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Industrial Robot Accuracy
Degradation Monitoring and
Quick Health Assessment

Robot accuracy degradation sensing, monitoring, and assessment are critical activities in
many industrial robot applications, especially when it comes to the high accuracy opera-
tions which may include welding, material removal, robotic drilling, and robot riveting.
The degradation of robot tool center accuracy can increase the likelihood of unexpected
shutdowns and decrease manufacturing quality and production efficiency. The development
of monitoring, diagnostic and prognostic (collectively known as prognostics and health
management (PHM)) technologies can aid manufacturers in maintaining the performance
of robot systems. PHM can provide the techniques and tools to support the specification of a
robot’s present and future health state and optimization of maintenance strategies. This
paper presents the robotic PHM research and the development of a quick health assessment
at the U.S. National Institute of Standards and Technology (NIST). The research effort
includes the advanced sensing development to measure the robot tool center position and
orientation; a test method to generate a robot motion plan; an advanced robot error
model that handles the geometric/nongeometric errors and the uncertainties of the measure-
ment system, and algorithms to process measured data to assess the robot’s accuracy
degradation. The algorithm has no concept of the traditional derivative or gradient for
algorithm converging. A use case is presented to demonstrate the feasibility of the method-
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1 Introduction

Increasingly accurate, cost-effective, and flexible robot technolo-
gies are accelerating robot adoption going beyond the repetitive,
high-volume production tasks [1-3]. Small batches and customized
production are common in current robot work cells that require
design changes and variants. Traditional teaching methods are
becoming obsolete because they are time-consuming and unique
(e.g., drilling thousands of holes on an airplane’s fuselage) [4]. Man-
ufacturers are promoting robots’ enhanced capability to achieve
accuracy improvement [5,6]. Improved accuracy allows robot tech-
nologies to enable more robot offline programing that leads to signif-
icant time and cost savings [7]. This emergent capability also allows
robot technologies to be used across broader applications, including
assembly, high accuracy welding, material removal, robot machin-
ing, medical operations, and robot 3D printing [8—11]. High accuracy
robots are becoming valuable tools for many of the afore-mentioned
processes because of the substantial cost savings that can be achieved
through these new technological integrations [4,11]. The recent
demand for high accuracy robot-in-manufacturing processes has
increased the importance of robot accuracy sensing, degradation
monitoring, and assessment research.

Degradations in robot accuracy are less observable compared to
system freezes or shutdowns. When a robot’s accuracy is degrading,
the robot may still be operating, but it is likely working at a decreased
level of productivity and/or outputting products of reduced quality
[3]. There are many influences on the position and orientation accu-
racy of the robot’s tool center point (TCP). Changes, even small or
subtle, to the joint components or the component relationships can
compromise TCP accuracy. The initial kinematic parameters
defined within the robot’s controller will become less reflective of
the robot’s true geometry as physical degradations manifest.
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Thermal expansion, gear error due to degradation, and structural
deformation can cause TCP accuracy degradation that will compro-
mise the manufacturing system’s ability to meet its target goals.

Most existing research on assessing robot TCP accuracy degrada-
tion is focused on robot arm component failures. In the scope of this
research effort, components are defined as constituent elements that
comprise the robot arm (e.g., joints, motors, gears, and encoders)
[12—17]. For example, there is research aimed at monitoring gear
wear [12], assessing joint failures [13,17], or analyzing electronic
board failures [14]. Given the complexity of the robot arm, it is chal-
lenging to determine the constituent elements’ specific influences on
the arm’s overall performance. Measuring the accuracy of a single
joint is not a complete representation of the robot’s final TCP accu-
racy. In many cases, the TCP accuracy degradations come from
changing relationships between components, for example, the
change of squareness between links. Furthermore, component
assessments largely depend upon historical data. When the configu-
ration or operational parameter changes, e.g., changing payload, the
assessment criteria for the abnormal status may change too. A solu-
tion is needed from the system level using the exact TCP accuracy to
assess if the degradation is still within the specification required by
the application.

Monitoring, diagnostic, and prognostic technologies (collectively
known as prognostics and health management (PHM)) have
emerged as a means to aid manufacturers in assessing robot
health and optimizing the maintenance of robot systems. Robot
arm accuracy degradation PHM is one of the important research
areas within the robotics domain [16,17]. A quick health assessment
methodology was developed to enable manufacturers to quickly
assess a robot’s accuracy degradation throughout the robot work-
space. This effort constitutes a subset of research in the Prognostics,
Health Management, and Control project at the National Institute of
Standards and Technology (NIST) [14].

In this paper, the overview section gives an introduction of the
quick health assessment methodology. A workflow shows the key
procedures of the robot accuracy degradation assessment. The fol-
lowing sections detail the developments of the key procedures in
the workflow. They include the development of robot measurement
plan, a test method model, and algorithms to solve the test method
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model. The paper concludes with the discussion of a use case to
demonstrate the feasibility of the methodology.

2 Overview of the Quick Health Assessment
Methodology

Research is being conducted at NIST to develop performance
metrics, test methods, reference datasets, and supporting tools that
the manufacturing community can leverage to enhance their PHM
capabilities [18,19]. NIST researchers have developed a quick
health assessment methodology to assess the robot tool center accu-
racy degradation throughout a robot’s workspace. The purpose is to
enhance maintenance and control strategies within robotic opera-
tions that can also inform upon workcell operations.

The methodology includes: (1) the development of an advanced
sensor to measure the robot tool center positions and orientations,
(2) a test method to define the robot movements, (3) a robot error
model to reflect the robot geometric and nongeometric errors, and
(4) algorithms to process measured data to assess the robot’s health.

Figure 1 shows the workflow of the quick health assessment
methodology. First, a robot measurement plan is generated to
guide the robot measurement. The measurement plan needs to
satisfy the requirements of the test method model (will be detailed
in Sec. 3). Then, the robot is commanded to move based on the mea-
surement plan. During the movement, a vision-based 7D measure-
ment system is used to measure the robot TCP’s position (x, y, and
) and orientation (pitch, yaw, and roll). The output of the 7D mea-
surement system is time, x, y, z, pitch, yaw, and roll. This advanced
sensor, developed at NIST, is patent pending and will not be
detailed in this paper (see prior publication [20] for additional pub-
licly available information). Then, the measured data are inputted to
the test method model and the analysis algorithms. The test method
model creates a robot error model that can represent robot’s
position-dependent, nongeometric errors, such as the nonideal
motion of joints or deflections of the robot’s structure. A novel algo-
rithm is developed to solve the robot error model that contains hun-
dreds of unidentified parameters. A method is developed to
decouple the measurement instrument’s uncertainties from the
actual robot errors. The analysis outputs the accuracy degradation
assessment results.

The quick health assessment methodology addresses the follow-
ing challenges:

e Measuring the actual robot positions and orientations with less
interruption of production using a noncontact measurement
system in between manufacturing operations.

e Assessing the robot tool center errors in a volumetric way. A
robot could have multiple inverse kinematic solutions to
reach a location in a Cartesian space. As a result, the error
magnitude and direction can change when using different
inverse kinematic solutions. This makes the assessment of
the tool center accuracy difficult since it is difficult to
measure the accuracy from all directions.

e Assessing the robot’s overall health using limited measure-
ments. It is impossible to take unlimited measurements to
assess the robot’s accuracy degradation over the entire work-
space using all possible arm poses.

e Decoupling the measurement instrument’s uncertainty from
the actual robot errors. If the uncertainties of the measurement
instrument are usually treated as joint errors, the assessment
results may be biased [21].

Robot measurement
plan generation

Robot motion

measurement

Test method
model

The goal of the quick health assessment methodology is to enable
manufacturers to assess a robot’s tool center accuracy degradation
in as little as 10 min (depending upon the necessary motion path
and work volume). The quick health assessment methodology can
detect TCP accuracy degradations stemming from changes of envi-
ronmental conditions, workcell reconfigurations, or components
degrading within the robotic arm. The methodology will monitor
the degradation of robot performance leading to reducing unex-
pected shutdowns and supporting the optimization of maintenance
strategies to improve productivity.

This paper focuses on the development of algorithms to use the
limited sample measurement to assess the robot accuracy degrada-
tion in the overall robot measurement volume. In Sec. 3, the algo-
rithm to develop the fixed-loop measurement plan is presented.

3 Fixed-Loop Measurement Plan Generation

A measurement plan is needed to command the robot motions.
The commanded robot motions for the accuracy degradation
assessment cannot be arbitrary movements. The measurement
plan requires the robot TCP to move throughout the entire work-
space and need to be evenly distributed in both joint space and Car-
tesian space. The even distribution of sampling prevents the
analysis algorithm from missing errors or too heavily weighting
errors, which will bias the results. The coverage of overall joint
space and Cartesian space means that the measurement plan will
exercise the robot beyond a partial range of joints or work zones.
It enables the capture of joint performance through the overall
motor and encoder ranges. Covering the entire workspace enables
the evaluation of various rigidity conditions. To minimize potential
interruptions during robot motion and measurement, a collision
check is performed when the measurement plan is generated.
Also, a line-of-sight check is implemented to ensure the planned
positions are not visually occluded positions from the measurement
instrument.

A use case was developed using a URS by Universal Robotics.
The fixed-loop motion generated for the URS is shown in Fig. 2.
The left picture shows the initial generation of the measurement
plan that assumes an unimpeded work volume. The right picture
shows the fixed-loop motion that passes all the checks required
by the test method. Because the URS robot was mounted on an
optical table, only poses above the table are valid for this use
case. The robot motion assumes an unimpeded work volume
above the table.

Figure 3 shows the flowchart of the fixed-loop measurement
plan generation. Step 1 begins with generating a set of randomly

Fig. 2 Fixed-loop measurement plan for UR5

Accuracy
degradation
assessment results

Algorithms to solve
test method model

Fig. 1 Workflow of the robot accuracy degradation quick assessment methodology
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Step 2 Inverse kinematics calcglgtlon of the robot
target position
. Remove
Is the target position reachable the target
and non-blocked from the from the
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Change the current joint configuration to a
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configuration for the even join distribution
No
Step 6 Generate robot Script program of robot fixed-loop motion

Fig. 3 Robot fixed-loop motion generation flowchart

distributed robot locations in Cartesian space within the robot’s
work volume. The inverse kinematics is calculated in step 2 to
determine if each target position has an inverse kinematics solution.
If the Cartesian position of the 7D measurement system relative to
the robot is known, a line-of-sight check is performed to ensure that
the smart target is visible to the measurement system. If these con-
ditions are not satisfied, the target position is removed from the list
of viable points. After all the target positions are checked, step 3
performs a sorting algorithm to plan the shortest linear motion
path between each pose. A measurement plan that contains fewer
“back and forth” motions is more efficient to decrease the overall
times for robot movements and measurements. Step 4 performs
checks to determine if the linear motion between adjacent points
is plausible and if collisions will occur along the path. Since each
pose in the space has multiple inverse kinematics solutions to
convert it into joint angles, the current joint configuration is
changed to a different configuration and check again if collisions
are predicted. Step 5 selects the configuration that can satisfy the
even joint distribution requirement. This pose is then added as
one of the target locations in the fixed-loop motion. Otherwise, if
there is no configuration to satisfy the linear motion, the linear
path is replaced by a curved motion path. If a curved motion path
is not possible, this target pose is skipped. The reason linear
motion paths are preferred is that additional analyses can be per-
formed. For example, angle errors can also be found between the
linear lines. Error patterns can be analyzed from the line fitting
results. Steps 4 and 5 are repeated until all the paths are evaluated.
A robot Script program of the robot fixed-loop motion is generated
during step 6. The fixed-loop motion is copied to the robot
controller.
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The fixed-loop measurement plan will be executed periodically.
The initial setup includes downloading the fixed-loop measurement
plan to the robot controller, preparing the measurement software,
mounting the smart target on the robot end effector, and setup the
measurement instrument on the floor. The smart target can be
kept on the end effector for repeat measurements. It takes a rela-
tively short amount of time to measure the robot moving on the
fix-loop measurement plan. While the robot tool center is moving
to these predetermined positions, measurements are taken from
the 7D measurement system developed at NIST [22]. Outputs
from the measurement system are time, x, y, z, pitch, yaw, and
roll (of the robot TCP). Measurement data are the input of the test
method model and are used to identify the parameters of the test
method model.

4 Test Method Model to Represent the
Position-Dependent Robot Errors

In the measurement process of the quick health assessment meth-
odology, a limited amount of robot arm poses is measured.
However, a robot may work at different locations within its work-
space using different poses from the measurement plan. Since
only limited sample locations are measured, the location where
the minimum or maximum degradation occurs may not be included
in the sample measurements. A model is needed to represent the
robot errors.

Itis well known that if a machine or instrument is not repeatable, it
cannot be calibrated or modeled to represent the errors since errors
are not repeatable [23]. Because robots are highly repeatable instru-
ments, calibration or modeling is feasible but needs to handle
complex errors. Traditional modeling methods for robot errors
assume that the robot can be represented as a set of rigid links con-
nected by ideal motion joints. When a robot joint motion is ideal,
the geometric relationships between the joints are constant [21].
Errors are constant offsets of geometric relationships coming from
the as-built structures and joints deviating from the design specifica-
tions. In reality, robot joint motion is not ideal. There exist nongeo-
metric errors between successive joints, such as the nonideal motion
of joints, and deflections of the structure and joints due to external
loading, gravity, backlash, etc. Recent researches have added the
consideration of backlash errors, etc. [24-26]. Since these errors
are not constant values, they need to be treated as position-dependent
erTors.

An advanced error model is developed at NIST for the quick
health assessment methodology. The error model enables the char-
acterization of position-dependent errors. It can also handle nongeo-
metric errors, such as the nonideal motion of joints and deflections
of the structure and joints.

Parameters that describe the geometric relationships are not cons-
tant values anymore. They are functions of the axis locations. Any
error of the joint axis will be reflected in the TCP errors throughout
the kinematic chain. Figure 4 shows the general errors of a rotary
axis (i-axis), which represents the ith joint of a robot. In Fig. 4,
the real axis has deviated from its designed position. The reason
for the deviation could be from the errors in robot geometry, axis
motion, robot gear box degradation, backlash, thermal environment
changes, or external loading [25]. Each of the six robot joint axes
contains six axis errors: three translation errors (dy, ,, and J_ in x,
¥, and z directions) and three rotation errors (&, &, and & as
pitch, yaw, and roll). §, is the radial error motion of the ith-axis
in the X direction; J, is the radial error motion of the ith-axis in
the Y direction; o, is the axial error motion of the ith-axis in the
Z direction; &, represents tilt error motion around X of the
ith-axis; &, represents tilt error motion around Y of the ith-axis;
and ¢, represents angular positioning error around Z of the
ith-axis. ¢, is also called the scale error of the rotation axis. The
error model of the joint is described in Eq. (1). E;_); is the trans-
formation from frame i — 1 to frame i, and @ is the ith joint angle var-
iable. The 6(6) and &(@) in Eq. (1) are not constant values as is
typical in traditional modeling methods. They are functions of
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To describe errors as the function of joint positions, base func-
tions are needed for the £.(0), £,(0), £0), 6.(0), 6,(0), and 6.(0) to
represent the general position-dependent axis errors. The Cheby-
shev polynomial is selected [26] as the solution of the base function
because of the two advantages [26,27]. They are: (1) Chebyshev
polynomials are orthogonal to each other over an interval and
(2) Chebyshev polynomials all have a similar scale over the same
interval. Using this base function definition, the §(f) and &(0) in
Eq. (1) are presented as high-order position-dependent polynomials
with unknown polynomial coefficients

8.0) = ag + arci(0) + arc2(0) + - - - + apc,(0) )

£:(0) = by + b1c1(0) + brc2 () + - - - + bc(D) 3)

where 9[ = aO((2(9i - ei,min))/((ei,max - Hi,min))) —1 denotes the
mapping of the ith linearly joint command 6;, where the joint
range iS [0; min @imax], being scaled to the interval [—1 1]. 6; min
and 6; .« are the minimum and maximum joint angles. Also, g;
is the gain on ith basis function and c,«(é) is the ith basis function.

Where ¢(0) = 1,

@) =0, c(0)=20"-1

c3(0) =46°=30,  Cpi1(0) =20C,,(0) — Cpr (D)

Thus, the zero-order term (the constant offsets) in the equation
can be regarded as the constant error description for joint i—1,
and other high-order terms are the position-dependent errors for
joint i.

Equation (1) is the general representation of all the errors
between the nominal transformation matrices. The complete kine-
matic model, including errors, is described as

Frorward = EoAGEiATERASE; - - A | Eueiyn “4)

where A is the nominal axis motion, A(l) is the nominal transforma-
tion from joint O to joint 1, E is the error of the joint, E; is the setup
error of the robot base, and Ej; is the transformation error from joint
0 to joint 1.

071006-4 / Vol. 141, JULY 2019

The next challenge is how to decouple measurement uncertainties
from the real robot errors. If the uncertainties of the measurement
instrument are treated as joint errors, the assessment results may
be biased. An implicit loop method is implemented to decouple
the 7D measurement system’s measurement uncertainties from
the actual robot errors [28]. This method treats the robot as
having a closed kinematic chain, with the 7D measurement
system included in the kinematic chain. In the implicit loop
method, the first link (referred to as the base link) extends to the
TCP, then connects to the measuring device (i.e., 7D measurement
system), and then loops back to the base link. These connections
form a closed loop. The displacements around a closed loop sum
to zero which is mathematically represented as the identity
matrix. With this convention, the 7D measurement system’s uncer-
tainty is characterized inside the modeling equation using a weight.
The kinematic model of the robot is

I = B\ A Eq ATERASEns - - AL Eue1)nAYEno )

Given the example of a URS containing six joints, there are six
joints-worth of E matrices plus a base E matrix and a tool E
matrix, providing eight E matrices that need to be solved. Each E
matrix has six Chebyshev polynomials. The order of the polynomi-
als should be large enough to capture the dominant error character-
istics. Usually, a fifth or sixth order polynomial is sufficient to
capture the error characteristics for robot motion. Given the condi-
tion of using fifth orders, each E has at least 36 unknown parame-
ters. Overall, there are at least 288 parameters that need to be
identified by the analysis algorithm.

5 Optimization Algorithm for Parameter Identification

To assess the robot accuracy degradation, the model parameter
coefficients need to be identified. The robot is treated as a high-
dimensional system with unknown parameters. The complete
parameter list now is the unknown coefficients of the polynomials
of the error terms in each of the E matrices. Because the Chebyshev
polynomial base functions are orthogonal to each other over an
interval, the challenge is solved of decoupling zero-order and high-
order errors when introducing high-order errors in parameter
identification.

The solution to this problem is the development of the nonlinear
optimization method. All measurements from the 7D measurement
instrument, joint and measuring device, are placed in a single mea-
surement vector x. Equation (5) becomes

f,p)=0 f:R*XR'— R" p
xeR, peR', ferR" )

In Eq. (6), x and p are defined as vectors. x represents the vector
of error motions that may include the measured joint and
end-effector displacements, backlashes, or other small unknown
displacements. k represents the number of measurements taken
for each pose. p represents the vector of parameters in the error
model to be estimated. n denotes the unknown number of parame-
ters. m denotes the number of constraints or loops. k>m and
(dflox) =m must be satisfied to guarantee that the loop can always
be closed. The robot moves as the designed fixed-loop motion,
and measurements of x for each pose are obtained. For a particular
pose i, let us assume that the true value of the measurement vector is
x;, which is recorded as measurement x; with unknown measure-
ment error X; so that x; = X;+ X;. Throughout all the sample
poses, the parameters should be constant, but our initial estimates
of p parameters may be in error by p, that is, p=p +p. For
example, in Eq. (7), p might be the designed value of a link
length and p would then be the error incurred in manufacturing
the part. Equation (6) becomes

fen,p)=fE&+%,p+p)=0, i=1,...,N )

Transactions of the ASME

¥20zZ AeN zz uo Jesn 1SIN Aq ypd'9001L20 2 L¥L~ NUBW/OGEZ019/9001 L0/2/L YL /3pd-81onie/eousiosbuLinioenuew/6io-swse uonos|jodjenbipawse//:dny woy pspeojumoq



where N represents the number of sample positions. The identifi-
cation problem then becomes finding the maximum-likelihood
estimation of p. The y? error function is derived as follows:

N -1 -1
X=Y"# Y wmi+p" Y p
i=1 X r
D =ve® and Y =va(p)
P

X

®

%, and X, are covariance. If each element of x and p are indepen-
dent, then X, and X, are taken to be diagonal matrices of variances
based on a priori knowledge of the robot and measurement process.

Maximum-likelihood estimation is used to solve this error model
and minimize the error by fitting the parameters in Eq. (8). The
result of this method is a maximum-likelihood estimate of the
model parameters as well as a confidence bound on this estimate.
However, there is a challenge to avoid overfitting the model param-
eters when so many parameters are involved. Also, the uncertainty
of robot repeatability and the measurement system needs to be con-
sidered. Here, a solution is developed to wrap the implicit loop esti-
mation with the second layer of optimization. That second layer has
input vectors of polynomials. The challenging part is developing an
efficient cost function for this outer layer of optimization. Because it
is a combinatorial problem, there is no concept of a derivative or
gradient. Quasi-Newton methods cannot work without the gradient.
Every function for evaluation will require at least one run of implicit
loop optimization. Iterations to reach convergence may take a lot of
time. Moreover, results cannot be evaluated merely by the residual
error of the implicit loop because the error gets smaller with more
parameters (i.e., higher order polynomials). It might result in over-
fitting, which leads to bad predictions.

To solve this challenge, a Bayesian information criterion (BIC)
[26] penalty function is developed to calculate the BIC score for
the multi-output system cost evaluation. It is developed as follows:

BIC = numPts/2*log(detCovR) + RSS/2
+ K /2*log(numPts) 9)

where numPts is the number of measurement poses; DetCovR is the
determinant of the covariance of the residuals; RSS is the residual
sum of squares where each residual is a single dimension, but all
are squared and summed together; and K is the sum of the total
number of parameters and number of measured dimensions (for
our work, 6). The model with the lowest BIC score is preferred.
The optimization starts with the input vector of polynomial orders
as the initial guess to calculate a base model. Next, the BIC score
is calculated. Then, a polynomial is picked to change. The BIC
score is recalculated and compared with the previous BIC score.
If the BIC score is lower, then one should accept the change; if
the score is higher, one should not accept the change and return
to the first step. This process continues until the BIC score cannot
be lowered any further in the neighborhood search.

An advanced method to change the picked polynomial is devel-
oped using graphics-based optimization. A confidence bound is
drawn together with the polynomial. The smaller the BIC score,
the tighter fit of the confidence bound with the estimated polyno-
mial. By observing the graph relationship, two criteria are found
to guide the change of polynomial parameters. In the beginning,
the maximum parameter of a polynomial equation is found. Then,
the uncertainty of the polynomial parameters is exposed. The crite-
ria are (1) if any polynomial parameter is smaller than the value of
the maximum parameter (for example, lower than 8%), change the
polynomial parameter to zero (so the polynomial order is reduced to
remove overfitting) and (2) if any polynomial parameter is smaller
than the uncertainty value, change the polynomial parameter to
zero. After the optimization converges, the y* value needs to be
observed to make sure that the model adequately represents the
errors of the robot. If the x> is unexpectedly high (e.g., five times
higher than the medium number), the most likely problem is

Journal of Manufacturing Science and Engineering

either (1) the variance of measurement errors is too high. In this con-
dition, the 7D measurement system needs to be checked. One
example of checking the 7D measurement system involves using
a calibration artifact to determine the change in the accuracy of
the 7D measurement system; or (2) the priori parameter errors
have been set too small. It means the initial guessing of the measure-
ment instrument’s accuracy is worse than the real condition. The
measurement instrument has contributed more errors than expected.
The initial value of the instrument uncertainty needs to be adjusted
to larger values and the data analysis needs to be rerun.

There are two outputs from the final data analysis. The first one is
the derived errors from the calculation of the robot tool center accu-
racy of the robot through the workspace. Because the uncertainties
of the measurements are decoupled from the true errors, the analysis
result will not be biased by a measurement system’s uncertainty.
The second output is to identify the maximum-likelihood estimation
of parameters to minimize the error function. This result can be used
to identify the root cause of axis errors.

6 Use Case Analysis, Results, and Discussion

A use case was developed under the existing robot platform. The
setup is shown in Fig. 5. A URS robot is mounted on an optical
table. A fixed-loop measurement plan is generated for the URS
and executed on the robot. The 7D measurement system is used
to measure the robot TCP’s position and orientation. The 7D mea-
surement system consists of a measurement instrument (a two-
camera based stereovision measurement device) and a smart
target. The 7D measurement instrument is situated opposite to the
URS robot as shown in Fig. 5. The smart target (U.S. patent
pending) was mounted on the last joint of the URS robot. The
motor-driven smart target can constantly rotate toward the 7D mea-
surement instrument during the robot motion. The use of smart
target enables the nonblocking measurement during robot motion.

Figure 6 shows the distribution of the fixed-loop motion in the
joint space and the Cartesian space that is generated for URS.
Hundred and fifty positions were generated as an initial measurement
plan as shown in the left picture of Fig. 6. After the fixed-loop gen-
eration check, 78 positions passed the checks of the measurement
plan and were thereby kept while the remaining 72 positions were
discarded. The right picture of Fig. 6 shows the final path of the
fixed-loop motion. A script language program is created to run the
fixed-loop motion on the URS. The TCP’s position and orientation
are measured by the 7D measurement system. Then, an analysis is
performed to identify the robot error model using the measured
data. To verify the model identification capability and avoid real
damage to the robot, some simulated robot joint errors and measure-
ment uncertainty were added to the measurement result to simulate
the robot error. Simulated joint errors of J1 were added into the
robot error model “E,” following the definition in Eq. (1).

There are two outputs from the data analysis. The first output is
the derived error from the calculation of the robot tool center

Smart target

UR robot

7D
measurement
instrument

Fig. 5 Use case setup
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Distribution of joint commands
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Fig. 6 Even distribution of measurements in the joint space
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Fig. 7 Robot’s error histogram

accuracy of the robot through the workspace. Results include
average error, the standard deviation of the error, and maximum
error. The accuracy results can help to monitor the change of
error distribution, provide a comparison of different robot
systems’ positional health, and establish a baseline of the robot
system’s positional health condition. Figure 7 shows the histogram
of the error distribution. The results are more accurate because they

are derived from the error model instead of directly calculating from
the limited size of sample measurements.

The second output is the identified maximum-likelihood estima-
tion of axis error parameters. Figure 8 represents joint 1’s position-
dependent axis. Following the definition of Eq. (1), the 6(8) and &(6)
in “E” are not constant values; they are a function of joint 1 posi-
tions. In graphs shown in Fig. 8, the x-axis represent J1’s joint
angle range, ranging from —360 deg to 360 deg. J1’s three position
errors (8, 4y, and & in x, y, and z directions) and three rotation errors
(& &, and ¢, as pitch, yaw, and roll) are position-dependent errors.
For example, &, represents angular positioning error of the joint 1
axis. &, is also called the scale error of the rotation axis. In this
use case, the zero-order constant offset in the &, chart denotes that
the joint 1’s encoder has the error of encoder zero offset.

By observing the shape changes of the identified error model “E,”
users can monitor the degradation of robot accuracy. Further anal-
ysis of the polynomial pattern can be used to identify the potential
error sources to create solutions. Given a new set of joint com-
mands, which is different from the measurement plan locations,
estimated errors are calculated based on the error model. The pro-
grams designed for the robot to perform a task can be evaluated
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Fig. 8 J1’s error distribution
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before they are sent to the robot. During the evaluation, if large
errors occur at some locations in the commands, adjustments can
be made accordingly in the command to correct the errors.

7 Conclusion

NIST’s development of the quick health assessment methodol-
ogy is presented as a means of monitoring industrial robot accuracy
degradation. This paper highlights the development of an advanced
robot error model that characterizes both robot geometric and non-
geometric errors, including the nonideal joint motions and structure/
joint deflections. A novel analysis method solves the challenge of
decoupling zero-order (constant errors) and high-order (position-
dependent) errors. An innovative optimization method is presented
to identify the multivariate parameters and to decouple the measure-
ment instrument’s uncertainty from actual robot errors.

The methodology provides manufacturers a tool to quickly detect
problems in scenarios when environmental conditions change,
reconfigurations occur in the work cell, or manufacturers need to
ensure that the robot has not experienced a degradation when a crit-
ical task is about to be performed in the work cell. The use of this
methodology will monitor the degradation of robot performance,
reduce scrap and unexpected shutdowns and help optimize mainte-
nance strategies to improve productivity. In support of this effort,
NIST is also seeking to develop additional industrial use cases
where the quick health assessment methodology can be applied.

7.1 NIST Disclaimer. Certain commercial entities, equip-
ment, or materials may be identified in this document to illustrate
a point or a concept. Such identification is not intended to imply rec-
ommendation or endorsement by NIST, nor is it intended to imply
that the entities, materials, or equipment are necessarily the best
available for the purpose.
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