given commands and loads (due to
gravitational and contact forces). Note the coupling between the bucket and boom
due to the fact that both are powered by a single source. Each actuator is modeled
with a neural net.
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difference between modeled and measured resistive forces.
What remains is a means,f(), to predict contact forces at the bucket due to resis-

tance from the soil. We have implemented two methods for estimating reaction forces
on the bucket. The first method uses an analytical model based on the well known
Fundamental Earthmoving Equation(FEE) in soil mechanics [9]. The second
method uses a lumped parameter empirical model that uses terms from the FEE as a
basis set.

Reaction forces can vary dramatically depending on terrain geometry, soil com-
paction, and even climate. For instance at our test site, the soil varied from hard and
frozen in the winter, wet and soupy in the rainy seasons, and dry and powdery during
the summers. Therefore it is necessary that our soil reaction force models reflect the
changing soil characteristics encountered. For each of the models mentioned above
we have implemented a method for extracting soil properties based on the forces
encountered during digging.

In our system, reaction forces are estimated based on the measurement of pres-
sure in the hydraulic actuators. These pressures can be transformed into joint torques
(see [5] for details), which can subsequently be used to estimate the reaction forces:

whereJ is the manipulator Jacobian of the mechanism (from the boom joint to the
bucket tip),τ represents the joint torques, andG the torques on the mechanism due to
the weights of the implements. The bucket is intersected with a terrain map resulting
in an estimate of the intersection geometry . and can be combined to find the
best estimate of soil properties (Figure 5). GivenΨ, we findΓ for each step in the
simulated dig, and predict reaction forces at the bucket. The model shown in Figure 2
is used to predict motion of the bucket tip.

3.2.1. Analytical Model

The FEE which was originally developed to estimate the forces on tilling equipment
in agricultural applications, predicts resistive forces acting against a flat blade mov-

Figure 4 Comparison of predicted versus measured actuator velocities for the stick (left)
and the bucket (right) and stick over 10 digging cycles. Mean absolute velocity errors for the
boom, stick and bucket were 4.3 mm/s, 11.8mm/s and 18.6 mm/s respectively. Peak velocities
for these actuators were 87 mm/s, 243 mm/s and 250 mm/s.
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ing horizontally through a level surface at constant depth. Resistive force is computed
as the force required to shear a wedge of soil along a series of failure planes. The FEE
uses first principle physics and the parameters are identifiable physical properties.

 We have modified the FEE to be more applicable to our application (Figure 6).

Chiefly, the model was modified to account for a variably sloped terrain and the
calculation of depth is based on the local shape of the terrain. Ignoring the small
adhesion forces and eliminatingRvia substitution, we obtain:

Figure 5 Actuator pressures, P(t), measured during digging are used to estimate contact
forces, . These forces and the intersection geometry are used to estimate soil properties. This
process may occur as frequently as once after each dig.

Figure 6 Pseudostatic model of earthmoving at critical point just before failure. This model
extends the FEE by accounting for the material being retained in the bucket and for the slope
of the terrain (α). Lt is length of the tool, Lf is the length of the surface along which the wedge
slides, Q is the surcharge, or the displaced soil that rests on the wedge,φ is the soil-soil friction
angle, c is the cohesiveness of the soil, ca is the adhesion between the soil and blade,δ is the
soil-tool friction angle, R is the force of the soil resisting the movement of the wedge, and F is
the force exerted by the tool to cause failure. The material in the shaded region constitutes all
of the material that has passed over the top of the bucket tip during the bucket’s motion, and is
referred to as the swept volume, Vs.
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The terms representing the intersection geometry correspond to the depth of the
bucket tip, the terrain slope, rake angle, and swept volume:Γ=(d, α, ρ, Vs). These val-
ues can be calculated once bucket pose and terrain shape are known. The inherent soil
properties correspond to the soil-tool friction angle, the soil-soil friction angle, the
failure surface angle, the density of the material, and the cohesiveness of the material:
Ψ=( δ, φ,  β, γ, c).

Note that each ofNw, Nc andNq is composed of highly non-linear terms. Since
these equations are not invertible, we have implemented a numerical method that

searches for the set that minimizes . This method uses a combina-
tion of a stochastic search and efficient gradient descent [5].

3.2.2. Empirical Model

Since the FEE requires a potentially expensive computational process, we have also
investigated the use of a linear, lumped-parameter model. The independent variables
of this model are terms from the FEE that can be measured directly or can be con-
trolled. We also used a statistical analysis to ensure that the terms used were good
predictors of the contact force. We assume that the model for each of the planar com-
ponents (Fx andFy) and the moment at the bucket tip (M) takes the form:

We selected the basis set =(d2, cos(ρ), α, Vs). An intelligent choice of can help
remove some of the non-linearity. Linear regression is used to find the soil properties,

. Note that the soil properties estimated with this method are not identifiable phys-

ical quantities. Their values however are intrinsically dependent on the overall soil
characteristics. Thus we cannot use this model to extrapolate soil forces for harder or
stickier soils, whereas with the analytical model, we have a physical understanding of
how the soil properties should change.

3.2.3. Soil-Tool Model Performance

We performed a cross validation test using data from 23 separate digs (approximately
1100 data points) and used a sliding window of approximately 300 data points to esti-
mate the forces for the next dig.

Referring to Figure 7, somewhat surprisingly, the difference in error between the
two models is small. However, while the time required to predict reaction forces
using the empirical model is only slightly faster than the analytical model (13 ms vs.
16 ms), extraction of the soil properties with the empirical model is significantly
faster (8 ms vs. 3400 ms). (Tests were conducted with an SGI R10000 processor).
Soil properties estimated via the analytical model appear to make physical sense, and
are relatively consistent during an extended sequence of operations. The empirical
model parameters however vary a great deal since they are not tied to any physical
relationship [3].
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3.3.  Control Law

Excessive force on any one implement during digging can result in an inefficient and
time consuming digging operation. In order to control the forces in our machine, we
used a control law (AutoDig) designed to mimic the operation of a human operator
[10]. AutoDig uses the position of the implements and cylinder pressures to directly
control cylinder velocities. The behavior of AutoDig can be modified by changing a
small set of parameters some of which have to do with implement position, while
others are used to map cylinder pressures to actuator velocities. The latter can be
thought of as an adjustment of end-effector stiffness or conversely a means of indicat-
ing soil hardness. Experiments show that the control law is effective in most cases
where it is possible to capture a full bucket. When a stiff inclusion such as a boulder
is encountered, AutoDig guides the bucket along the boundary of the object without
stalling the excavator. AutoDig requires prior specification of certain joint angles at
which the digging should end. In some cases, this means that digging is terminated
early, while in others, the bucket sweeps a volume of soil greater than bucket capac-
ity. More details about AutoDig can be found in [3],[10].

4. Excavation Model Results

We have conducted approximately 1900 digging experiments. We find that most sig-
nificant discrepancies between the model and measured trajectories are either due to
non-homogeneous material effects such as boulders, or, errors in the range data
required to estimate terrain shape. Figure 8 shows a qualitative comparison between
the predicted and measured trajectories for four digs.

Figure 9 shows a comparison between the digging statistics predicted by the for-
ward model and the statistics calculated by monitoring the actual digging cycle.
These quantities (time, energy, and swept volume) are important for evaluating the
overall utility of a dig. The time calculation corresponds to the length of time that the

Figure 7 Cross-validation test for resistive force using the analytical and empirical models.
The left plot shows a comparison of the force magnitudes for two digs.The right plots show
histograms of errors. Using the analytical model, the mean absolute error in force magnitude
is 13,980 N vs. 14,790 N when the empirical model is used. Standard deviations are 10,970 N
and 11,880 N respectively. Peak forces are approximately 142,000N.
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bucket tip is below the surface of the terrain. The energy is calculated by integrating
the product of the actuator forces and displacements. The swept volume is computed
by intersecting the bucket trajectory with the terrain map at each time step.

As previously indicated, the purpose of our model is to allow an evaluation of a
number of candidate trajectories as specified by a starting location and orientation of
the bucket. A utility function is used to select the best candidate and this action is
then executed. See [3], [12] for more details about this approach.

Figure 8 Comparison of modeled versus actual dig trajectories for 4 separate dig cycles.
The model predicts the bucket trajectory reasonably well for a number of different terrain
profiles and starting conditions.

Figure 9 Comparison of digging statistics produced by the feed forward model to the
statistics computed from actual test data. Mean errors in estimating time, volume and energy
are 13.7%, 14.7% and 12.5%. We note a small systematic bias: captured volume is consistently
underestimated, while  time is generally overestimated.
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5. Conclusions

We have created a faster than real-time model which is able to estimate the trajec-
tory of the bucket during a typical excavation cycle. The model combines a force
based control law, a model of the vehicle’s hydraulic actuators, and a soil reaction
force model. Two methods were investigated for modeling the soil reaction forces,
and methods were developed for estimating the characteristics of the soil. The models
are comparable in accuracy, but differ in the ability to extrapolate and in the speed in
which the soil characteristics can be estimated. We have implemented a planner that
uses the forward model of the excavation process to examine the utility of numerous
candidate digs and chooses the one that meets some objective criteria. The planner is
able to examine approximately 100 candidate digs in a matter of just a few seconds.
Our experiments have shown that the combination of the model with this planning
methodology produces results comparable to operation by an expert human operator.
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