Proceedings ofthe 1998 IEEE/RSJ

Intl. Conference on Intelligent Robots and Systems

Victoria, B.C. Canada October 1998 pp:1808 - 1813

1 An Automated Inspection System With Biologically Inspired Vision

+�O\D�<DOoÕQ� �+�,úÕO�%R]PD

Intelligent Systems Laboratory 2

Department of Electric Electronic Engineering

%R÷D]LoL�8QLYHUVLW\�%HEHN�øVWDQEXO�7XUNH\

1

7KLV�SURMHFW�KDV�EHHQ�VXSSRUWHG�LQ�SDUW�E\�%R÷D]LoL�8QLYHUVLW\�

Research Fund Project grants # AF 96A0236, and # AF 96HA0222

DQG�7h%ø7$.�JUDQW�0LVDJ - 65, 1995.

2 http://www.isl.ee.boun.edu.tr

Abstract

This paper describe

V�%89ø6� - an automated visual inspection

system ˘ which selectively processes the incoming image data

DQG�FRPELQHV�YLVLRQ�ZLWK�EHKDYLRU�)RU�WKLV�%89ø6�LV�HQGRZHG� with biologically motivated visual capabilites: oculomation, attention and spatio - tempora l reasoning. The advantages of such a system are being real - time and robust while running on very simple hardware.

1. Introduction

T he design of artificial systems has long been guided by disciplines like physiology, cognitive science and neurology [ 15, 16, 17 ] . Studies have revealed that such systems must have oculomotion, attention and spatio - temporal reasoning capabilities [ 8, 9, 18, 19, 20 ] . Vision researchers haven then proposed selective perception in pursuit of developing systems mimicking some of th is behavior [ 11, 10, 4, 21, 22, 23 ] . Interestingly, fewstudies have focused on employing selective perception mechanisms in higher level tasks. One such example has been APES [ 3 ] . In our work, we extend these ideas to automated visual inspection ˘ a t ask assumed to be simple, yet still posing problems in real - time and robust applicabilityin factorymanufacturing settings - and investigate the possibilityof overcoming these problems.

T he noveltyof our vision systemis that it can direct its attentio n to spatial points of interest and both the temporal and spatial nature of the visual information thus gathered is used in the accomplishment of its task.

T he inspection setup is as shown in Figure 1. Metal car parts - odd shaped and having several holes and extrusions

(hence are not necessarilyplanar) - are placed on an assemblyline at an arbitrary position and orientation. A camera located exactlyabove the assemblyline views the objects orthographically. Let us remark that despite orthographic view ing, since the parts are not planar and are arbitrarilypositioned, there is significant perspective distortion on the image plane. T he goal of the inspection is to determine whether all the holes on a given part are located correctlyand of correct shape within acceptable tolerances.

1.1. Related Work: Object Recognition

T here have been hundreds of articles describing various methods for 2D object recognition [ 24,25 ] - based on contour or region descriptors. Most of these papers ˘ although having well - though t schemes of representation

˘ have nevertheless problems with real - time applicability

(one or two seconds at most!) and robustness at the same time running on simple hardware. T his motivated us to explore the use of biologicallymotivated ideas in object recognition.

�

A s s e m b ly

L in e

T o - b e - in s p e c te d - p a r t

C a m e r a

c o n n e c te d to

S m a r te y e S y s t e m

Il lu m i n a ti o n

S y s t e m

Figure 1: Visual inspection setup.

1.2. Related Work: Automated Visual Inspection

Due to the inherent problems with respect to real - timeness

and robustness, automated visual inspection is one task

within manufacturing that has been realizing at a

comparativelyslowpace [ 1,6 ] . Although such systems are

available commerciallyfor a wide varietyof inspection

tasks including automobile, electronics, metal industries,

theyhave had nevertheless limited applicabilityin

complex industrial environm ents. Furthermore, tasks

requiring intensitybased image processing have had

problems regarding real - time operability. One common

feature of such systems ˘ also contributing to this problem

˘ is that theyusuallyprocess the whole image and use

image subt raction or localized histogramming methods for

defect detection [ 7 ] .

Intl. Conference on Intelligent Robots and Systems

Victoria, B.C. Canada October 1998 pp:1808 - 1813

1.3. Related Work: Selective Vision

Physiological studies reveal two crucial features of

biological vision: a visual field with a centered small

region of high acuity(fovea) and a surroun ding region of

lower acuity(periphery) that together see onlya limited

part of the scene and oculomotion that enables the shift of

the visual field to different regions of the scene [8,9].

Vision researchers - motivated bythese findings - have

then pro posed selective vision where limited resources

process onlythe most relevant parts of the incoming visual

data [10,11]. Interestingly, studies focusing on integrating

selective vision to actual tasks requiring recognition have

been limited. One such work has been the integration of

biologicallymotivated visual capabilities to robots

engaged in physical motion [2,3]. In this paper, we present

a real - time and robust automated inspection.

New fixation point States

New visualField

Figure 2. General flowof processing.

2. Visual Processing

T he visual processing consists of three stages of operation:

pre - attention, attention and cognition as shown in Figure

2. T he aim of the pre - attention stage is to determine where

to look next in the visual field. As a result of this behavior,

visual resources are allocated to process onlya small part

of the whole scene. After the occurrence of physical

attention, this region is sub jected to further processing - in

order to extract more complex features. T hese two stages

of vision occur repeatedly ˘ collecting data in space and

time and generating an attentional sequence and thus

contribute to the pool of information used bythe cog nition

stage to accomplish the given inspection task. T he

attentional sequences thus collected are subjected to

further processing to accomplish the given visual

inspection task. In particular cognition two possible

modes: 1.) Learning, where the systema ssumes that it is

presented with an ideal part and forms a librarymodel of

the part; and 2.) Inspection, where the systemcompares

the part - being - inspected to the librarymodel and

determines whether the part is faultyor not and if faulty,

what the fault s are.

2.1. Pre - attention: Where to Look Next

T he aimof this stage is to determine where to look next in

the image. In order to find next fixation point, simple

computations are applied on the peripheryregion of the

current fixation point byconsidering all candidate image

points, computing their saliency - a measure of interest

based on the presence of simple features with low

computational requirements - and designating the image

point with the greatest saliencyas the potential fixation point. T he peripher yregion is defined bya windowof

adaptive size. T he windowgrows in four directions - up,

down, right and left. T he saccade direction - namelythe

direction fromthe previous fixation point to the current

fixation point - determines which pixels in the periphery

are subjected to further processing. In particular, those

whose relative position wrt the current fixation point are in

the direction of the saccade, are processed and are favored

depending on their closeness to this direction. For the first

fixa tion point of each contour segment - where a saccade

direction is not yet defined - equal amount of growth in

each direction occurs , as illustrated in Figure 3.

For each size of the window, a measure of saliencyfor

each candidate next - fixation - point loca ted on the window

border is computed. In our case, saliencyis defined as the

weighted sumof the distance, d, and angular edge

difference, D q , between the current fixation point and

point under consideration as well as the number of edge

points in its 8 - n eighborhood. T he first two measures assess

the proximityof the two respective points with respect to

nearness and edge orientation, while the third measure

assesses the degree of centeredness of point under

consideration. Windowgrowth continues until eit her upper

limit for the windowis reached or a point with a saliency

greater than a predefined threshold is detected.Once the

windowstops growing, the point with the maximum

saliencymeasure is designated to be the next fixation point

and is added to the current fixation point chain. It may

happen that given a fixation point, the systemcannot find

anyunlabeled edge points to take into consideration for

computing saliency. In this case, the chain ends and an

arbitrarilychosen nearbyedge point is taken to be the

initial fixation point of the next fixation point sequence

with a newlabel. If such an initial point cannot be found,

the process of fixation sequence generation ends.

Figure 3 . (Left) Detection of first fixation point and shift of vis ual field

along the saccade direction; (Right) Detection of next fixation point.

2.2. Attention

In the attentive stage, the properties which charaterize the

state of the fovea thus extracted. T he feature vector

obtained in this wayis then added to the atte ntional

sequence. T he type of processing during attention is

determined bythe task at hand and is much more detailed

in nature than that of the pre - attentive stage. In our case,

we use edgetype as the feature. Edgetype is a valued entry

consisting of edg e magnitude and orientation. Let us

Pre - attention Attention Cognition

Proceedings ofthe 1998 IEEE/RSJ

Intl. Conference on Intelligent Robots and Systems

Victoria, B.C. Canada October 1998 pp:1808 - 1813

remark that bychoosing edgetype as feature, the saccades

track the contour of the subparts. However, bychoosing

other types of features, other types of visual behavior can

be realized.

2.3. Recognition Using Attentional Sequences

In the cognition stage, the attentional sequences thus

generated are subjected to further processing. An

attentional sequence corresponds to a spatio - temporal

representation of the image ˘ since it not onlyrepresents

the locations of the feat ures, but also the manner in which

theywere traversed.

2.3.1. Grouping Attentional Sequences

T he first type of cognitive processing aims to group

attentional sequences together. In particular, two segments

are possiblyto be grouped if their end - points are close to

each other. However, this is not an easytask. Fortunately,

the representation of the segment as a chain of fixation

points also provides such information approximately. T he

initial and the end fixation points maybe taken roughlyto

be the end p oints of the segment and assessment of

closedness of two segments can be made based on their

physical and feature proximity, as shown in Figure 4

(Left). In our case, we use distance as a measure.

Figure 4: (Left) Merging and (Right) contour construction .

2.3.2. Interpolation of Grouped Attentional

Sequences: Contour Construction

Next, the grouped attentional sequences are used in an

interpolation aimed at constructing the contours of all the

subparts. As fixation points are sequentiallyordered, this

task is reduced to a series of - given two fixation points -

determining a connected set of edge points starting from

the first and ending at the second fixation point as

illustrated in Figure 4 (Right). All those image points

whose edges are within a predefined threshold proximity

to that of the current fixation point and are connected to

the current fixation point taken to be part of the contour.

T wo image points are connected to each other if there is

an 8 - connectivitypath fromone to the other and all the

image points along the path have the same label. Let us

remark that due to the adaptivelygrowing windowand connectivity - based interpolation, isolated image points do

not pose anyproblems.

2.3.3. Shape Repres entation

T he representation of shapes is based on elliptic Fourier

descriptors [12,13]. Elliptic Fourier descriptors represent a

shape weighted sumof ellipsoids. Using elliptic Fourier

descriptors, each shape i is defined bya vector

p P

i k Î Í Â + 4 2 where k is the number of harmonics:

[ ]

p a b a b c d a b c d

i i i i i i i ik ik ik ik

T =

0 0 1 1 1 1

, ,

�

T he order of harmonics k represents the accuracyof the

model. T he set of n shapes is then described by

p P n k Î Í Â + ( ) 4 2 via concatenating p

i

[14]. In our case,

n = 5 . The parameter set a

ik

, b

ik

, c

ik and d

ik can be used

to extract geometric features such as major and minor axis

length, orientation. Furthermore, geometric relations

wit hin and between shapes can be easilyformulated

mathematically. Finally, given a sequence of points

forming a complete contour, a simple procedure can be

used to compute the elliptic Fourier parameters [13].

2.3.4. Construction of Part M odel

Once the shape desc riptors are extracted, the next stage is

to examine all the subparts on the part and then construct a

part model that represents where all the subparts are

located on the part. Note that as the part is randomly

positioned and oriented, this is not an easy task. We use

shape invariants for representing each sub - part [12] and

then use a particular - Euclidean - invariant graph for

constructing the complete part model. For shape

invariants, we use the major and minor axis lengths of the

ellipse (corresponding t o second order moments) passing

roughlythrough the contour of each subpart as computed

based on elliptic Fourier descriptors. T o construct our

Euclidean - invariant graph, we first compute the vector

anchored at the center point of the part in the direction of

the center point of a subpart which is assumed to be

always present, use this vector to generate a rotated x - y

coordinate frame and calculate the radial coordinates

)

pi

,

pi r ( q of the center point of each subpart i=1,..,N where

N is the numb er of subparts as shown in Figure 5.

Figure 5 . (Left) Reference vector, (Right) Euclidean - invariant graph.

2.3.5. Decision Stage

Proceedings ofthe 1998 IEEE/RSJ

Intl. Conference on Intelligent Robots and Systems

Victoria, B.C. Canada October 1998 pp:1808 - 1813

T he decision stage has two modes. In the learning mode

the systemis presented with a non - defective part. Part´s

model is constructed and then stored in a libraryfile to be

later used.

In the inspection mode, a ^to - be - inspected~ part

is presented to the systemand a decision regarding

whether the part is defective or not is made. If found

defective, the defective p arts are listed. In order to

accomplish this task, a model of the part is constructed

and then compared with the model of the `ideal´ part. T he

comparison is based on identifying corresponding subparts

on each respectivelyand then using a measure of

proxi mityto determine whether the positioning and shape

of each subpart on the inspected part is as it should be. In

our Euclidean - invariant graph representation of the parts, a

mere comparison in radial coordinates suffices to identify

corresponding subparts. T he j´th subpart on the model is

matched with the i´th subpart on the part being inspected

that minimizes the Spatial - Similarity - Criterion, SSC ji

,

5 . 0

)

(

2

)

mj

( Sin *

mj r )

pi

( Sin *

pi r

2

)

mj

( Cos *

mj r )

pi

( Cos *

pi r

ji

SSC

÷

ø ö

ç

è æ q - q

+ ÷

ø ö

ç

è æ

q - q =

where

pi r and mj r are the radial distance of i´th

subpart of to - inspected - part and j´th subpart of model to

the starting point of the reference vector respectivelyand

i p q and

j m q are the angular displacements of

corresponding subparts relat ive to the reference vector.

T he average SSC ji for all subparts, defined as follows,

ASSC

N

SSC

j matched subpart on inspected part

j

N

=

- - - - å 1

( )

can be used as a feature to determine if a subpart is

missing. T he ASSC value is almost invariant for a part no

matter what its orientation is. Due to a missing subpart

(i.e. a missing hole), the value of ASSC will change

considerablycompared with the model´s ASSC.

Having

determined that there exists a missing subpart, the missing

subpart can easilybe identified through SSC ji values.

Having matched the segments on both images, our next

objective is to determine whether the segments are

properlyshaped within some tolerance. T he invariants

computed out of first fewharmonics successfullyaids in

rough inspection of the shape of the segments.

3. Experiments

We have developed an inspection system - BUVIS - based

on T MS320C31 where visual processing is based on our

approach. T he systemcomponents are shown in Figure 6.

Visual processing is done on the Smarteye Vision System

which is designed around a high performance DSP chip

T MS320C31PQL. Computationallyintensive parts of the

programare directlyprogrammed in T I assembly language. T he remaining parts are programmed in C and

then cross - compiled to T I assemblycode. T he illumination

systemconsists of four lamps located so as to minimize

the shadowing effects of each lamp. An image of the `to -

be - inspected´ part is taken and is subjected to further

inspection to determine whether it has anydeviations

fromits CAD sp ecs.

S m a r t e y e

S y s t e m

C o m p u t e r

M o n i t o r

P o w e r

C C D

C a m e r a

, O O X P L Q D W L R Q

�V \ V W H P

Figure 6 . Inspection systemcomponents .

Experiments were held on several industrial parts. Let us note that although these images look like high - contrast images due to the printing quality, in realitytheyare pretty noisy. In these experiment s, the center of the boundaryof the part is the reference point and the reference vector is directed to the center of a subpart (or hole) which is known to exist on everypart whether the part is defective or not. T he ASSC value, explained in section 2. 6, is computed for different orientations of each part´s model and defective samples of the part. Let us remark that the difference in ASSC value between normal and defective parts can be used to determine a threshold for deciding whether a given part is a cceptable or not.

3.1 Experiments with Part 1

Figure 7.

PART1 (a) Model and reference vector; (b) Euclidean - invariant graph of the model; (c) and (d) reference vector and Euclidean - invariant graph for faultysample where holes b and f are missing.

T he part in Figure 7.a, out of which the model is constructed is rotated around itself, to measure the variances of placements of subparts on a part at different orientations and the results are displayed in Figure 8.

�

�

�

�

�

�

�

� � �

$66&

Figure 8. ASSC vs orientation graph for Model of Part1 .

Proceedings ofthe 1998 IEEE/RSJ

Intl. Conference on Intelligent Robots and Systems

Victoria, B.C. Canada October 1998 pp:1808 - 1813

T he model of the industrial part was constructed with a randomlyselected orientation at 270 degrees. T he part is then rotated around itself and ASSC at everyorientation is computed as shown in Figure 8. T he average similarity measure varies between 0 - 4 pixels per subpart. Let us remark that ASSC does not turn out to be zero because fromthe perspective of the camera, the transformation of the part is not completelyEuclidean - invariant. Rather, as our parts have extrusions and holes on them, foreshortening effects come into playand distort the image veryslightly ˘ thus causing variation of the ASSC. We can use the upperbound value 4 as the maximal tolerance for mismatching. T he faultysample shown in Figure 7.c is compared with the model shown in Figure 7.a . ASSC values for different orientations for the faultypart is shown in Figure 9. T he ASSC value varies between 5 - 8, - all above the upper bound. Furthermore the variations (not shown in the graph) are much larger. In addition to detecting faultyparts, the systemeasilyidentifies the faultysubparts.

�

�

�

�

�

�

R U LH QW DW LRQ�

$66&

Figure 9.

The ASSC vs orientation graph for an erroneous Part1.

It takes the systemapproximately4.5 seconds to per form the whole process and the inspection duration does not change significantlyfor varying orientations of the part.

T he experiment is repeated for parts with manydifferent types of faults. As expected, as the number of faults of type `missing holes´ in creases, ASSC also increases.

3.2 Experiments with Part 2

Figure 10.

PART2 (a) Model and reference vector; (b) Euclidean - invariant graph of the model; (c) and (d) reference vector and Euclidean - invariant graph for faultysample with hole b.

Similar ex periments were held for the industrial part, Part2

- shown in Figure 10.a. T he model of the industrial part was constructed with a randomlyselected orientation at

300 degrees. T he part is rotated around itself in order to measure the variances of placeme nts of subparts on a part at different orientations and the results are displayed in

Figure 11. It is observed that ASSC varies between 0 - 6.

Let us remark that there is more variation as compared to

Part 1 due to the increased foreshortening effects cause d bythe uneven surface of Part 2. Again, we can use the

upperbound value 6 as the maximal tolerance for mismatching.

�

�

�

�

�

�

�

�

�

,Q�WKLV�SDSHU�%89ø6� ˘ an automated visual inspection

systemendowed with visual attention capability ˘ is

presented. T he advantages of this systemare that it is fast

and robust while ru nning on simple hardware. In this

system, the visual processing consists of a continuumof

pre - attentive and attentive stages, and generates an

attentional sequence which represents the visual data

spatio - temporally. T his processing is occasionally

follo wed bycognition, where attentional sequences are

grouped together, the grouped attentional sequences are

used as anchor points for contour interpolation, shape

parameters of all subparts are extracted and compared with

Intl. Conference on Intelligent Robots and Systems

Victoria, B.C. Canada October 1998 pp:1808 - 1813

the librarymodels for fault detec tion. We are currently

working on reducing inspection times even further. Also,

we are investigating the use of optimal control ideas in

bringing a mathematical formulation to the problemof

attentional sequence generation.

5. Acknow ledgements

T he T I ass emblyprogramming of BUVIS has been

designed and realized byMehmet T ezol

( tezolmeh@boun.edu.tr) .

6. Ref erences

1. Newman, T.S. and A. Jain. A Su

UYH\�RI�$XWRPDWHG�9øVXDO�

Inspection. Computer Vision and Image Understanding. Vol 61, No.2,

March pp:231 - 262,1995.

2.

dD÷DWD\�6R\HU�+�,úÕO�%R]PD . Further experiments in classification

of attentional sequences: Combining instantaneous and temporal

evidence, Proceedings of ICAR´97, California, USA.

3.