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Abstract Automation can be a practical reality only if the robotic

Hydraulic machines used in a number of applications ammachine is more productive than a manually operated one. This
highly non-linear systems. Besides the dynamic couplifequires that tasks be performed optimally to minimize a com-
between the different links, there are significant actuator nobination of performance objectives such as time per bucket
linearities due to the inherent properties of the hydraulic syload and fuel consumption. Optimal motion computation in
tem. Automation of such machines requires the robotic machturn requires a robot model which defines the constraint surface
to be atleast as productive as a manually operated machitfor the path optimization problem. A complete robot model
which in turn make the case for performing tasks optimalconsists of an actuator model and a linkage dynamics model.
with respect to an Objec'[ive function (Say) Composed of a CoWh”e the Iinkage dynamics for an excavator robot can be mod-
bination of time and fuel usage. Optimal path computaticeled using the well-known Newton-Euler equations, the actua-

requires fast machine models in order to be practically usabltor model is rather complex and non-linear. The non-linearity
is due to the highly non-linear hydraulic system, and also due

This work examines the use of memory-based learningig the power coupling between the actuators, which are pow-
constructing the model of a 25-ton hydraulic excavator. Ttgpeq by a limited power source (i.e. the engine). An analytical

learned actuator model is used in conjunction with a linkagactyator model for an excavator is therefore computationally
dynamic model to construct a complete excavator model Whigypensive.

is much faster than a complete analytical model. Test resu ) ) ) )
show that the approach effectively captures the interactio This paper describes the construction of a fast hydraulic sys-

between the different actuators. tem and actuator model for an excavator through memory-
based learning. The learned model has been used to construct a
|. Introduction complete excavator model which includes the second-order

linkage dynamics in addition to the actuator model. This com-
Hydraulic machines are commonly used in the areas of ccplete model is about an order of magnitude faster than a com-
struction, mining and excavation. A typical machine used frparable analytical model.
quently in excavation - a hydraulic excavator (HEX) - is show
in Fig 1. Today attention is being focused on automating tas
such as mass excavation and continuous mining where a ¢
ging machine fills a bucket with material from a pile or a roc
face, transports the bucket load to a waiting truck or convey
belt, and dumps the load in the truckbed/belt. Such tasks .
ideal candidates for automation since they are repetitive a
there exists room for enhancing productivity. Although optimal motion planning can be performed with
slower machine models, fast models raise the possibility of per-
forming the optimal path computation as needed, even onboard
) v the robot, rather than pre-computing it off-line. An optimal
, Stick Cylinder - g 8, | LR motion computation may require a few thousand evaluations/
A% simulations, and the speed difference between a slow and a fast
. \ L giﬁﬁ':,itr \ model could translate into the optimization taking a few days
e . versus a few hours.

The following notation will be used through the rest of this
document: “Linkage dynamic model” refers to the system of
Newton-Euler equations that describe the dynamics of the
excavator’s links, while an “actuator model” describes the actu-
ator characteristics. The term “machine model” refers to a com-
plete excavator model which includes both of the above.

i Fast machine models are also needed for collision avoidance
- through predictive simulation of motion commands before they
are executed. The expected trajectory through space can be
scanned for collisions and the robot stopped in time in the event
of a predicted collision. (The use of predictive models is neces-
sary when the masses are large and/or the velocities are high
since the dynamics of the system can make the response quite
different from a linear extrapolation of the velocity [5])

Cylinders

_ _ _ _ _ The use of machine learning techniques to learn robot
Fig. 1. A typical excavating machine (Hydraulic Excavator) dynamics is not new. Neural networks that learn the dynamic
equations of a robot manipulator ([2][3]) have been used in
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model-based controllers. In [4] a neural network was used ftom a single engine (hot shown) which drives the pumps.

learn the error between an analytical dynamic model and act Stk

machine behavior during operation of the controller. Thi Boom =T X

learned error function was used to improve controller perfa A - * - A
mance. Although all the above cited researchers describe Bucket Eﬂ = I C)fwing

neural networks improved controller performance, they do n | | 55504 Z<— Plmp #2
describe how well the neural network learned the dynamr

model. This is probably because their goal was to improve cc |_| = = = = i |_|
troller performance and not learn the dynamic model. In [¢ | Tank Boomls  Bunset |_| Byss  Bypass Tank
McDonell et al. describe the construction of an analytical pne Tank

matic cylinder model, which was used to improve the contr X \(/32@2";22;'09

by modelling the non-linearities inherent in pneumatic actu: heck val

tors. However, their pneumatic robot does not encounter a o (ﬁa?nctai\@‘ﬁi.directionm flow)

flow limitations (and hence actuator interactions of the typ -
seen in a typical hydraulic machine) due the presence of a larg€ig. 2. Schematic of hydraulic system of a typical hydraulic excavator
enough reservoir of high-pressure air. The high-pressure oil flows to the hydraulic cylinders, which

In [9] Singh et al. use a simple approach to handle the ﬂdqlturn actuate the different joints. Each of the two pumps sup-
distribution between multiple hydraulic cylinders on a hydraLP les two implement circuits, i.e. one pump supplies the boom

lic machine. They assume that the circuit with a valve Closeasrt]d buc_:ket cylinders while the other su_pplles_the stick cyllnde_r
nd swing motor. (For the rest of the discussion the tracks will

to the pump gets all the flow it requires, and the remaining flo%\/t be mentioned since they are not used during excavation.

is distributed among the rest. This approach is valid when en thev are used. one pump is dedicated to each track
interacting cylinders have very different force loads, but nmotor) y used, pump 1 !

when the cylinders have similar force loads.

The rest of the paper is organized as follows. Sec Il give% aThe flow from the pumps to the cylinders is controlled

brief description of the structure of the equations involved in'h]arough variable orifices shown in Fig 2. If an orifice is com-
complete analytical model, to introduce the reader to the natigiclY closed no flow is supplied to that cylinder and no
of such a problem. The following section (Sec Ill) describes gjotion results. The hydraulic system shown above is an open-
memory-based learning approach used to learn the actuatgpier system. In an open-center system the pumps do not

model. The results of the learning exercise are described uce their output to ZEro. When no actuator flow is being
Sec IV followed by some conclusions in Sec V. demanded, the pumps still output a non-zero flow - between 10

and 20% of maximum flow for the testbed in Fig 1. This “idle”
flow goes to the tank through the bypass (or “center”) passages
Il. Problem background shown in the figure. When the actuators are being commanded
The testbed used for the work described in this paper idoamove, the bypass passages slowly close and are fully closed
Caterpillar 325 HEX, similar to the one in Fig 1. This machin&hen maximum velocity is being demanded.
excavation activities are performed using four joints driven Qcjudes orifice flow equations, fluid compressibility equations
hydraulic actuators. These are: for all the oil volumes, as well as the force balance equations
for all the cylinders. The orifice flow equation governing flow
and pressure drop across an orifice (for turbulent flow) is:

®* Boom: The shoulder joint Q - C A«/A_P 0
- ~d
® Stick: The elbow joint

® Swing: The waist joint

where Q is the flow rate through an orificg,i€the orifice
* Bucket: The wrist joint. discharge coefficient (a constant), A is the orifice areap&@nd

Although described as shoulder, elbow, and wrist joints thigthe pressure drop across the orifice. The concepts of flow and
boom, stick, and bucket only have one degree-of-freedom. Alitessure drop are analogous to current and voltage drop in elec-
three joints move in the plane of the excavator’'s arm. The thrgieal circuits. Thus, an orifice can be viewed as a non-linear
joints are actuated by linear hydraulic cylinders labelled in Figsistor.
1. The swing joint and the tracks are actuated by separat%l id ibilit deled using the followi i
hydraulic motors (rotary actuators) not visible in the figure, .u' compressibility can modeled using the following equa
The tracks are usually not actuated when excavating; they pa- . BQ
periodically used to reposition the excavator. = ==

(2)
\
Fig 2 shows a simple schematif the hydraulic system of
a CAT 325 HEX. The hydraulic system is driven by two
hydraulic pumps which take low-pressure hydraulic oil froma ,_ _ . I .
tank (at atmospheric pressure) and output high-pressure %ié “This schematic only corresponds to one particular direction of motion of

. . . . . cylinders. A different set of valves come into play when the cylinders move
The power required to achieve the pressure rise is Obtalrwq“ngopposite direction. il Y




where P is the pressure in a control volufhiés the bulk I1l. Model construction
modulus of the oil, V is the volume of oil in the control volume,

and Q is the flow rate through the control volume. The purpose of the learned HEX model is to aid in optimal
motion computation which requires many robot motion simu-
e M lations when searching for the optimal. It is not very essential
fcyl X X f g ) p ) y .
— | > ! A\ P to capture all the transients in the robot response since the time

' I I period of the oscillatory transients (for all the joints of the
HEX) is much smaller than the time-window of interest. As a
result most of the oscillatory error due to the steady-state
NOTE: High pressure oil enters through port A or B while low approximation gets integrated out. (FOI’ instance, the lowest
pressure oil exits the other. resonant frequency of the boom joint is 1.5 Hz.) This principle
governs the actuator model construction.

Port A Port B

Fig. 3. Schematic of bi-directional hydraulic cylinder

The force balance equation for a cylinder - boom, stick of Reoom orfice Reoom eylinder load
bucket, is:

v o— _ _ _ o Current RBucket orifice RBucket cylinddr load

mX = P1A; = PoAy = Teyi= T triction @) Zource AAA /\/\/y\_ o

where m is the mass of the cylinder rogjsthe pressure L R
with the subscripts indicating the two cylinder chambeyss A ) Reoom bypass " Bucket bypass
the surface area on the two sides of the cylinder pistgnsf
the force on the cylinder due to the linkages, gngd, is the NOTE: 1. Resistors are non-linear 4

friction force on the piston. The force load is due to linkage 2. Rgoom orifice Tefers to the flow resistance

dynamics and tip forces. However, in the work described in this offered by the pump-to-cylinder and cylinder-to-tank orifices.
paper, no forces (e.g. digging forces) are applied at the bucket , _ , _

tip _ onIy free space motion is considered. Fig. 4. Electrical equivalent of hydraulic system

) ) ) . o The complete excavator model is partitioned into the actua-
The cylinder extension x is mapped to the joint postiioi@  tor model and the linkage dynamics. Eqn 4 is used to capture

a non-linear function:X;,; = C(0) the linkage dynamics, while memory-based learning is used to
The linkage force §, appears in the excavator "nkageconstruct the actuator model as described below.
dynamic equath_ns: _ To understand the construction of the actuator model it
M(@)O+V(0,0)+G(0) =1 (4  would be useful to first understand the basic concept behind the

physical operation of the hydraulic system shown in Fig 2. The
where each joint torqug is related to the corresponding cyl-boom-bucket part of the hydraulic circuit in Fig 2 can be
inder force via the transform: viewed as a parallel combination of resistors as shown in Fig 4.

The flow of hydraulic oil into any cylinder determines the

1. = f | 0 C.(6;) ) velocity of that c;ylirjder. The flow (current) from the pump
! eyl léei A (current source) is distributed between the three parallel paths.
The flow (current) going down each branch is determined by
Thus, the complete solution of the response of even the S@e?t L?t:)?iﬁzéhzrreeass's_t%g%erﬁ OQJZEe(:'gﬁBeE;g;asgc.hgﬁangﬁ g gll\\grrl

plified hydraulic system in Fig 2 involves the smultaneouset of boom and bucket cylinder loads, the distribution of flow

solution of multiple orifice equations (Eqn 1), multiple com; . . :
pressibility equations for all the oil volumes (Egn 2), and forcgetween the different paths can be determined for a steady-state

balance equations for each cylinder (Eqn 3, Eqn 4, Eqn 5). Rndltlolr_'l.(;l'hls |r|1 turn allows the determination of the steady-

steady state solution would not include the fluid dynamics fjate cylinder velocities.

Egn 2. The excavator hydraulic system also has non-lineatWe therefore approximate the actuator velocity response by
components such as the check-valves (shown in Fig 2) whidlesteady-statactuator response for a given set of orifice areas
prevent oil flow from the cylinder to the pump. and cylinder force loads. The force loads themselves are not

. e restricted to be steady-state forces - they are computed usin
i Ccomplzte analytlcgl modgl O.f the excalv%tor'wm(]:h 'r&CIUdetﬁe dynamic model (E)(lqn 4) of the excava){or This a[;)proxima-g
inkage and actuator dynamics is a coupled eighth-order nqn- ; . : !

linear system of 515 equations, which is partially described%'r?n is made since learning the complete actuator dynamics

[1]. A detailed model of the complete excavator hydraulic sy equires the specification of a set of state variables in addition

tem has been constructed using a proprietary numerical sol %rth deirggg(s:ieoﬁ;eli?s ;nt?]gﬂmsce; f?[]c:; ' tho'i?mg;ﬁg‘m;ng;%zzgs
and its performance has been verified against results obtai Y pace. PP J

from the CAT 325 testbed. This detailed model takes apprq n el the mach!ne model being developed is not focused on

100 secs to simulate 1 sec. of a typical excavation cycle whef ating transients.

running on a SUN Sparc20 workstation. The different orifice areas (Fig 2) are controlled by the posi-
tion of a control spool. For example, the position of the boom



control spool determines the boom pump-to-cylinder, cylindetherefore repeated for a fully loaded bucket, half-empty bucket,
to-tank, and bypass areas. Thus a single spool position can @pd completely empty bucket to cover the cylinder load dimen-
resent all the orifice area variables for a joint. sions. All motions were performed slowly to minimize tran-

A multivariate locally weighted regression technique is usesdem effects.

to learn the mapping from the space of inputs - the spool posi-The spool positions have a range:af. mm. Data was sam-
tions and cylinder loads - to the space of outputs (the cylindgled at a resolution of 1mm along the spool position axes. The
velocities). For instance, the boom actuator steady-state veloglinder forces were determined by the excavator’s configura-
ity is determined from knowledge of the boom and buckéibn. The boom and bucket tables had 5500 points each while
spool positions, and the boom and bucket cylinder loads. the stick and swing had 6400 points each.

The memory-based learning is performed using a softwareComplete Model Construction: The complete excavator
tool - Vizier - developed by Schneider et. al. ([6][7]) at Carnegimodel is constructed by partitioning the actuator dynamics and
Mellon University. Vizier allows the use of locally weighted linkage dynamics into two separate problems. Instead of solv-
linear regression to learn data sets and make predictions. Tige them simultaneously they are solved in a serial fashion.
best parameters for the regression are determined by a bldekst, the linkage dynamic model (Eqn 4) is used to compute
box utility available withinvizier which performs a number of the forces for a given excavator state. This force is assumed to
leave-one-out type predictions on the learning data set befoeenain constant over the time period that the actuator response
arriving at the best set of parameters. is simulated using the learned actuator model. The results of

Vizier is used to construct four Memorv-Based Learninthe actuator simulation are used to compute a new state, which
y & used in the linkage dynamic model for force computation as

tables (or MBL tables) - one for each of the four joints of th " Ly
excavator, i.e. the boom, stick, bucket, and swing. The inp%]te cycle continues. The steps are spelled out explicitly below.

dimensions of the boom table (and bucket table) are boom ande  Step #1: The dynamic model of the excavator is used to com-
bucket spool positions, and boom and bucket cylinder force  pyte the force loads on the different hydraulic cylinders.
loads. The input dimensions of the stick table are swing and ) _
stick spool positions, swing inertia, and stick cylinder force * Step#2: The force loads computed in Step #1 are used with
load. The single output dimension for each of the three jointsis  the input spool commands to predict the resulting cylinder

the joint velocity. velocities using the corresponding MBL tables. The swing
o ) ] ) ) table uses the current swing velocity to compute the swing
The swing is more complicated to model since the inertial acceleration.

acceleration term in the dynamic equation is quite significant. B ) )
This makes it impractical to use the steady-state assumption' Step #3: The computed velocities (or accelerations) are inte-
used for the other three joints. The other three joints - boom,  drated to obtain an updated excavator state. (Repeat steps 1
stick, and bucket - are in a vertical plane and have a large grav-  through 3)

ity load term in the dynamic equation, which is absent for the

swing. The acceleration phases of those joints are rather short IV. Results

(during a typical move) while the swing joint response is dom-

inated by acceleration and deceleration phases.The swing tahi&"€ above approach was used to construct a complete model
therefore uses the following input dimensions - swing and sti@k & CAT 325 HEX. The performance of the model was evalu-

C%ted by comparing it to the performance of the excavator test-

spool positions, stick cylinder force, swing inertia and swin S .
velocity. The output dimension is swing acceleration. Note th gd. The results from three tests are shown in Fig 5 through Fig

the swing inertia is dependent on the position of boom, stickt: Puring the first test (Fig 5, Fig 6), the boom and bucket cyl-
and bucket joints. inders were actuated to demonstrate the interaction between

them, while the second test (Fig 7, Fig 8) demonstrated interac-

Data Collection: Collecting training data is an importanttion between the swing and stick joints. In the third test (Fig 9-
part of any machine learning exercise. Training data for learRig 11) an operator in the cab of the HEX performed operations
ing the actuator model was collected using a slow but complefienilar to that during a normal loading cycle. The HEX was
analytical machine model The slow model was driven operated manually through joysticks, which control the posi-
through a number of motion sequences to adequately covertib@ of the hydraulic control spools through proportional pilot
operating space for each MBL table. For instance, the boamlves. No soil interaction was involved during any of the tests
and bucket joints were actuated in various combinations #md therefore no digging forces at the bucket tip were applied.
obtain adequate coverage of the boom-bucket space, whiggs was done since the excavator testbed is not setup to mea-
dimensions are the boom and bucket spool positions, and bosime digging forces during interaction with the soil. (The struc-
and bucket force loads. While the spool positions are directiyre of the model however does allow the model to simulate
controllable the cylinder forces are not. The motions wefdachine motions in response to external tip forces, once the
forces are known, since they would simply add to tjetdrm
” N ~inEgn3, Eqn5)

The testbed was not used to collect training data due to our inability to
measure spool positions directly on it. Also, the initial attempt at training used In the figures below, the actuator commands refer to the dis-
a large amount of training data which was much easier to collect from a sinplacement of the hydraulic spools (measured indirectly). The
lation model (which had been verified to match the testbed).




different orifice areas are controlled by moving the spools. Bgally once the stick stops moving.
controlling the orifice areas the operator controls the flow to tt

hydraulic cylinders, and hence the velocity of the cylinder:
Thus, the commands can be viewed as open-loop velocity cog**[

mands to the machine.
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o#r “ Fig 10 and Fig 11 show the error in the prediction of the posi-
% 5 10 15 tion of the bucket tip. Fig 10 shows the contribution due to each

Time (secs)

of the four joints of the excavator. As expected, small errors in
Fig. 6. Bucket response (Test #1) the swing and boom joints contribute to large errors at the
Inter-actuator coupling is clearly demonstrated in the firbucket tip. These plots were created by using the Jacobian of
two tests. In the first test the boom and bucket joints are bdkie excavator to map joint angular errors to cartesian tip posi-
commanded to move but due to the actuator interaction ttien errors.

heavier boom joint does not get very much flow until the bucket _. . . :
has stopped moving. This inter-actuator coupling is primaril Fig 11 shows the total error in the prediction of the bucket tip

P A )sition. This is plotted along with the distance from the base
because the excavator reaches a power limit, resulting in msEYJ the boom joint to the bucket tip to give the reader an idea of

ficient actuator flow. The next set of figures show results fro le of the fi i

the second test where the swing and stick joints were co & scale ot the tip position error.
manded to move simultaneously causing the swing joint to

slow down. The swing velocity can be seen to increase dramat-



Velocity Plots for four HEX joints
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V. Conclusions

The results show that the learned model does a very reason-
able job of predicting the response of a hydraulic excavator
during a typical excavating cycle. The mean bucket tip position
prediction error is around 1.0m for most of the 50 secs of
motion in test #3 (1.5m = width of the excavator’s bucket).

This model is focused at capturing the interactions between
the different actuators of the excavator and it manages to
accomplish this goal fairly well.

In summary, a model of a hydraulic excavator has been con-
structed by decomposing the complete 8th order non-linear
system of equations into two separate models - the 2nd order
linkage dynamic model and the actuator model. The two were
independently solved with the results of one problem being fed
to the other at every time step, instead of solving the complete
system simultaneously. The non-linear actuator model was
learned using a memory-based learning technique.

The complete excavator model created using this approach is
much faster than a complete analytical model. This model can-
not simulate actuator transients since the learned actuator
model is a steady state model. We believe, though, that it can
be used in optimal path planning for robotic hydraulic excava-
tors since the effect of actuator transients does not significantly
affect the overall loading cycle operation. The model can also
be used for collision avoidance by predicting collisions, and
preventing them by not executing commands that cause colli-
sions.
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locally-weighted regression scheme in conjunction with a
table-lookup to learn the data. The model runs at a ruj$
time:real-time ratio of 15:1, i.e. simulating 15 seconds of
motion requires 1 sec. of computation time on a SUN Sparc 20
workstation.

Song, B., Koivo, A., Neural Adaptive Control of Excavatdrs
IROS 1995, Vol. |, pp. 162-167

Zomaya, A. Y., An error-learning neural network for the tun-
ing of robot dynamic modéldntl. Journal of Systems Sci-
ence, 1995, \Vol. 26, No. 1, pp. 13-31.

Kelly, A., Stentz, A., An Approach to Rough Terrain Autono-
mous Mobility, April 1 1998, Autonomous Robots.

Schneider, J., Moore, A.W.A'Locally Weighted Learning
Tutorial using Vizier 1.0

Moore, A., Atkeson, C., Schaal, SLdcally Weighted Learning
for Control’, 1997, To appear in Al Review.

McDonell, B.W., et al., Modeling, Identification, and Control
of a Pneumatically Actuated RoBdiCRA, April 1997.

Singh, N., et al., Co-ordinated Motion Control of Heavy Duty
Industrial Machines with Redundari¢cjRobotica, 1995, Vol.
13, pp. 623-633.



