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_Abstract— Few robot tasks require as forceful an interaction —and those that will fail. While the geometric constraints are
with the world as excavation. In order to effectively plan its easy to specify (e.g. a test that will determine if a particular plan
actions, our robot excavator requires a method that allows it to || fail because it requires the excavator to reach beyond its
predict the resistive forces experienced as it scoops soil from the \york space, or, to violate the shape of the goal terrain), force
terrain. In this paper we present methods for a robot to predict . ho4aints are harder to specify. It is important to specify force
the resistive forces and to improve its predictions based on expe- constraints because in general there are many plans that are

rience. We start with a simple analytical model of a flat blade mov- . . .
ing through soil and show how this analysis can be extended to geometrically feasible but cannot be accomplished because the

account for the phenomena specific to excavation. In addition, we €Xcavator cannot generate the necessary forces. In this paper
examine how representation of the learning problem and method- we develop methods to estimate forces required to perform

ology affect prediction performance using several criteria. excavation for a given excavator and a given terrain. Such a
method can then be used to properly state the force constraint
. INTRODUCTION for automatically planning digging motions.
The excavation task is stated as follo@ven an autono- |, the following sections we first examine related work done

mous excavating robot, a sensor that can determine the shiyy other researchers. Next we develop a simplified analytical
of the terrain, and, a goal configuration of the terrain, producyodel of a flat blade moving through soil. We show how this

and execute a sequence of robot actions to reach the goal Cmethod can be extended to account for phenomena specific to
figuration without violating specified constraints, in a reasongxcavation, using learning methods.

able number of steps

More informally, we would like a robot excavator that is able II. RELATION TO OTHER WORK

to excavate a volume of soil according to a specification. Exc There has been some research on the operation of earthmov-
vation tasks range from loading from a pile of soil, to cutting ing machinery [ZELENIN86, ALEKSEEVA85] that explicitly
geometrically described volume of earth as is required in tladdresses the issue of estimating forces necessary to overcome
digging of a trench or a foundation footing. Two such excavihe shear strength of soil. Unfortunately, this work is mostly
tors are shown in Fig. 1. stated in empirical terms for specific types of machines and it
is not clear how to extrapolate the methodology for arbitrary
mechanisms. A considerable amount of research has explored
finite element analysis of the soil plasticity, for example
[CUNDALLS88a]. While this work performs a painstaking

Previously we have proposed a method to automatically pl:
digging motions for excavators given a kinematic descriptia
of the mechanism, a state description of the terrain and the g
state to be achieved [SINGH92, SINGH94a]. The method ci . e " .

analysis of soil displacement, it is not suited for our purposes

be described as follows: before every dig, a planner forms t”. ; . ; . ;
set of all the feasible digs that the excavator might perforr.s'nce it requires a very large number of iterations of numerical

From this set, one dig that optimizes a specified cost functii"tégration for each problem. Faster, but more approximate
(e.g. amount of soil excavated) is chosen. A complete plan™'€thods have been developed for the purposes of simulation
formed by concatenating such one dig plans until the goal [L193] but the emphasis is on “realistic” looking motion of sall,
achieved. Statement of the set of all “feasible” digs requiresnot on accuracy of the force model.

method which will distinguish between plans that will succee There has been some work in the field of agricultural engi-

Fig. 1 Earthmoving Machines: loader (left), front shovel (right).



neering that has been directed at producing estimates of cuttapplied by the blade is a function of the shape of the terrain, soil
resistance for tilling implements [HETTIATRATCHI88, properties, soil-tool interaction, and tool motion. An examina-
GILL68], using well understood physical principles. This workion of the mechanics reveals that there are distinct phenomena
is important in understanding the mechanics of simple motiothat contribute to the total reaction force experienced by the
of a blade moving through soil. We have found that this analblade. The total resistive force is comprised of forces to shear
sis accounts for first order effects and allows for order of masoil along the failure surface, overcome friction between the
nitude predictions. Our work extends this analysis to accoublade and soil, overcome adhesion between the blade and soil,
for phenomena specific to excavation. and to accelerate the soil in front of the blade. Of these, the
- ; .force necessary to shear the soil is most significant while the
A more complete'descrlptlon of the work reported in thI'adhesion between the blade and soil is negligible. At low
paper can be found in [SINGH94b]. ; =2
speeds, the forces required to accelerate soil in front of the
Il. THE MECHANICS OF EXCAVATION blade can be ignored; hence our analysis withéc

We start with some basic principles in soil mechanics th
are necessary to develop the mechanics of soil-tool interactic
Next we develop a static force analysis for the case of a f
blade moving through soil and discuss the relevance of tt
model to the case of an excavator bucket moving through sc f
@ 4

A. Basic Soil Mechanics ) ;o
. . . o . Applied force _ 7 Failure Surface
To understand failure in a soil mass, it is necessary to revie -
some basic theory in the area of soil mechanics. Fundam EEE— -7
tally, we want to develop the notionsifear strengtlandshear direction of travel

stress The basis of soil strength is ascribed to Coulomb wh
noted that there appeared to be two mechanical processes
determine the shearing strength of a material. He noted that
process (friction) was proportional to the pressure acting pe
pendicularly on the shearing surface. The other process (co
sion) seemed to be independent of normal pressure. Coulo

successive
failure surfaces

modeled the shear strength of a snilas a sum of these two
components:
(b)  displaced
1 = c+otang (1) NG

wherec is the cohesiorg is the normal pressure acting on the_ : — :
internal shear surface and tais the coefficient of sliding fric- Fig.- 2 (a) A flat blade moving through soil. Soil shears along an internal

; ; ; F g e di surface known as the rupture surface and a wedge of soil slides along this
tion. @is also called the angle of internal friction and is dIreCtI-sun‘ace. (b) State of soil after some movement of blade. The soil has failed

visible as the angle of repose of a pile of dry, uUncompactisccessively along failure surfaces and the displaced soil now rests on the
granular material like sand or sugar. When soil shears, it dCmoving wedge. The displaced soil is calidchargeor overburden

so along a surface calledailure surface. Theshear strength
of a soil can be understood to be the resistance per unit areC. Predicting resistive forces using a static analysis

O o, OS50 0 Star wih e Gaseof a i, s bade i ha
ure surfacé fchls scenario has been exam_med e_xt_ensw_ely in civil engineer-
' ing and agricultural engineering. Civil engineering has devel-
While many phenomena such as particle size, chemical cooped an analysis of the passive pressure applied by foundations
position, compaction, and moisture content may affect scand retaining walls on adjacent soil masses [TERZAGHI47].
properties, gross soil behavior can be studied satisfactorily Agricultural engineering has developed analyses of resistive
the simple parameterizatiog, (p). In case the soil is compactedforces experienced by tools necessary to perform tillage.
or is saturated, these parameters (if they could be measu
accurately) are “effective” values. Several laboratory instrt
ments exist to characterize soil in such a manner, althou

obtaining soil propertieis situ (in the field) has the advanta emodeiL. We will model the case just before the soil fails along
g sorl prop . . 9€ 3 new rupture surface using the approximation shown in Fig. 3.
that the soil is in its natural state. Since our case involves int

action of the soil with a tool, we will also need parameters f(AS the blade moves from left to right, soil r!des up the_ metal
soil-tool friction@) and <oil-tool adhesiorc]) and up the rupture surface. The blade resists the soil with a
’ force equal to the sum of the perpendicular force that the blade

B. The case of a flat blade moving through soil provides, the frictional force (soil-tool) and the adhesion (soil-
Lets consider a simple case of soil-tool interaction to start, ©00!)- Similarly, the soil resists shearing by a force equal to the

flat blade (infinitely wide and high) is pushed along a horizor Iafter the shape of mass of sail that is presumed to move along the rupture
tal trajectory as shown in Fig. 2(a). Qualitatively, the total forcsurface.

In this section we develop an approximate equilibrium
model for the mechanics of a flat blade, called wesige




and theN factors. These are only dependant on the soil param-
eters and the geometry of tool. If the soil properties are constant
and the tool moves without changing its rake angleNtfaec-

tors need not be recomputed. (4) is solved for the tool at regular
increments along the line of travel. At each increment, the
amount of soil displaced (by the movement of the tool) is cal-
culated and is used a measure of the surcharge (Fig. 2(b)).
Although it is possible to obtain order of magnitude predictions
using this procedure for a tool moving along an arbitrary path,
there are several caveats to using this analysis:

it ignores all dynamic effects such as the forces
required to accelerate the soil mass.

Fig. 3 Static equilibrium analysis using an approximation of the failure . . .
surface. W is the weight of the moving soil wedggs the length of the tool « it approximates shape of failure surface;

andLsis t_hg length of the failure surfade,is.the surchargg p_ressuFéi,s the . it presumes that the Surcharge is uniform over the fail-

force resisting movement of the wedge &nd the total resistive force. From - .

[McKyes85]. ure wedge. In fact, the surcharge due to the displace soil
is concentrated close to the blade.

frictional force (soil-soil) and the cohesion along the entire ru| « it assumes that the soil being pushed in not confined in

ture surface. Force equilibrium equations for a blade of ur  any way. This allows us to ignore dilation of the soil,

width can be written as which is an otherwise important effect.
Fsin(p +8) +c,L,cosp « it models forces just before failure. If the blade moves
x = _Rsin(B + @) —cL cosB = ) purely horizontally, the soil mass in front of the blade is
@ constantly being brought to failure. However, if the
—Fcos(p +8) +c,L,sinp blade moves in arbitrary directions, not only will the
Zfz = _ (3) wedge geometry vary, but also failure might not be
—Rcos(B+¢) +clysinB+W+Q =0 always be imminent.
After some manipulation, the total resistive foFg€ignor- D. Extension to the excavation scenario
ing adhesion) for a tool of widtl, can be written as: Above we have developed an approximate model for an infi-
0o 2 O nitely wide blade moving through soil along a horizontal tra-
F = ovgd N, +cdN +qdN, qw (4) Jectory at a constant depth. Let's compare the case we have
OF = w2-p-3 modeled to that of an excavator bucket going through typical

digging motions.

where First, excavation tools have finite width and usually are
longer than they are wide. The tillage literature has developed
special models for long tools because they cause failure in the
soil lateral to direction of movement as well as along the direc-
N = 1+ cotBcot(B+¢) (6) tion of movement. This means that in the general case, we will
¢ [cos(p+3d) +sin(p+d)cot(B+q] not be able to use the two dimensional analysis developed
above. McKyes [MCKYES85] notes that in the case the an
excavation tool has side-walls (as with excavator buckets),
then the walls help push the soil into the bucket and constrain
and OF is the angle of the resistive force from the horizoithe failure to a volume directly ahead of the bucket. That is, a
tal. (4) is written in this way because it is a familiar form alstwo dimensional analysis will suffice. Second, the cutting sur-
known as theFundamental Equation of Earthmovif§EE) faces of many excavation tools (dozer blades, excavator
[REECEG64]. Coulomb proposed that the shape of the failupucket) are curved and in some cases shaped such that after a
surface is such that the force required to produce failure is mcertain amount of soil is “scooped”, the soil becomes captive
imum. This shape has been accurately modeled using logarand additional travel results in compression in addition to
mic spirals, but here we will approximate it by a plane (shearing. This stands in contrast to the flat blade assumption of
straight line in two-dimensions). Since the soil frictional prorour model above. Third, excavation often occurs in uneven ter-
erties alone determine the failure zones in soil cutting, the mrain resulting in varying depth as opposed to the relatively con-
likely slip anglep is that which cause, to be minimum. In stant depth assumed in the case of tillage. Lastly, excavation
effect, this identifies path of least resistance for the soil to fetools will be required to rotate at various rates as opposed to
When different values o (between 0 and 90 degrees) artillage tools which are typically required to translate at a fixed
tried, Ny varies and the most likely value Bfis found at the orientation.
minimum value ofNy, and is then used to calculate the othe
terms.

N = cotp+cotB (5)
Y~ 2[cos(p+0d) +sin(p+0d) cot(B+@)]

N = cot_p+cotB @)
9 [cos(p+9) +sin(p+d)cot(P+q)]

So far we have considered only very simple motions of the
o ' ' . excavating tool. We could use the FEE to predict the forces dur-
Prediction of the reactive force starts with calculatiof of ing realistic excavation. We find that to start with, the wedge



model provides reasonable prediction, but as the tool proceethat sweeps in a raster fashion. The scanner has a 60 degree
the quality of the prediction decreases. We have conductehorizontal field of view and a 45 degree vertical field of view.
series of experiments in our experimental testbed (describecWe have adapted a perception and mapping system developed
the next section) and have recorded forces during movemenat CMU [HOFFMAN92] to produce terrain elevation maps for

an excavator bucket. Fig. 4 compares the recorded resistour task. An example terrain map of the testbed is shown in Fig.
forces to those predicted by the wedge model. Below we d6 Each cell in the terrain map is 5 cm square.

cuss how prediction can be improved using a variety of met

ods.
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Fig. 4 Use of the wedge model to compute resistive force during

excavation.

IV. EXPERIMENTAL TESTBED

We have developed a testbed to conduct experiments in s
surface sensing and excavation. The testbed consists of a si
box (2.5m x 2.5m x 1m), a Cincinnati Milacron T3 hydraulic.
robot outfitted with an excavator bucket and force sensor, a
a laser range finder. The setup of our testbed is shown in Fig
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Fig. 5 Testbed
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Fig. 6 Elevation map of testbed.
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To illustrate the difference in prediction produced by the
combinations of representations and learning methods, we con-
sider two examples of excavation. Fig. 7 shows two digs that
were performed. We will compare the force data collected from
these experiments to force data predicted based on prior exper-
iments (approximately 4000 measurements from 30 digs are
used).

V. LEARNING TO PREDICT RESISTIVEFORCES

We use “learning” to loosely mean the ability to improve
performance with experience. For our purposes, we are specif-
ically interested in a function approximation scheme that is
able to better predict resistive forces based on experimental
data. In this section we examine two fundamental factors in
function approximation—epresentationand methodology
We contend that good representations significantly impact
learning methods. In particular we claim that representations
motivated by physical models provide a substantial benefit. We
examine three learning methodgopal regressionmemory
based learningandneural net} and show how these differ in
terms of performance using several criteria (accuracy, training
time, prediction time and memory requirements).

We start with a physical model— the FEE. Given a set of
force data along with shape of the terrain and the trajectory fol-
lowed by a excavating tool, we seek the unknown parameters
that best fit the observations. For various reasons this model is

The robot we use is a large industrial manipulator with ¢2Wkward to work with and is deficient in capturing the com-
end effector payload of approximately 125 lbs. We hawPlexity of soil-tool interaction during excavation. In response
attached a small excavator bucket with a volume of 03aisn We have developed a formulation motivated by the wedge
an end effector. The laser range scanner produces an imangQel but that is easier to work with. I_deally, we are looking
the terrain such that the value of each pixel in the imagefor is a set of basis functionG, that are linearly related to the

based on the distance from the scanner to the world along a



each other, suggesting that there are numerous local minima in
15 i i i i the function. The advantage of this method is that the represen-
tation is very compact and once the unknowns are found, pre-
diction is fast. On the downside, the form of the wedge model
and the accompanying FEE is hard to work with— the non-lin-
ear nature and multiple local extrema make data fitting a diffi-
cult task. Our brute force method that requires a very large
number of evaluations of the FEE. Discretizing the four
unknown parameters into just 20 intervals, the search required
several days of computation.

path followed by
1t excavator bucket

Although we are able to find a set of parameters that produce
a mean absolute error of approximately 100 nevitamshe
magnitude of the resistive force, qualitatively the predictions

oo
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w

1.5 ; ; ; ; produce average estimates, and do not fit the measured data
well at any part of an excavation. Accuracy is improved over
path followed by the prediction done using nominal parameters (we roughly
excavator bucket | know the values ofg, c, 9, y) for our testbed) in that the errors

are attenuated but the fundamental deficiency in accounting for
second order effects remains. The wedge model does provide a
bound on the errors that will be acceptable by other methods.
Below we will see how this method compares to others.

B. Selecting a linear basis

0 ‘ ‘ ‘ ‘ Let us turn our attention to a representation that is easier to
0.5 1 15 2 25 3 work with. To review the problem at hand, we are looking for
Fig. 7 Two digs. (a) and (b) show elevation profiles of the soil in testbec2 method to predict fL!tU_re resistive forces _based on past exper-
along the length of the trench that is to be created (marked by dashed lineimental data. The resistive fordg,is a function of the robot’s

Forces at the bucket tip were measured at approximatelyog,iz25 degs,  action @) and the world staten):
0y = 30 degsgi 4 =d1p = 0.38 mdyy =dopy = 0.26 m.

F=f(AxW, 9)
unknowns. That is: (A i)

Gk 4. 4Gk = F @ If we chooseG to be an appropriate encoding afw we
1t = 8) can write

where thek are the unknown parameters. In this section w Ak +..+Ak +W _ k  ,+..+W  k _=F (10)
show howG is selected and how the semantic&dffect per-

formance. For every force reading taken during excavation, wheren andm are the number of variables needed to enéode
can write a separate equation. This is a familiar case of an onandW respectively. Since we are interested in both the planar
determined system and can be readily solved. components off, we will need to write two separate equations
one for each of, andF,. Now it is possible to use a least-

A. Fitting wedge model parameters to observed data .
fiiing wecg P v squares method to determine the unknéwn

Since the FEE is highly non-linear, complete inversion t
determine the unknowns, (@, ¢ andy) is difficult and we will
need a numerical method. If we pose the determination
unknowns as a minimization of the error between observi
outputs and predicted outputs, a large number of methods 1
be used (for example, tl®wnhill simplexmethod anaonju-

It remains to be shown how to choose the basis fundBons
We present three ways to build a linear basis. To start we con-
sider a “naive” formulation. This formulation is based simply
on a compact geometric representation of actions and world
states. Next, we use the analysis of the mechanics to motivate

gate gradient descefPRESS88)). In general, non-linear min_the basis funct_lc_)ns. Finally, we suggest a reduced formulation,
imization is a difficult process requiring iterative refinemenP@sed on empirical results.

Since we present the wedge model only for comparison, \ Consider the trenching action in Fig. 8. Lets say that we per-
have used a brute force approach in which we simply searchform a number of digging actions. Before the digging starts, we
the values of the unknown variables(, 9, y) that best fit the record the shape of the terrain as a sétaridc; from an ele-
observed force data. This will involve an exhaustive search tlvation map. While the excavator moves along a path, we record
is exponential in the number of unknowns. the position of the bucket and the forces at the bucket tip mea-

Brute force search to find the parametex(3, y) from the sured by a force sensor at a fixed interval of time. For each
wedge model that best fit the observed force data results i
number of solutions that are very close in their error metri
Rankmg the solutions by their ability to mmlm,lze thQ e_rror,ow “This is the best possible case since this number is simply the residual error
notice that there are a large number of solutions within 1% f,om fitting the entire data set.
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described byd(, dq, dp). (a) the bucket has moved a distadf%alongdl (b)
the bucket has movesty ~ alongdo.
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p,d;, d, Iy .15 ,I3,I4 ,I5 € C, Gy Y, (12)
Fig. 8 Encoding a trenching action and the state of the terrain. Here we
encode an atomic dig witl(d4, dp). The world state is represented by a sub-
sampled elevation profile along the trench to be excavigjeah(l across the Ci are measured
trench ¢). f\J in this plane

force reading we create the basis shown in (11). For a parti

a,d, d, [ P PO P 1 €y, Cy Cg (11)

lar dig,a andl; are fixedd,, dy, ¢;, ¢, andcg vary with the posi-
tion of the bucket (Fig. 9). G =p, dy*, 0, 172, 15%2, 1572, 1,92, 15%2, %2, ¢,%2, cq*2,v

This formulation is purely geometrical. The next formula
tion will use insights gained from the above analysis. F
instance, we know that the resistive force is proportional to tl
square of the depth of the tip of the cutting surface, and that"
resistive force depends on the profile of soil in front of the cu
ting surface. We also know that the resistive force depends d;
the volume of soil displaced (surcharge) and on the angle of 1
cutting surface. Amechanics-basetbrmulation is shown in
(12) wherev is the volume of soil displaced. Fig. 10 shows hov
the semantics of these parameters. From experimentation
have found that some of the variables in the basis do not hi= , , , ;

Fig. 10 Computindgs based on an analysis of the mechanics. Terrain ahead
muc.:h of an effect. For ex_ample, the furth_er one gets from tof the cutting surface is encoded as a sequences of depths (squared values
cutting surface, the less likely the terrain is to affect the resysed). Additionally, we encode the rake angle, and volume of soil displaced.
tive force. For comparison we have also looked at a reduc

G(13) Below we examine how differences in formulation

Ci are measured
¥ in this plane

G**:P,dl,dz**, |l~k*2,|2*~k2’|3**2‘ |4**2, IS**Z'Cl**Z'CZ**zv(:S**z'V**

p.dpd, If.505 v (13)



affect prediction performance. on the method used to solve a linear over-determineg system.
Assuming LU decomposition is used to invert the mas %G ,

VI. LEARNING METHODS the number of computations required @e’ +nD"+D°/3
A. Global Regression whereD is the number of unknowns ands the number of data
Given a set of basis functios the unknowns, are found ggms. Once the parameters are known, prediction time is con-

by solving the normal equations:

O 1
K=(660 Gy (14) Instead of modelling all the data simultaneously, predictions
could be based on local models that are fitted to the data in the
neighborhood of a query point. Such methods require that all
experiences 1, Y1),..., X, Yp)} are explicitly stored in mem-
ory and hence the term “memory based”. A simple memory
based method isearest-neighborin this method, when a
guery is made, the memory is searched fonthearest points
in the input space. The dependant values of these points are
averaged to provide a prediction. Since there is no model what-
soever, this method is prone to noise. The only recourse is to
average over a larger neighborhood. Instead of simply averag-
ing then nearest points, we might form a linear model over this

The net result of global regression is two sets of 12 paransubset— the surface of the function is approximated by hyper-
ters (one each fdg andf,). It is instructive to examine the mag-plane patches. A further extension is to weight the points used
nitude of these weights. To a first approximation they tell un the linear model by their proximity to the query point. Intu-
that distance alondy andd,, depth of the bucket tify, and the itively, the further a point is in the input space from the query
volume displacedy, are significant factors. The weights alscpoint, the less it should be weighted. This method is commonly
show rapidly decreasing effect from elevation of the soil as ocalled Local Weighted Regression (LWR) and has been
gets further away from the bucket tlp.(Is). This agrees with described in [CLEVELAND88, ATKESON91, MOORE93].
the intuition developed in the analysis

B. Memory Based Learning

(14) is abatch method— all data are processed simults
neously. This method can be modified intdtarative scheme
where data are incorporated sequentially, as they arrive. I
noteworthy that if the basis functions are motivated by tf
mechanics, global regression is able to produce good prec
tions in the presence of noise and in the absence of data ne
boring a query point. However, complex systems are not eas
represented by methods that model all the data simultaneou
with the net result that even if the residual fit error is low, n
part of the function is represented well.

Moving from global to local models further improves pre-
That global regression produces better results than tdiction. Fig. 12 shows force data that are predicted using a local
wedge model is testimony to the fact that the wedge modelweighted regression scheme. In addition to the method
not able to capture the complexity of soil-tool interaction duidescribed above we have used a scaled Euclidean distance met-
ing excavation (Fig. 11). ric that weighs input parameters by a measure of how strongly
they predict the output. Relative importance of input parame-
ters is obtained by analyzing the entire training set using a sta-

600 o ' ' tistical package called MARS [FRIEDMANSS].
= As usual, there is a trade-off in ability to represent the underly-
g 400 ing function and noise rejection. Using a local model can do a
s lot to improve fidelity of fit, even if the basis functions are
';';, approximate. Conversely, the weaker the model, the more
g 2007 prone local methods will be to noise and missing data. Use of
LWR is predicated on the search for theearest neighbors to
a query point and for practical purposes a prediction using

20 40 60 80 100 120 LWR will require O(n) computations. One way to deal with
0 measured data - predicted data large data sets is to train on a randomly chosen subset of the
' training data.

-50
- C. Neural Nets
g Another way to deal with complex functions is to use a non-
o 100} linear mapping between the unknowns and the basis functions.
S ;; One such method is a back-propagation neural net. Back-prop-
'-;, ) agation works by repeatedly showing a network sample inputs
£ -150¢ along with the true (perhaps noisy) outputs, while the network
‘ ‘ ‘ ‘ ‘ learns by adjusting its weights. It is common to connect inputs
20 40 60 80 100 120 and outputs with one or more layers of computational nodes
# called hidden units The simplest computational nodes sum
Fig. :_Ll Prediction using global regression with mechanics based basis Weighted inputs and pass the result through a non-linearity_ A
functions. node is characterized by an internal thresBaidd by the type

i i i of nonlinearity. A commonly used nonlinearity is called the
In the batch case, the complexity of this method is depend:



Training neural networks to approximate a function is some-
what of a black art. There are many parameters to be adjusted
and in general, the designer has to try a large number of com-
binations of parameters to gain satisfactory results. For our
application we have found that a single layer back-propagation
network with 30 hidden units gives good results when it has
been shown the inputs and outputs approximately 10,000
times. There is no clear way of describing the amount of com-
putation required to train a neural net; in our case training a net-

- : : work requires 10-30 hours of computation time. However,
20 40 60 80 100 120 once trained prediction is very fast and the representation is
very compact.

D. Criteria

So far we have qualitatively compared the various methods
with the mechanics based formulation of the basis functions.
Below, we present quantitative results to aid in comparison of
the method and the various representations.
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The first criteria to compare methods and representation is
accuracy We have conducted a systematic comparison of the
average accuracy that results from the various representations
and methods discussed above. Each data set was analyzed
using 10-fold cross-validation. The data set was divided into
Fig. 12 Eredicti_on using default local weighted regression with mechanicten blocks of near_equa| size. For every block in turn, each
based basis functions. method was trained on the remaining blocks and tested on the
hold-out block. Results, averaged over all test blocks, thus
reflect the predictive performance on unseen cases. The mean
absolute error is used as the measure of performance.

Ang Force (degs)

sigmoidand is defined:

1

(15)
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o(a) =
TABLE | Mean Absolute Error (N) between predicted and observed
magnitude of resistive force. The results are based on a 10 fold cross-validation

awith the exception of the results for back propagation which was trained on a
block of 3000 points and tested with the remaining 1000 points.

Fig. 13 shows prediction for the two exemplar cases we h
been following.

600 . . . . . Reduced
Mechanics | Mechanics
= Naive based based
T 400 Dig A 1 Basis. (11) | basis (12) | basis (13)
[&]
LEE Global Regression 81.64 69.52 70.22
2200} 1 3 Nearest Neighbors 79.27 72.37 72.44
= LWR (default) 65.83 65.37 64.15
: — & : : LWR (MARS scaling) 63.65 62.92 68.82
20 40 60 80 100 120
Back Prop (30 HU) 83.18 64.67 66.91

0 measured data - predicted data This comparison confirms a couple of points. First, the

mechanics based basis functions provide significantly better

accuracy for 3 out of the 5 cases. Improvement is smallest with

LWR and in this case it appears that the local nature of the

method is able to represent the underlying function well. Sec-

ond, removing those variables which were detected to have a
Sy small influence on the output values does not degrade perfor-
mance significantly and in one case even improves the error
‘ ‘ ‘ ‘ ‘ metric. Across methods, apart from discounting global regres-

20 40 60 80 100 120 sion and nearest neighbor, it is hard to make a case for particu-
lar method based on accuracy alone.

-100} &

Ang Force (degs)
o)
O

Fig. 13  Prediction using a back propagation neural network (30 hidden o . L
units) with mechanics based basis functions. Next we compare methods based on training time, prediction

time, ease of incorporating new data and memory requirements



during prediction (TABLE II). for Earthmoving Work, Theory and Calculations, A. A. Balkema, Rot-
terdam, 1992.

TABLE Il Other criteria to compare learning methddss the number of basis [ZELENINS6] Zelenin, A. N. and Balovnev, V. I. and Kerov, L. P,
functions,nis the size of the training set, ands the number of hidden units. \achines for moving the earth, 1992.

Execution times are approximate times for a Sun Sparc 10. [CUNDALLS88] Cundall, P., Board, M., “A Microcomputer Program

for Modelling Large Strain Plasticity Problems”, Numerical Methods
. | easeof in Geomechanics, Balkema, Rotterdam1988.
training predlctlon Incorporating memory . . " .
time time new data |requirements| [MCKYES85] McKyes, E., Soil Cutting and Tillage Elsevier,
Wedge days ~10 ms complete 4 constants AmSterdam' 1985. . L
Model (using retraining/ [GILL68] Gill, W. R., VandenBerg, G. E., “Soil Dynamics in Tillage
brute search and Traction”, Agriculture Handbook No. 316, Agricultural Research
force required Service, US Department of Agriculture, 1968.
search) [HETTIARATCHI88] Hettiaratchi, D.R.P., “Theoretical Soll
Global “10secs | ~1ms iterative 2 sets of D Mechanics and Implement Design,” Soil and Tillage Research, Vol.
Regression scheme constants 11, 1988, pp.325- 347, Elsevier Science Publishers.
possible [ATKESON91] Christopher G. Atkeson, Using Locally Weighted
Memory “Thr | <100ms easy all data Regression for Robot Learning, Proceedings International Conference
Based must be on Robotics and Automation, 1991.
Learning stored: nD [LI93] Xin Li and J. Michael Moshell, Modeling Soil: Realtime
Dynamic Models for Soil Slippage an Manipulation, Proceedings of
networks required [SINGH94b], Singh, S., Resistive Forces during Robotic Excavation:

Analysis, Experiments, and Methods to improve prediction based on
Atkeson has pointed out that if there is a continuously grovempirical data, Technical Report, Robotics Institute, Carnegie Mellon

ing training set intermixed with queries then memory-baseUniversity, To Appear.

learning is appropriate [ATKESON91]. Local methods are ab[TERZAGHI47] Terzaghi, K., Theoretical soil mechanics, Wiley,

to reduce interference between data both spatially (in the inj1947.

space) and temporally, and generalization depends on the ([REECEG64] Reece, A. R, The fundamental equation of earth moving

sity of the samples. For the excavation domain this means tmechanics, Proceedings of Institution of Mechanical Engineers},179-

if very little is known about the soil-tool interaction in a giver3F, 1964

environment, and we would like to rapidly improve predictior[HOFFMAN92] Hoffman, R., and Krotkov, E., “Terrain Mapping for

then memory based methods will be useful. However, if a fixd-0ng Duration Autonomous Walking”, IRroc. IEEE/RSJ Interna-

training set is available before queries are made, then tional Conference on Intelligent Robots and Systétateigh, 1992.

approach like neural nets will be preferable. [PRESS88] Press, W. H and Flannery, B. P. and Teukolsky, S. A. and
Vetterling, W. T., Numerical Recipes, Cambridge Press, 1988.
VII. SUMMARY [CLEVELANDSS]. S. Cleveland and S. J. Devlin, Locally Weighted

Regression: An Approach to Regression Analysis by Local Fitting,
Journal of American Statistical Association, 83(403), 1988.
[MOORES93] A. W. Moore, General Memory Based Learning, A Brief

showed how this model is deficient for our purposes. We haEpranation of the concept, the software and the C interface, 1993.
W W Ahi ! ICI ur purp ’ [FRIEDMANSS], Friedman, J. H., Fitting functions to noisy data in

USEd. the anal_ySIS to deyelop a formula’[lon’ which can 'mpr.o‘high dimensions, Proc., Twentieth Symposium on the Interface, Weg-
predictions with experience. Upon experimental evaluatioan Gantz and Miller. 1988.

we find that representation based on physical models is su
rior to a naive representation based purely on geometry.

In this paper we have presented methods to improve prec
tion of resistive forces experienced during excavation. W
started with a simple model of a blade moving through soil ai
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