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This article presents an optimized sensor planning system for active visual inspection
of three-dimensional manufacturing computer-aided design (CAD) models. Quantiza-
tion errors and displacement errors are inevitable in active visual inspection. To obtain
high accuracy for dimensioning the entities of three-dimensional CAD models, mini-
mization of these errors is essential. Spatial quantization errors result in digitization.
The errors are serious when the size of the pixel is significant compared to the
allowable tolerance in the object dimension on the image. In placing the active sensor
to perform inspection, displacement of the sensors in orientation and location is
common. The difference between observed dimensions obtained by the displaced
sensor and the actual dimensions is defined as displacement errors. The density
functions of quantization errors and displacement errors depend on camera resolution
and camera locations and orientations. The sensor constraints, such as resolution,
focus, field-of-view, and visibility constraints, restrict sensor placement. To obtain a
satisfactory view of the targeted entities of the CAD models, these constraints have to
be satisfied. In this article, we focus on the edge line segments as the inspected
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entities. We use a genetic algorithm to minimize the probabilistic magnitude of the
errors subject to the sensor constraints. Since the objective functions and constraint
functions are both complicated and nonlinear, traditional nonlinear programming may
not be efficient and it may trap at a local minimum. Using crossover operations,
mutation operations, and the stochastic selection in the genetic algorithm, trapping
can be avoided. Experiments are conducted and the performance of the genetic
algorithm is presented. Given the CAD model and the entities to be inspected, the
active visual inspection planning system obtains the sensor setting that maximizes the
probabilities of a required accuracy for each entity. © 2001 John Wiley & Sons, Inc.

1. INTRODUCTION

1.1. Sensor Planning

In sensor planning, the objective is determining the
appropriate sensor settings automatically when the
requirements of the task are given. In most of the
current robot controlled vision systems, substantial
human involvement using laborious and time-
consuming techniques is still required. A typical
trial-and-error approach is commonly used, where a
sensor setting is selected, tested, and modified if the
requirement is not satisfied. Such a process is not
cost-effective and lacks flexibility. An automated
vision sensor planning system, which uses the avail-
able prior knowledge to generate a sensor setting
satisfying the task requirement, is desired.

Recently, several automated vision sensor plan-
ning approaches have been proposed. These ap-
proaches can be divided into three categories, (1)
generate-and-test approach, (2) synthesis approach,
and (3) expert system approach.

The generate-and-test approach involves two
steps. In the first step, a geodesic dome is created
around a target object and the spherical surface is
tesselated. In the second step, sensor settings are
generated on the tesselated spherical surface and
evaluated according to the task criteria. The final
sensor setting is the one that has the best evalua-
tion. Sakane et al.'"® developed the HEAVEN sys-
tem. The prior chosen distance based on the resolu-
tion constraint is set as the radius of the sphere. By
projecting a ray from the target point of the object to
the center of each facet of the spherical dome, the
visibility is determined. Each occlusion-free region
is then ranked by a distance method criterion.
Shadow casting is also considered in camera place-
ment, where the reliability criterion and the de-
tectability criterion are investigated. Sakane, Nie-
pold, and co-workers*® also developed the vision
illumination object system. In addition to the plan-
ning of camera placement, the planning of the point
light source is also investigated. The goodness of

the camera and illuminator settings is evaluated by
comparison of the expected scene and the image
feature attributes obtained, such as edge visibility
and contrast. Yi et al.° developed the illumination
control expert system. Edge visibility, evaluated
based on aspect graph representation, is considered
in the camera placement planning. Sensor viewpoint
is accessed based on the ratio of the unoccluded
portion of the edge to the actual edge length. The
generate-and-test approach works well for point
features; however, it has limitations when extended
to other features such as lines and planes. The
computation cost is high and only approximation
for each viewpoint in the center of each facet is
used. Therefore, it is not cost-effective. Besides,
field-of-view and focus constraints are not consid-
ered.

The synthesis approach models the sensor con-
straints as analytic functions and treats the sensor
planning as a constraint satisfaction problem. The
drawback of the synthesis approach is the high
dimension of the analytic functions. The generalized
viewpoint includes 3 degrees of freedom in camera
location, 2 degrees of freedom in camera orienta-
tion, and the optical parameters of focal length,
aperture, and focus. Given the eight-dimensional
function spaces and the nonlinear constraint func-
tions, the efficiency in obtaining a solution is low.
Cowan and Kovesi”® reduced the eight-dimensional
spaces into three-dimensional spaces by intersecting
admissible domains of individual constraints. How-
ever, some of the parameters are determined sepa-
rately or not planned. Tarabanis et al.” '? developed
the machine vision planner. Given the eight-dimen-
sional function spaces, Tarabanis et al. defined the
optimization function as a weighted sum of the
constraint functions. The weights are selected based
on the constraint magnitude.

The expert system approach suggests possible
lighting and viewing settings based on the rules and
the information collected from users by asking
a series of questions. Batchelor'>'* developed the
lighting advisor, which asks users questions such as



an object’s reflectance characteristic and type of
features. Rules are then fired to control the illumi-
nation of the inspection cell. Other expert systems
were also developed by Kitamura et al.® and
Novini.'®

1.2. Active Vision Errors

Errors are inherent in active vision, and they affect
the accuracy of inspection. For example, the poten-
tial errors are quantization errors, displacement
errors, illumination errors, parallax, and sensor mo-
tions. [llumination errors, parallax, and sensor mo-
tions can be minimized to a negligible level by
careful design and control of the environment.
However, quantization errors and displacement er-
rors are inevitable.

In image quantization, the quantized sample
indicates itself as a part of the object image if and
only if the segment covers more than half of it. Such
distortion produces the spatial quantization error.
Kamgar-Parsi and Kamgar-Parsi'’ developed math-
ematical tools for computing the average error.
Blostein and Huang'® analyzed the effect of image
plane quantization on the three-dimensional point
position error. Ho' expressed the digitizing error
for various geometrical features in terms of the
dimensionless perimeter of the object. Griffin and
Villalobos® discussed an approach to integrate the
errors inherent in the visual inspection to determine
the sensor capability for inspecting a specified part
dimension using binary images.

The displacement of the active head produces
distortion of the projected object on the image. The
difference between the observed dimensions and
the actual dimensions is the displacement error in
active visual inspection. Su and Lee?" presented a
methodology for manipulating and propagating
spatial uncertainties in a robotic assembly system.
Menq and Bohm* and Renders et al.” presented a
framework to characterize the distribution of the
position errors of robot manipulators over the work
space and study their statistical properties. Chen
and Chao** identified and parameterized the sources
that contribute to the position error and estimated
the values of the parameters. Veitschegger and Wu®
presented a calibration algorithm to find the values
of the independent kinematic errors. Bryston® de-
veloped a methodology for the measurement and
characterization of the static distortion of the posi-
tion data from a three-dimensional tracker. Smith
and Chessman® presented a method for explicitly
representing and manipulating the uncertainty asso-
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ciated with the transformation between coordinate
frames representing the relative locations of objects.
Yang et al® *° examined both the quantization
errors and displacement errors in active vision in-
spection and derived the density functions of the
total error.

1.3. Sensor Planning for Active Visual Inspection

Beside the active vision errors, the sensor settings
(or sensor configurations) are affected by the sensor
constraints, such as resolution constraints, focus
constraints, field-of-view constraints, and visibility
constraints. All of the sensor settings that are to be
used as part of an inspection plan must satisfy these
constraints. Sensor planning is defined as an au-
tomatic process to generate appropriate sensor
settings based on prior knowledge, such as the
required geometric and physical information of
objects extracted from computer-aided design
(CAD)/computer-aided manufacturing (CAM)
models. Cowan and Kovesi,”?*® Tarabanis et
al.”1%113 and Yang and Marefat®™ examined these
constraints and proposed algorithms to obtain po-
tential sensor settings.

To develop a robust active visual inspection
planning system, the desire is to minimize the ac-
tive vision errors (maximize inspection accuracy)
subject to the sensor constraints. In this article, we
propose using the genetic algorithm to perform the
optimization. Genetic algorithms have shown excel-
lent performance in optimization with complicated
and nonlinear objective and constraint functions.
Compared to traditional nonlinear programming,®
it is more efficient and trapping at a local minimum
is avoided.

Figure 1 depicts the active visual inspection
planning system. The structure of the CAD model,
the inspection entities identified {e,, e,,..., ¢,}, and
the minimum required inspection accuracy are the
input of the system. The output of the planning
process is the planned sensor settings for the set of
inspected entities. For example, sensor setting 1

CAD Model

Inspected Active Visual Planned

Entitiess — | Inspection Planning [—— Sensor
Settings

Required

Inspection

Accuracy

Figure 1. Active visual inspection planning system.
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(ss1) is planned for inspecting {e,, e,}, sensor setting
2 (ss2) is planned for inspecting {e;, e,, 5}, and so
on. Each sensor setting is represented by its 6 de-
grees of freedom in orientation and location.

2. ACTIVE VISION ERRORS

Without careful control, quantization errors and dis-
placement errors can produce significant measure-
ment errors in active vision inspection. For example,
a sensor placed very close to an inspected edge
segment has high resolution on the image plane;
however, the displacement errors from this setting
may be too large.

2.1. Quantization Errors

Spatial quantization errors affect the accuracy of
inspection seriously, when the size of the pixel is
significant compared to the allowable tolerance in
object dimension on the image. In digitization, a
quantized sample indicates itself as part of the ob-
ject image if and only if the edge segment covers
more than half of the pixel. Using traditional edge
detection, a point in the image can only be located
up to 1 pixel of accuracy. Figure 2 shows a line
segment on a two-dimensional array of pixels.

The density functions of the horizontal and ver-

tical quantization errors, &, and &, are derived
¥
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Figure 2. (a) Probability density function of the horizon-
tal quantization errors. (b) Probability density function of
the vertical quantization errors.

For the x direction,
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where r, is the horizontal pixel size.
For the y direction,
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where r, is the vertical pixel size.

Figure 3(a) is the probability density function of
the quantization errors where the maximum and
minimum errors are +r, and —r,. Figure 3(b) is the
probability density function of the quantization er-
rors where the maximum and minimum errors are
+r,and —r,.

Using a geometric approximation, the density
function of the two-dimensional quantization errors
(&,) can be derived from Egs. (1) and (2) as follows:

1
fla) =

lcos vyl

&;— 7) )fgw(T) dr,
(3)

o 1
Xf_wf% tan y siny

where vy is the angle between the line segment and
the horizontal axis of the image plane.

Figure 4 shows the probability density function
of the two-dimensional quantization errors where vy
is 40° or 50° and r, equals r,.

2.2. Displacement Errors

In active visual inspection, we place the sensors by
the active head; there are usually errors in the final
position and orientation. If the sensor location and
orientation are different from the planned sensor
setting (i.e., there is sensor displacement), the same
edge segments may be observable, but the dimen-
sion measured will be inaccurate. The difference
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Figure 3. A line on a two-dimensional array of pixels. The horizontal resolution is r,

and the vertical resolution is ry.

Figure 4. Probability density of the two-dimensional
quantization error for y = 40° or 50°.

between the observed dimensions and the actual
dimensions is defined as displacement errors. Figure
5 gives an illustration of the displacement errors.
The displacement errors are derived based on
the perspective transformation.®?' Given that the
coordinate of an object point in the world coordi-
nate system is [ x,,, v, z,,17, the corresponding pro-
jected coordinate on the image plane is [u, v]". As
illustrated in Figure 6, [x,, Y,1, 2,117 is projected
onto [u;,v,]" on the image plane. Similarly, [ x,,,

Displaced
camera setting

Assigned E
camera setting

<]

(x1,y1,z1) (x2,y2,22

Figure 5. An edge segment, E, which is the width of the
slot on the component, with end points, (x1, y1, z1) and
(x2,y2, z2), is dimensioned by the camera with the as-
signed setting as shown. However, due to displacement
errors, the displaced camera setting could undesirably
affect the measurement.

y
A

(XWJ’yw3,ZW3) (XWZ,YWLZWZ)

(Xwas YwdsZwa) (uy] YwisZwl)
7/
Xw6sYw6sZw6)

X

Image Plane

Figure 6. Perspective projection: an object point (x,,;,
Ywir Zwi) 18 projected onto the image plane as (u;,v;)
where i=1,2,3,...,7.

Ywar Zw2]T to [xw7/ Ywz, Zw7]T is prOjECtEd onto [MZ/
0,17 to [u,;,v,]" on the image plane.

C1

u=fj: 53 (4)
C2

v=fji 53 (5)

where Cl=ryx, +7,Y, +132,+t, C2=r,x,
trp Yy 702, Ht, C3=715x, 1Y, t 7332, +
t., T11, T2, 13, Ta1s Tap, Taz, T3y, T3 and 7y, are the
parameters of the rotational matrix between the
world coordinate and the image coordinate systems,
and t,, t,, and f, are the parameters of the transla-
tional matrix between the world coordinate and the
image coordinate systems.
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Given the translational errors, 4, dy, and 4,
and the rotational errors, §,, 6y, and §,, the pro-
jected image coordinate will be displaced to [/, v']":

. f(C1+C38y—C28z+dx) ©
T FC(C3tC28x—Cloy +dz)

. f(C2+C18z—C38x+dy) @
YT FC(C3+C28x—Cloy +dz)

The displacement errors of the projected image
coordinate in horizontal and vertical directions, ¢,
and ¢,,, are ' —u and v' — v, respectively,

fC1C26x+f((f C3)C3—C1%) 8y +fC2(C3—f) 6z + f(f— C3) dx + fCl dz

Edu

(€))

—C2(f—C3) 8x+CL(f—C3) 8y + (f— C3) dz + (f— C3)’
f(CZZ—(f C3)C3) 6x — fC1C2 6y + fC1(f—C3) Sz + f(f— C3)dy+fC2dz

9)

Edu

—C2(f—C3)8x+CI(f—C3) 6y + (f— C3) dz+ (f— C3)’

Assuming that the translation errors and rota-
tional errors are normal distributed with zero means,
the density functions of the horizontal and vertical
displacement errors of a point (u#,v) on the image
are:

For the x direction,

s (6 )m a'a;(\/l—r{)(
g, Ty 7781(811“)
u)z( $,(&y )2
Xexp| ————— &2+ —
2g1(€du) O-X
L Sledme [ e
\/Egl(sdu)a/z 2g:(eg,)
(&;,)
X erf 821 Fau Hy ), (10)
0:5'\/2 r()( gl( ‘91111)

and for the y direction,

£ (s)) 0z 0, 1= rézx
e )= XV X
Sa, mhy(e; )

e

>< —_
Pl (e,

2
s hz(sdp)
&; + —
9

2.2
I-L)(gdv )

 2h(eyg,)

h (gdv)l‘l’xa-f

\/_h (Edv 3/2

X erf( - \/2

h (gdv)/'l‘)(

), (11D

rf)( gl(gdv)

where g/(g; ) =0 =21, 00,6, + 0767, §,(5;) =
9% = Tex O 8ay hl(gdv) = 0'52 a
hye; )=0;— 14,85, ¢ and & are the numerators of
the horizontal and vertical displacement errors, and
x is the denominator of the horizontal and vertical
displacement errors.

Figure 7 shows the probability density functions
of the displacement errors in horizontal or vertical
directions, fed”(gdu) or f,. (sd ), given that u, = 1.0,
5.0, 10.0, or 20.0, oy=0;=0,=2.0, and 1, =71, =
0.5. The density functions of horlzontal and vertical
displacement errors for a line segment are then
derived as:

For the x direction,

2.2
21 0: 0y &4, T O G,

fsdx(t‘)dx)=fjo fsd“(é‘dx‘f"l')fgdu (r)dr. (12)
For the y direction,
fedy(é‘dy) = /jo fgdv (de + T)f%v (r)dr. (13)

The density functions of two-dimensional displace-
ment errors are derived similar to the quantization
errors using a geometric approximation:

1

lcos |

o 1 _
Xf_mf% tany sinygd_

féd(éd) =

T) )fgd[(T) dar.
(14)
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fe dy€dy or fe dv(€dy)

\
N\

-3 -2 -1

1 2 Edu or Edy

Figure 7. The probability density functions of the displacement errors due to displace-
ment of the end-effectors in horizontal or vertical directions, f, (e;) or f, (e4),

where w, =10, 5.0, 10.0, or 20.0, 0y = 0, = 0, = 2.0, and Ty =T, = 0.5.

2.3. Integrating Quantization and
Displacement Errors

Given the density functions of the quantization er-
rors and displacement errors, we integrate both to
obtain the total error in dimensional inspection us-
ing active vision. The total inspection error, g, is
the sum or the quantization errors and the displace-
ment errors. Its density function is

File) = f_°° £ (o= Df(2) dr. (15)

3. SENSOR CONSTRAINTS

Visual inspection has become popular because of
advances in computer and imaging technologies;
however, we need careful sensor placement to make
sure all the sensor constraints are satisfied. In this
section, we discuss resolution constraints, focus con-
straints, field-of-view constraints, and visibility con-
straints.

3.1. Resolution Constraints

To obtain the desired accuracy in the measured
dimensions of a line segment on the image, a mini-
mum resolution is needed.'’?” A minimum resolu-
tion of the line segment on image constrains a
maximum distance between the corresponding edge

segment of the object and the sensor. We can com-
pute the maximum distance in terms of the focal
length and the distance between the image plane
and the lens. Using this formulation, we can obtain
a locus of points (a viewing sphere) that give the
maximum bound of the viewing locations,

dL

w

a Lmin
[(7-7)-5][(7 - 7,) 7] - >0 (16)

where 7; and 7, are the position vectors of the
vertices of the line segment, 7/, is the position vector
of the front nodal point of the lens, i is the unit
vector along the line segment, ¥ is the unit vector
along the optical axis in the viewing direction, L., is
the length of the line segment, L, is the minimum
required length of the line segment on the image,
and d is the distance from the back nodal point of
the lens to the image plane.

3.2. Focus Constraints

To keep the image in focus, we need a lower bound
and a upper bound for the distance between the
sensor and the inspected edge segment."*” For any
lens setting of the sensors, there is a focus distance,
at which a point is perfectly focused on the image
plane. Any points within a range of the focus dis-
tance are in focus if the diameter of the blur circle of
each point is less than the minimum pixel dimen-
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sion. Based on the focus distance, we can find the
maximum and minimum distances, D,,,, and D, .,
such that any points within these distances are in
focus. The difference between the maximum and

minimum distance is the depth of field,

(7.=7,) T~ Dyin =0 (17)
Dy — (7= 7,)- 520 (18)

where 7, is the position vector of the closest feature
vertex from the front nodal point of the lens along
the viewing direction, 7; is the position vector of the

farthest feature vertex from the front nodal point of
the lens along the viewing direction, 7, is the posi-
tion vector of the front nodal point of the lens, ¥ is
the unit vector along the optical axis in the viewing
direction, D, is the near limit of the depth of field,

and D,_, ismicrﬁe farthest limit of the depth of field.

X

3.3. Field-of-View Constraints

The sensor’s field of view provides a minimum
distance between the sensor and the inspected edge
segment. Any part of the inspected edge segment
that projects completely or partially outside of the
sensor area is not within the sensor’s field of view.
For a camera with a rectangular sensor, the field-of-
view boundary is a tetrahedron, where its apex is
the front nodal point of the lens. The field-of-view
angle, o, depends on the minimum dimension of
the image plane and the distance between the image
plane and the lens center,

— RS — —
- ———U—7
S . 2 v
Rsm(“/ ) >0 (19)
- s = o )
7. —sin(a/Z)v 7| cos(a/2)
(&3 t -1 Imin (20)
> M 4

where 7, is the position vector of the center of a
sphere circumscribing the inspected features, 7, is
the position vector of the front nodal point of the
lens, ¥ is the unit vector along the optical axis in the
viewing direction, R, is the radius of the sphere
circumscribing the inspected features, « is the field-
of-view angle, d is the distance from the back nodal
point of the lens to the image plane, and I, is the
minimum dimension of the image plane.

3.4. Visibility Constraints

Cowan and Kovesi” and Tarabanis et al.'"''? used

the structure of an object and the entities to be
observed to construct a region such that all entities
are visible. However, this methodology is not as
efficient as the aspect graph methodology.* An as-
pect graph is a graphic representation of all the
characteristic views of an object. Each node of the
graph corresponds to a distinct characteristic view
of an object. Given a set of entities, we can obtain all
the viewing domains that are capable of observing
these entities. If a different set of entities is to be
inspected, the corresponding set of viewing do-
mains can be found based on the aspect graph
without reconstructing all of the viewing domain
boundaries.*®

The complexity of constructing the complete
aspect graph is high,* and, therefore, it is not fa-
vored in most of the current sensor planning sys-
tems. However, the complete aspect graph is not
needed in determining the sensor setting for in-
spected entities of the complete object. In this arti-
cle, we propose to use the entity-based aspect graph
to obtain the visibility regions for the inspected
entities only. The entity-based aspect graph is con-
structed based on the entity of interest, E, where E
is the inspected entities in the active visual inspec-
tion planning system. In the entity-based aspect
graph, only the distinct characteristic views of the
inspected entities are constructed. The characteristic
views of any other entities apart from the inspected
entities will no longer be constructed. As a result,
the complexity will be reduced significantly. For
example, Figure 8 shows an object with a step
feature; the entities of interest are el, e¢2, €3, e4, €5,
e6, and e7, as labeled. The constructed entity-based
aspect graph has 20 nodes compared to 71 nodes in
the complete aspect graph of the complete object.”
The algorithm of constructing the entity-based as-
pect graph is as follows:

Algorithm for Constructing the Entity-Based Aspect
Graph (EAG) with Entity of Interests= E

Input: The boundary representation of the object
(vertices, edges, and faces).

Output: A EAG with a set of viewing domains, V,
a set of lists of observable entities, O, one
list for each element of V, and a set of
adjacent pairs of the viewing domain, A,
EAG (E,V,0, A).



(@) (b)

Figure 8. (a) An object with a step feature: the entity of
interests are el, e2, e3, e4, €5, €6, and e7. (b) The entity-
based aspect graph for the entities of interests as shown in

(a).

1. Find all the partition planes and surfaces
(using type A, type B, and type C partition
planes and surfaces described by Freeman®) and
eliminate those generated by entities that are
not elements of E, {py, Py, .-+, Pl

2. Construct all possible n-tuples, L={{p;-,
Pasreos Purde AP Poeseees b oo i, paey
..., Pu-}} where p;+, p;- are inequalities de-
noting the different half-spaces of the parti-
tion plane p;.

3. For each n-tuple,

Determine the feasibility of the three-
dimensional region described by it. (If a
point cannot belong the the corresponding set
of n inequalities, the region is infeasible.)
If such an n-tuple is feasible,
Determine the exact boundaries of such
a three-dimensional region. (If all the in-
tersections of an element in the n-tuple (a
half-space) with the other half-spaces in the
n-tuple are not on the boundary of the region
represented by the n-tuple, then that element
(half-space) can be removed from the n-tu-
ple.)
Save the reduced tuple in V.
Save the corresponding list of observable
entities in O. (The list of observable entities
is the union of entities observable from each
p;+ in the n-tuple.)

4. For each pair of elements in V,

If these elements share the same boundary
in the three-dimensional space,
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The corresponding regions are adjacent.
Save the pair in A.

4. OPTIMIZATION BY THE
GENETIC ALGORITHM

To obtain inspections with high accuracy, we deter-
mine the optimized sensor settings such that the
active vision errors are minimized and the sensor
constraints are satisfied. The objective of the opti-
mization is to maximize the accuracy of inspection.
In other words, we maximize the probability that
the errors are within an acceptable tolerance. The
constraints of the optimization are the sensor con-
straints as described in Section 3.

In this work, we use a genetic algorithm to
perform the optimization. In our experience, when
using traditional nonlinear programming, such as
gradient search, penalty approach, etc., trapping at
the local minimum occurs occasionally. Moreover,
its performance is not consistent. On the other hand,
the genetic algorithm performs more consistently.
Because of the random generation process (muta-
tion operation) in the genetic algorithm, trapping at
a local minimum does not occur.

4.1. Genetic Algorithm
Initialization of Population

A chromosome represents a sensor setting. The
genes in a chromosome represent the locations and
orientations of sensor settings, which are binary
numbers. A chromosome has six sets of genes; three
of them correspond to the three parameters of loca-
tions, and the other three of them correspond to the
three parameters of orientations. The higher number
of genes (M) in a chromosome, the higher the
precision of the parameters of translations and ori-
entations. Initially, N numbers of chromosomes are
generated randomly. For each chromosome, C;, we
compute the total probability P; that the active
vision errors are over the required accuracy for all
inspected entities, A (i=1,2,..., N).

P,=P(lel<L;(1-A)) D
where L; is the project length of entity j.

P; = is the fitness of chromosome I

=) P. (22)
j
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Reproduction

Reproduction is the selection of a new population.
A chromosome that has a higher P, has a better
chance of being selected. Each chromosome occu-
pies a certain number of slots on a roulette wheel
directly proportional to its P,. Spinning the roulette
wheel N times, we select N chromosomes for the
new population. According to the genetic inheri-
tance, the best chromosomes get more copies, the
average stay even, and the worst die off.

Crossover and Mutation

There are two recombination operations, crossover
and mutation. The crossover operates between a
pair of chromosome and the mutation operates on a
single chromosome.

Crossover. The probability of crossover, P,, gives
us the expected number PN of chromosomes that
should undergo the crossover operation. For each
chromosome, we generate a random number, X,
between 0 and 1. If X is less than P,, the chromo-
some is selected for crossover. For each pair of
selected chromosomes, we generate a random num-
ber, Y, between 0 and M — 1. Y indicates the posi-
tion of the crossing point. The coupled chromo-
somes exchange genes at the crossover point. If the
crossover chromosome does not satisfy the sensor
constraints, it does not survive (it is eliminated).

Mutation: Mutation is performed on a bit-by-bit
basis. The probability of mutation, P, gives us the
expected number of mutated bits P, MN. Every bit
in all chromosomes of the whole population has an
equal chance to undergo mutation. For each chro-
mosome and for each bit within the chromosome,
we generate a random number, Z, between 0 and 1.
If Z is less than P,, we mutate the bit. Similar to
the crossover operation, if the mutated chromosome
does not satisfy the sensor constraints, it does not
survive (it is eliminated).

Convergence

After reproduction, crossover, and mutation, the
new population is ready for the next generation.
The evolution of the solution continues in this way,
repeating these steps until the system converges.
This occurs when the total of P; for the whole
population decreases less than a small value, §, for
a few generations.

5. EXPERIMENT

We conduct two experiments to investigate the per-
formance of the genetic algorithm in optimizing the
sensor placements. Two objects as shown in Figures
9(a) and 10(a) are used in our experiments. Parame-
ters that are utilized in the computation of the
probability density function of displacement errors
and quantization errors are listed below:

Robot manipulator parameters for displacement
error are

2_ 2 2 _ 2
o, =0, =0,=0.03mm

2 _ 2 _ 2 _ 2
Oy, = 05y = 05, = 0.003 rad”.

Sensor placements are

r,=0.01 mm

r,= 0.013 mm.

To determine the visibility constraint, the entity-
based aspect graphs for the objects in Figures 9(a)
and 10(a) are developed and shown in Figures 9(b)
and 10(c), respectively, where the entities are la-
beled in Figure 9(a) and 10(b), respectively. There
are totally eight nodes and nine nodes on the
entity-based aspect graphs, where one of them on
each does not have any visibility entity. The corre-
sponding entities for each node on Figures 9(b) and
10(c) are given in Tables I and Table II.

e4 '—Jlé_// g3

(a)
(% 0'9
©
O—LL_®
(b)

Figure 9. (a) An object with four edges as entities of
interest. (b) An entity-based aspect graph for the object in
Figure 9(a).
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Figure 10. (a) An object with six edges as entities of interest, three from each pocket on
two adjacent sides of the object. (b) Entities el, e2, €3, e4, 5, and e6, labeled on the
pockets. (c) Entity-based aspect graph for the object in Figure 10(a).

The parameters used in the genetic algorithm,
such as crossover rate, mutation rate, and popula-
tion, are important for the optimization result. In
experiment 1, we shall investigate the effect of these
parameters.

Table l. Visible entities in the
nodes of the entity-based aspect
graph in Figure 9(b) for the
object in Figure 9(a).

Node Visibility

el, e2
e2
el
e2, e3
e3
el, e4
e4
None

XU WD -

Table Il. Visible entities in the
nodes of the entity-based aspect
graph in Figure 10(c) for the
object in Figure 10(a).

Node Visibility

el, e2, e3

el, e2

ed, e5, e6

e4, e5

el, e2, e4, e5

el, e2, e3, e4, e5, e6
el, e2, e4, e5, e6

el, e2, e3, e4, e5
None

O O NIONUT WN -~

As shown in the entity-based aspect graphs, in
some characteristic views, more than one entity can
be observed. However, inspecting multiple entities
with the use of only one sensor setting may not
obtain the minimum errors for all entities. The opti-
mized sensor setting only minimizes the global er-
rors for all entities. These effects will be discussed
in experiment 2.

Experiment 1

The values of the crossover rate (P,), mutation rate
(P,), and population (N) in the genetic algorithm
affect the result of the optimization and the speed of
the processing significantly. In this experiment, we
investigate how the combinations of these parame-
ters affect the probability of a required accuracy and
the time needed to obtain the result.

We perform the genetic algorithm on each of
the entities labeled in Figures 9(a) and 10(b). Differ-
ent combinations of P., P, and N are selected. For
each combination, we perform the genetic algorithm
5 times on each of 10 entities. The probabilities to
obtain 98% or above accuracy, the number of gener-
ations, and the processing time for each optimiza-
tion are recorded. The average of 50 optimizations
for each combination are presented in Table III.

The result in Table III shows that the probability
of 98% or above accuracy decreases as the mutation
rate increases and the crossover rate decreases. The
number of generations and the processing time in-
crease as the mutation rate increases from 0.1 to 0.5
and the crossover rate decreases from 0.9 to 0.5
when the populations are 20 and 50. When the
population is 100, the number of generations and
the processing time increase as the mutation rate
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Table lll. Result of optimized sensor settings by genetic algorithm.
Probability of Processing
Crossover rate Mutation rate Population 98% or above No. of time
(P) (P,) (N) accuracy generations (s)

1 0.9 0.1 110 0.95 104 135
2 0.9 0.1 100 0.95 105 136
3 0.9 0.1 90 0.95 109 141
4 0.9 0.1 70 0.95 114 148
5 0.9 0.1 50 0.95 132 168
6 0.9 0.1 20 0.95 189 242
7 0.7 0.3 100 0.93 252 328
8 0.7 0.3 50 0.92 288 373
9 0.7 0.3 20 0.92 579 754
10 0.5 0.5 100 0.92 507 660
11 0.5 0.5 50 0.90 522 677
12 0.5 0.5 20 0.89 927 1208
13 0.3 0.7 100 0.80 738 958
14 0.3 0.7 50 0.78 492 642
15 0.3 0.7 20 0.70 366 473
16 0.1 0.9 100 0.50 431 561
17 0.1 0.9 50 0.45 298 389
18 0.1 0.9 20 0.30 135 173

increases from 0.1 to 0.7 and the crossover rate
decreases from 0.9 to 0.3. The number of generations
and the processing time begin to decrease as the
mutation rate continues to increase and the crossover
rate continues to decrease for all population. How-
ever, the probability of 98% or above accuracy de-
creases significantly as the number of generations or
the processing time begins to decrease.

When the mutation rate increases, the percent-
age of mutated chromosomes in the population in-
creases. The larger the percentage of mutated chro-
mosomes is, the longer it takes to converge in the
genetic algorithm. On the other hand, there is a
smaller percentage of chromosomes that are gener-
ated by crossover, which means there is a lower
chance of new chromosomes being generated by the
best chromosomes in the current generation. When
the mutation rate increases further, there are too
many chromosomes being generated by mutation,
converging in fewer generations before any chromo-
somes obtain a setting that is close to the optimized
result.

When the crossover rate is in the range of 0.1 to
0.7 and the mutation rate is in the range of 0.3 to 0.9,
the probability of 98% or above accuracy increases
as the population increases. The number of genera-
tions decreases as the population increases. To ob-
tain the optimized sensor setting in the shortest
amount of time, a high crossover rate, a low muta-

tion rate, and a high population are desired. When
the crossover rate is 0.9 and the mutation rate is 0.1,
the probability of 98% or above does not increase
any further when the population increases. The
number of generation decreases to 105 when the
population increases to 100. When we further in-
crease the population, the number of generations
does not change any more significantly.

Experiment 2

The number of entities to be inspected by a sensor
setting affects the accuracy of each measurement.
As shown in Tables I and II, sensor settings located
within some viewing domains have more entities
that are visible. Although such sensor settings can
be used to inspect more entities, the accuracy ob-
tained for each entity may not be as high as those
obtained by sensor settings that have fewer entities
that are not visible.

In this experiment, we take four sets of entities
as the inputs of the genetic algorithm to obtain the
optimal sensor settings. The four sets of entities are
{el,e2}, {el,e2,e3}, {el,e2,e3,e4,¢e5}, and {el,e2,
e4, e5}). The sensor settings obtained by the genetic
algorithm are sensor setting A, sensor setting B,
sensor setting C, and sensor setting D, respectively.
Image 1, image 2, image 3, and image 4 obtained by
sensor setting A to D shown in Figure 11(a)-(d),
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respectively. Their edge maps are shown in Figure
11(e)—(h), respectively. The probabilities of obtain-
ing 98% or above accuracy for each entity are re-
ported for each resultant optimal sensor setting in
Table IV.

6. CONCLUSION

In this article, we propose an active visual inspec-
tion planning system to determine the optimized
sensor settings for dimensioning a set of edge seg-
ments such that the active vision errors are mini-
mized and the sensor constraints are satisfied. The
quantization errors and displacement errors, which
are inevitable in active vision inspections, are con-
sidered. The combined density functions of these
errors are used as objective functions in the opti-
mizations. The resolution constraints, focus con-
straints, field-of-view constraints, and visibility con-
straints are used as the constraint functions. We use
the genetic algorithm for optimization so that the
resulting sensor setting will have the minimum ac-
tive vision errors and satisfy all sensor constraints.
Using such a system, an optimized set of sensor
settings is obtained to inspect a set of entities for a
CAD model. Each sensor setting is able to inspect
one or more entities and the probability of obtaining
a minimum accuracy for each entity inspected is
guaranteed to be above a threshold. Experiments
have been conducted to measure the performance of
the genetic algorithm using different parameters of
crossover rate, mutation rate, and population. It
shows that using a crossover rate of 0.9 and a
mutation rate of 0.1 and population of 100 chromo-
somes produces the highest probability of 98% or
above accuracy and takes the least amount of time.
Experiments have also been conducted to investi-
gate the effect of the number of entities on the
accuracy. It shows that increasing the number of

(b) ®

(@

Figure 11. (a) Image 1 obtained by sensor setting A. (b)
Image 2 obtained by sensor setting B. (c) Image 3 obtained
by sensor setting C. (d) Image 4 obtained by sensor
setting D. (e) Edge map of image 1. (f) Edge map of image
2. (g) Edge map of image 3. (h) Edge map of image 4.

Table IV. Probabilities of 98% or above accuracy for el, e2, €3, e4, and
e5 obtained by sensor setting A, sensor setting B, sensor setting C, and

sensor setting D.

Probability of 98% or above accuracy

el e2 e3 e4 e5
Sensor setting A 0.96 0.96
Sensor setting B 0.94 0.94 0.90
Sensor setting C 0.92 0.93 0.89 0.92 0.92
Sensor setting D 0.94 0.93 0.93 0.94
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entities to be inspected by a sensor setting may
result in a decrease in accuracy for some entities.
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