XVIII IMEKO WORLD CONGRESS
Metrology for a Sustainable Development
September, 17 — 22, 2006, Rio de Janeiro, Brazil

UNCERTAINTIES OF MULTI SENSORS CMM MEASUREMENTS
APPLIED TO HIGH QUALITY SURFACES

Jean Marc Linares, Jean Mailh&, Jean Michel Sprauél

L CIME/EA(MS)?, Aix en Provence, France, linares@iniv-aix.fr
2 CIME/EA(MS)?, Aix en Provence, France, mailhe@intwiaix.fr
3 CIME/EA(MS)?, Aix en Provence, France, sprauel@ioit/-aix.fr

Abstract: A statistical approach, based on a maximundimensional data analysis. Kurfess and Banks also
likelihood criterion, is used to define the unceties of the developed a statistical approach to check the ialiof
derived element associated to a set of measuradinates. geometrical models [6]. Yau proposed an evaluatiethod
The method is applied to high quality surfacesowf extent.  of the uncertainties of vectorial tolerances usadeast
squares optimization [7]. A linear approximation tibfe

Keywords: Uncertainties, Measurement. rotation and translation vectors of the surfacepimioed in a
homogeneous coordinate transformation matrix was
1. INTRODUCTION however used in this approach. Numerous studiesset of

dneasured points were also carried out by Henke and
Summerhays. These authors suggest methods forativaju
the geometric errors of parts obtained with welfirded
manufacturing processes [8].

Coordinate Measuring Machines (CMM) have brought
significant enhancement of industrial control pices. It
has allowed accessing to larger information tharh wi
classical metrology approaches. But, at the oppaitthis
last one, the CMM cannot measure directly the gencat
dimensions corresponding to the 1ISO or ANSI geoicedtr
specifications, of the part. In fact, the acquisitiof the
surfaces results in a series of set of points. Batlof points
represents a sample of the surface where it has freded.
However, it contains both information about the tgpa
localization of the surface and its intrinsic gednical
characteristics. Different research programs wenges! last
years [1] concerning the control of uncertainties the
whole industrialization process of a mechanicataddy. A
generalized principle of uncertainty was thus pne=e [2].

In this topic the uncertainty of measurement isoals
considered. The concept of uncertainty is well-knoin 2. EXPERIMENTAL DETERMINATION OF THE
metrology. It is represented by a statistical pasi@m SIGNATURE

associated to the result of a given measurement. Acquired coordinates include the texture of thelymeal
Uncertainties are related to the fact that eachsmmeanent is  surface, called manufacturing signature, and theéadens
altered by random errors. These errors have taibetied  of the CMM sensor named measurement signature.

and reported in all the results or operations whdehive ) )

from the measurement process. The studies cartiedoo 2-1- Manufacturing signature

define the uncertainties of CMM measurements can be Syrface generation imposes the trace of the cuttin
sorted into three classes: to the matter, depending on the shape of the cutiiiges

- Methods based on the use of calibrated partsiltsesf  and the machining paths (turning, milling...). Thiade is
repeated experiments are compared to calibratetsalf a  the manufacturing signature.

user defined gauge. Systematic measurement dengadiod

random uncertainties of the features to be qudlifiee then Turming ]\_Cutting edge radius: 0,8mm
derived from the calibration data base [3], [4]. é i

In our paper, a maximum likelihood criterion wileb
used to estimate the uncertainties of the parametiethe
derived element associated to a set of coordinakas.
method will be applied to surfaces of high quadtyd low
extent where the distribution of the points arotimel mean
surface can be assumed to be Gaussian. To dentertbiea
effect of uncertainty propagation in the besttfig case of a
distance between a straight line and a point wdl fiost
considered. The impact of geometrical constructieiisbe
then illustrated using the case of 3D line conginns.

- Simulations of the measurement process: A MoradaC

Method (MCM) is commonly used to simulate a complexX o oomme Feed: 0,4mmitr Feed: 0,8mmitr
measurement process. It is an elegant alternatdivieefating
complex measurements of dimensions and predictieg t jj;%\ %

probability density distribution of acquired quéiets [5]. ] =~

- Statistical approaches: Least squares and extfisnare ?’ ?’ o —
commonly employed in CMM measurements. Numerous i 1 «Frr
algorithms have thus been developed to performethre

Fig.1. Turning signature



In the case of turning, the signature imposed ® th Manufacturing
surface varies according to the cutting parametérs, signature fitered [ = &
cutting edge geometry and some uncontrolled paemiet Low maﬁffacturmg
(vibration, metal shearing, wrenching...). The signat signature o
probability densities of three cylinders turnedhnét cutting f
edge radius of 0.8 mm and three longitudinal f§8ds - 0.2 Good best fit
and 0.4 mm/rev), are presented in figure 1. Witle fieed, High measurement - : surface estimation
the random phenomena are larger than the systeeftdits
imposed by the cutting edge geometry. The prolgbili
density becomes symmetrical and tends to a Gaussian Fig.3. Measurement signature

distribution. On the contrary, the dissymmetry leé tiensity The
probability increases when the trace of the toatobees
more significant. These conclusions can be gerzedlio N N »
milling. In grinding, however, each grain of abivasforms (p{ 1 } Ex;{—l Z[Sk) } Q)
a cutting edge, thus leading to random cutting. oV2n k= ©

likelihood function @ of the least squares
optimization criterion is:

2

2.2. Measurement signature
The best-unbiased estimators af the parameters; a

Measured values are disturbed by the acquisitioefining the fitted surface are thus derived frohe t
realized by the measuring machine. The geometlietacts, following optimization conditions:

the repeatability... of the measuring machine actuded in
the coordinates of the measured points. The measute

signature is represented by these defects. In sureaent 09 _ 0= ZN:5|< 9By _ 0 2)
of a surface with small extent, the density of @duility of 08 ko1 08

the signature of the coordinate measuring machiG&4v)

has a range between 2un and 6um. The signatures of If the p parameters ;aof the geometric element

new measurement processes without contact are lowassociated to the digitized surface were perfeddfined,
(MOS of MAHR, Micromesure 2 of STIL...). Figure 2 the standard deviatiom could also be estimated in the same
shows the probability density of the signature wétslast  way:

optical CMM. It is obtained by measuring a glassigma

using normal conditions of operation. Its rang8.37pm. P 1 N

When the geometry of the machine is of good qualitjts —(f’ =0=>6=_|— BE 3)
defects accurately corrected, the probability dgnsf the 95 NiZ1

measurement signature is symmetrical and fits to a

Gaussian. However, such estimator would lead to a biased

evaluation ofo, because a set of p parametgrsas already
been derived from the acquired data. Thereforestiwedard
deviation of the measurement has to be computeld tivét

Measure of the glass gauge Qpti

e ] I “ following expression, also called residue of thestesquares
optimization:

w07 [ > N

02 - 1

s6 o= ZS% (4)
110 ' : : 0,14pm Gauge N - Pk=l

T
2 4 & 8 10 12 14 16 18%

This deviation 6 can be propagated to deduce the
covariance matrix of the estimated parametgrsusing
3. DETERMINATION OF UNCERTAINTIES equation (2) and classical differential expressiofisthe
uncertainties. From the diagonal components of the
covariance matrix, the error bars of are then easily
calculated, since the statistical distribution lnéde random

The combined signature is the convolution of thevariables corresponds to a Fisher-Student law. Mane
manufacturing and measurement signatures. Forcagfaf  the covariance matrix is also useful to propagate t
high quality, the measurement signature has a pmg@mt uncertainties of the fitted surfaces to any derigedmetric
influence on the combined signature (figure 3). Dhet fit  element. It has to be pointed out that the propaggrocess
of the analyzed surface should therefore use & $p@res ot yhe standard deviation requires a precise definition of

optimization. In fact, this criterion assumes a &an the derivatives?5,/03 . It allows processing all the classical
distribution of the residues around the derivedfanar, e P 9
surfaces, i.e. lines, planes...

which is in agreement with the previous combingmhaiure. To simplify the demonstration of the propagation of

uncertainties in the control of geometrical speaifions, the
case of the distance between a point and a stringhin a

Fig.2. Measurement signature

3.1. Likelihood method and uncertainty propagation



2D plane will be considered. It will be possiblestthto
generalize the conclusions to any 3D problem.

3.2. Uncertainty of the best fit line

To illustrate the approach, the case of a 2D ditdige
will be considered for its simplicity.

3.2.1. Statistical model

The coordinates \y of the measured points are all
assumed to be independent and have the same umigerta

Their distribution follows a Gaussian law with arieace

equal too”. The coordinatesare supposed to be certain.

The occurrence probability of given coordinatesy)(xo
belong to the 2D straight line defined by its intpts gand
its slope acan be written as follows [9]:

_;[y—(awarx)f

1
fly)= e2l -°
(y)c2H

()

The conditional probability that the whole set of va
measured coordinates, (%) belongs to the straight line, is

provided by the product:

N N _zg(mf ©
q{yl,yzv ...... yN): nf(yk):(%j ezkzl I

k=1

The maximization of this likelihood function willeb
obtained by the minimization of the following furmot
depending on the parameters of the random vediaya,):

ma 1 )J - mi{%é{@ﬂ

To calculate of the mean values (first order moment
the random vectoa, let us introduce the following function
W:

()

W= 1% i ~(eo + )’ ©)

The parameters of the random vectar are thus
calculated by the resolution of the minimizatiomditions

(9):

oW _, and

%29

day

The best linear unbiased estimation of the paramate
of the straight line becomes thus:

[OJ; > X Vic- Txe X xieyk | (10)
) NY X%k - xi)? ND XiYk =D Xk D Yk

The variances and covariance gfand a are derived
then from equation (3), using classical

equations. The variance of the intercepsalefined by the
following calculations (11):

N 2 N-= N
Var(aO):Z(g)/iEj .var(yk)+zz‘[@]_.z [gao}cov(yk,yj) (11)
]

k=1 k= Yk ) 2 Y|
2 2
_v[ %20 'th[@jz >x% =Y xxg
var(ag) Z[aykj var(yy ) wi oy 7,\‘2)(2 —(Zx)z
2 2
varfag)= —— =X varty) =varag)=—— =X o2

NY X2 -(5x) Ny -(xf
The variance of the slope; as obtained through
subsequent derivations (12):

N

N 9ay 1 9a, ) N (a
Var(al):z[ﬁ] 'Var(yk)+2kqu[6;ij'j:%1[ayaﬂ'cov(yk’y1) (12)

k=1

2
oa [ 0a N.xy =" x
var(ay) = Z[flj var(yg ) with [71] e ST S
g ) N
ay) %.var(yk)=$ 2

) NZxkz—(Zxk) NZxkz—(Zxk)z ?

The covariance betweenr and a is deduced from the
same kind of computation (13):

covag ,aq)= zN: [aﬂj{ﬁ}vaf(yk)

k=1 aYK ayk
_Zxk
NZsz —(z:Xk)2

(13)

-2 Xk 52
NZxk2 —(Zxk)z

covag ,ay)= var(yg) =

These results can be gathered in the following imatr
expression (14):

Cov(a)= (14)

AT

In metrology field, the parameters, eand a are
transformed to geometrical parameters such asitbetidn
vector V of the straight line and a poi@ of the feature
(figure 4). Generally, poin€ is defined by the center of
gravity of the measured points. The variance cevae
matrix of these geometrical parameters is calcdlaising
the classical propagation equation.

(2 y=aptay.X
C \Y
S =

€1

Fig.4. Statistical variables to the vectorial varibles

For a straight line, the variance covariance matfixC
and V is obtained by introducing the following Jacobian
transformation (15):

propagation



Cov(C,V) =Jc,v) .Cov(a).Jt(c,v) (15) Zyk ﬁ

0
O 1 1 ;= N Cov( .): N
C V=— & D XkYk & op?
p
" Vieed B o oA

(19)

The Jacobian matrix J is defined by equation (16):
The uncertainty of the constant parametgy i@ mainly

ac, 0Cy v, 0V influenced by the number of acquired points. Figére
Pan N (16) represents the experimental uncertainty of theusadif a
t _ ag aao aao Bao . .
J(@CV)= ac, 0C, av, vy circular gauge measured by a classical CMM. When th
X X

statistical effect is preponderant in the measurgmpeocess,
a reliable estimation of the surface parameter niaicgies

requires a number of measured points greater theget
3.2.2 Error bar of the straight line times the number of parameters describing the aedly

. . . surface. In the case of a circle case, for exantple, last
The knowledge of the variance covariance matrix

permits to define, at any point of the line, theemainty in humber is 3 (two translations and a radius) in eqosnce,
a fixed direction characterized its normal vectdfigure 5). the minimal number of measured points is 3 x 3pots.
As example, a normal vector collinear with the setaxis

0 aq dal dal 0 aq

e is considered. The error bar obtained for a giesel of 0014 o
risk a is defined by the following calculations: 0,012 1 \ N
Z om
var(y)=J(y).Cov(a).J'(y) with J(y)=(1 X) 17) 5 oooe | /
var(y) - var(ao) + Z.X.COV(Q) :al) + Xz.var(q) g 0,006 1 Exgerimental uncertainty
U =k(a)/var(y) § 0,004 < =
0,002 - . 4 = s~ .
7/ =
The variance of.y(crpz) is estimated by the residue of the 0 ‘ ‘ ‘ ‘ ‘ ‘
. 4 8 12 24 48 96 192
leaSt Squares. 1 Number of measured points
oy = N-2° (Vi = (30 +arx, ) (18)

Fig.6. Measured point number

Using equation (17), the error bar of the stralgtd can
be plotted. This envelope depends on the leveligif a
assumed in the calculations.

This remark is validated by figure 6. When the nemb
of measured points is less than 9, the estimatedrtainty
is incorrect. The minimal number required for measent

o . U”CE”EST&’ W‘;h arisk of classical surfaces is proposed in table 1.
~R@)-Oy
Xc A
c /4[ Table.1. Minimal number of the measured points

— e—— | YT atax
//_\\ 3D Line Plane Circle Cylinder Cone Sphere
— 12 9 9 15 18 12

X &
The error bar of the slope, alepends also on the

measurement extent X, and the number of points e T
minimal uncertainty will be reached, thus, when thié
The lowest uncertainty is obtained when the giveimp ~acquisitions are performed at two opposite poiotsated as
is close to the center of gravit¢ of the measured far as possible from the cent€r of the measured feature
coordinates (figure 5)A is the distance between the (left of figure 7). In this case the standard deeiof & can

estimation point and th€. The more the value of the be written as equation (20).
2 2

Fig.5. Line error bar

variableA increases the more the error bar grows. c c c (20)
var(g) = P 5 = p2 = o(al)=—P—
3.2.3 Rules for geometrical element measurement Zxk N.X XN
The study of this error bar model permits to redtiee & e
propagation uncertainty. Equation (19) gives theavee
covariance matrix when the origin of the coordinsystem Ni2 C Vo C \%
is shifted to the center of gravi€. This matrix is diagonal. & ~ X - ;
It means that the covariance caoyég is equal to zero. R o
C1

Fig.7. Measured point positions



In that case, however, the varianeg)(will no longer
integrate the form defect of the surface but orie t
repeatability of the CMM. This method must thusused
with caution. It should not be used in general, baoty
applied to standards of perfect geometry, wherefoine
defects are negligible. Many research tasks wedeniaken
to determine the best distribution of the measy@dts on
the analyzed surface [10], [11]. When the measpdts
are evenly distributed around the center C; theaxae of a
is defined by equation (21) (right of figure 7).

2 2
_ % _ 390p

_ 2+3.N+N?
==L = . =
Y x2  QN.X

withQ 2 (21)
N

var(ay)

The limit of Q is equal to 1 when the N number ofrpis
tends to infinity. An acceptable value of Q is dohe¢al when
N equals three times the number of parameterdisncase,
the standard deviation of the parametgisacalculated by
equation (22). The effect of the number of poirgtslass
significant than in the other case (equation 28¢; size of
measured surface has a large influence onjtbacertainty.

op (22)
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It is therefore recommended to acquire points remgo
distributed on the surface to avoid any bias inicedl by
automatic cycles applied to periodic textures. Tgmsblem
has been illustrated by Weckenmann in one of hjgem
[12].

3.3. Uncertainty of the distance point / line

o(ay) =

Until now, the propagation of the uncertaintiestioé

between the straight line and the point M is defiby the
following equation (24):
d=Y —(ap +a.X) (24)
In first time, in order to calculate the distance
uncertainty, the Jacobian matrix should be contatlcT his
matrix is given by equation (25):

Jz{mmaw)a@}:[_l xoq @

0ag 0ag OX ' 0Y

In a second time, the variance covariance matrithef
geometrical elements must be built (equation 26):

var(a) cov(g,y) O 0
(26)
Var[parametdr: cov@.a)  var@) 0 0
0 0 0 0
0 0 0 var(Y)

The uncertainty of the distance d is obtained thhothe
classical Jacobian propagation expression giveadoption
(27):

var(d)= J.Var[parmeter].J (27)

var(d)=var(Y)+|var(sg) + 2.X.cov(a .a1) + X 2.var(ai)

Equation (27) brings to the fore the great impdcthe
line uncertainties in the resulting random deviatioThe
measurement rules defined previously must be eraplay
the process planning used in measuring the dattereree.
To reduce the datum reference uncertainties, tinebeu of
measured points and the size of the measured sunfiaist

best fit_ surface _has_ been _studied. A verificatioh obe increased. Using the geometrical description thef
geometrical specifications using the 1SO1101 stahda surfaces €, V), it is possible to propose the procedures to

without modifier is based on distance calculatitm.this
paragraph, the verification phase is studied.ailts will be
to calculate the uncertainty of the distance betwagoint
M belonging to the specified element and the strdliiglet
considered as the datum reference. The factongeinding it
will be thus studied.

M
& M | X
& ﬂd Y d
C
c \%

e &

4
1

Fig.8. Uncertainty of the d distance

Point M is defined by its mean coordinates and a_CcwX

variance which is assume to exist only in direcgarThese
statistical parameters are summarized in equa®dh (

Mé COV(M):(O 0 J

23
0 varY) @9

The datum straight line defined ByandV in the figure

8 is independent of poiM. The equation of the distance d

calculate the uncertainties of the 3 classical adists:
Point/Point (Pt/Pt), Point/Line (Pt/Dr) and Poirdife
(Pt/PI). These 3 cases have been summarized i 2abl

Table.2. Uncertainty of the distance PT/PL, PT/DRPT/PT

distance Pt/Pl distance Pt/Dr distance Pt/Pt
v M
123 M / \ My
C
‘\'MZ
Mean -
value d=CM.V d_HCMAVH d\:HMlMZH
Jacobian
matrix [leia(car\; v) [leiﬁmczﬂqmv“) [J]:"G\Malei"" 2)
J(d)
Variances vl
Covariances _[Covlv.C 0 _[cov[m4] 0
matrix covtd { 0 CDV[M]} CDV[X]{ 0 Covm ZJ
Uncertainty vt =.covp. BT

3.4 Effect of geometrical constructions

To acquire the points of the tested surfaces ang cat
the accurate constructions which allow calculatiagd
verifying the distance characterizing the geomatric
specification, a process planning of the measurén®n
required. The uncertainties of the best fit elenamet then



propagated by the geometrical constructions usedthie
measurement [13]. To illustrate this phenomenoa, dase
of the construction of a 3D line will be consideréthe
measurement data consists of two sets of pointszgid on
two circles. The number of measured points is 1Z2ach
circle. The geometrical construction of the 3D licen be
obtained by two types of constructions. The fingicedure
is started by the best fit of the two circles. Aftasing the
calculated centers of these two circl€s @ndCg), the 3D
line is built (cacg andVcacg)- Pointlcacg is defined by the
middle of C, and Cg. The second way consists in
concatenating the two sets of measured pointshhilding

a set of points of a cylinder. After this operafitime best fit
of a cylinder is performed3 andV). The constructed line is
defined by the cylinder axis.
summarized in figure 9.

Measurement procedure 1

Measurement procedure 1
3

\
e2
[e]
el
\% Veace
8,7E-08 18610 A7E10 75E10 27607 11E07  1SE10  -16E-10
8.7E-08 LBE10 -LEE10  -2,1E-09 27607 15E10  11E07  97EAL
TSE13 23E13  -45E-12 A6E10  30E10  49E-13
18610 -L8E-10 -75E13] 26506 L1E-07 15E-10 -16E10  20E-06
A7E10 L8E10  -23E13 | 26606 | 15610 11E07  30E10
7SE10 -21E-00 -45E-12, ALGE10  97EAL  49E13
C ICACB

Fig.9. Comparison of two variances covariances may

To measure the effect of the constructions, théaxae
covariance matrixes of the two procedures are atudi
Figure 12 presents the two measurement procedoctetha
resulting variance covariance matrix. The localaabf the
center point andl cacg is similar in the two cases, but the
number of points used in the best fits is not th@es. In the
first procedure, the number of points is just 12 éach
circle, but it reaches 24 for the cylinder usedhea second
construction. In the equation (20), the term X Mg
constant but the number N changes. The varianceheof
coordinates of the center poin® and lcacg are thus of
similar magnitude, but the variances of the dimttrectors
V of the cylinder axis are significantly lower th#rse of

the vectolV cacg Obtained through the first line construction.

4. CONCLUSION

In this paper the effect of the position and numbgkr
points used in CMM measurements have been discu$eed
simplify the demonstration, the examples of 2Digtraline
acquisitions and 3D line constructions have beepleyed
for that purpose. It shows that the choice of tmalization
of the measured points could be optimized usingistcal
point of view. Such approach should however beriotst
to the analysis of surfaces with small form defatigeneral
it is recommended to acquire points randomly disted on

the surface to avoid any bias introduced by peciodi

deviations due to the part’s texture.

These elements are
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