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Abstract

Machine vision has been widatieployed in many applicatioms various sectors likendustrial,
medical, manufacturing,agricultural, surveillance etcSuchapplications consist ohumerous
algorithms to fulfil the ultimate requirement of the end produibe roleof automatic visiorfor
classifying the quality of solder joinis the ElectronicsManufacturingServicef EMS) industry
has become significafitecause théncreasing cost olabour, skill dependency, attitudes, time
variarce of human operatorbave narrowed down the quality of their serviSeveral major
companies develop staadbne Automatic Optical Inspection (AOIl)systemswith proprietary
algorithmsthat contains multiple cameras operatirgjdea specific lighting environmerfor the
ingpection ofSurfaceMountDevices (SMD) and hroughHole Technology (THT)omponents
However, the accuracy and maturity level for theomaticinspection ofthe quality of solder
joints have yet to reach its ultimate goal due to the complex appearasaiaf joint surface.
Even though, manfOl systemsare availableno vision system has been developenhtiegrate
with a soldering robotic system to provide quality classification of solder joints in real time without
prior teaching of individual jointand enclosed chambers with specific lightiogperate

In this researcha THT soldering systerwith an AOI and Computer Aided Design (CAD)ol
has been develop¢a classifythe quality of THT solder joints without prior teaching and specific
lighting requirements. The design consists of three main stages:

1 AOI system forquality classification of HT solder joints (Major Research)
1 CAD toolfor extracing physical parameterd each component (Minor Research)
1 THT Solderingsystem to perform automatic soldering (Minor Research)

The AOI system mainly operates in three stages. The first stage involves with precise alignment
of the Printed Circuit Board RCB) to the origin of theTHT solderingsystemusing feature
extraction and template matching techniquess approach provide a reliable and robust PCB
verification and alignment capability compared to Hough transform based alignment method
proposed by Nang Seng Siri Mar. Furthers) thismethodology rendered a better outcawen

in distinguishing between vias, pads and-fasnts in addition to conventional fiducial markings.
The identificatiorof the solder padnd the verification of the component availability is performed
prior to soldering in the second sta@ibe automatic identification of solder pad regardless of its
plated colour and surrounding solder mask colour made a significant improvement over the
methodology proposed by. Y. Ong, Z. Samad and. M. Ratnam based on prior teaching of
individual pad using artificial neural networkén addition to that, the impmented methodology
provides online positioning acaacy calibration which is not availablin any commercial
soldering robotic system3.he component availability is assured by precisely segmenting the
component lead top from the identified solder @dd developed algorithms could render a better
outcome even for component leads which passesninimum colour dissimilarity with their
surrounding drilhole region.No commercial soldering robotigystem iscapable of verifying
component availability prior tsoldering. Further,hie segmented lead igsed toestablish a
relationship between i and post soldering stages of the solderipanider to provide a robust
solder quality classification capabilityhe classification of the soldering qualfty short circuit
(solder bridging)voidsinside the drikhole, voids on solder pad anexcess soldeis carried out

after soldering during the third stagehe implemented algorithms could render an improved
recognition rate even with applied flux, illuminated pad regions, uneven illumination distribution
and shadows on the solder jointfaige.Such a widely distributed gquality inspection capability is



not coveed in any of the reported studid$either commercial AOI systems nor soldering robotic
systems perform real time inspection of soldering quality just after the soldering of THT
components.Moreover, he precise localization of defective areas inside the solder joint, enables
the robotic sgtem to performautomatic reworking on defective solder joimtshering to IPC
regulationswith minimum user interactiorbuch automatic reworkincapability is not available

with any commercial solderingbotic system in the market today.

The CAD system extracts tlggometricainformationof components and their pads suchhes
component location, its orientatiosjze of the solder pad and drhlole, height of nearby
components, the width of the connected PCB track to the soldémpathe respectiv€AD file

and visualize thD view of thePCB to the user in &raphicalUser Interface(GUI). This
information enhances the intelligence and the situational awareness of both robotic system and
AOL.

The THT solderingsystem is a fouaxis robotic platform that performs solderingheselected
solder padshrough the CAD system GUIts operation isnainly controlled by the vision system
and the information acquiredoim the CAD system. The implement&HT solderingsystem
together with integrated AOI and CAD tool provides a new concept ifeM® industry by
replacingthe manual inspection of THT sér jointswith automaticinspection and providing
automatic rework capability on defective solder joints withgingleplatform.

The performance of the complete system was evaluated under different illumination levels, flux
residues, different types obmponent leads, colour combinations of solder pads and solder mask
colours wide variety of solder pad neighbourhoods amange of solder pad sizes. Each stage of
the AOI was able to provide a significant improvement over the reported studies and ciamnmer
systemsThe automatic identification of solder pad and the verification of component availability
could provide nearly a 98% of recognition rate for both cases. Howeeexistence of highly
illuminated pad regions and overheated solder jointtases degrades the performance of the
classification of not soldered regions by 2% and excess solder detection by 5% respectively
(subjected to a sample size of 200 solder joirEsgn though, a slight performance reduction is
there due t@such extreme gulitions, the proposed approach provides an automated solution for
soldering and quality assurance within a single platform while solving several problems in the
reported studies armbmmercial systems effectively.

Keywords:

Automatic Optical InspectiorSolder Quality ClassificatignLocalization of Component Lead
inside a THT Solder Joint for Solder Defects Classification, Fiducial Verification
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1. Introduction

Electronics, which is a part of physics and electrical engineenagevolved for many
years in the field of engineering. This is@eaof study that demonstrates how the circuits
made up of various componentsich control the flow of electricitycanbe effectively
used tosolve real worlgroblems. The deployment of such electronics circuits is abundant
in control systems used for industrial automafibjy consuner electronicq?2], medical
equipmentg3], surveillance equipments [4] etc.

The application oélectroniccircuitsplays a vital rolen majority of theactivitiescarried

out ina wide range oindustrial sectorsTherefore, e increasing requirement wide
variety of electronic productdasescalatedn a higher demandh their manufacturing
process.Consequently, the role dlectronics Manufacturing Services (EMS) industry
has become increasingly significarffurthermore this advancementin electronics
industryand increasing competitivenelsave reduced the time to market a particular
product. Hence, each activity related with manufacturing process has to be accelerated to
cater thisgrowing demand However the human deployment to accomplish thgnot a
viable option due to its skill dependency, time variance, increasing cost of &fmblass
availability of man powerConsequently, EMS companibavedeployed an extensive

use of sophisticated control systems to perform tasks that are ttioal @mnd yield very
precise operation like Surface Mount Device (SMD) assembling, quality inspection for
soldering defects, testing for electrical defects, Through Hole Technology (THT)
component soldering, Printed Circuit Board (PCB) panel separatioisetee of these

applicationsamake usef computervision while some do not.

Automatic Optical Inspection (AORystems for quality inspection aésembled PCBs
and soldering systensuch assoldering robotg5], wave soldering machine$][and

selectivesoldering machines/] for automatic solderinggre two of the majocategories
of automatedplatforms that areextensivelyused in EMS companies tamp up their

productionwhile preservinghe consistency of theiguality of service by means ofast,



time invariant skill independenand precise operation comparing tonfandeployment
However, they still require considerable amount of user interaction for a detteme

In this researcha THT solderingsystemwith integratedAOI and a Computer Aided
Design (CAD) tool[8-9] was developedo provide soldering andjuality assurance of
THT solder joints in real time basmithin a singleplatform Sections 1.1 1.3 provide
anoverview of the existing automatic optical inspection systems, overvidve existing
soldering robotic systems and how tingplementedsystemin this researcHfills the
existingknowledge gay combining two different steps inraelectronics manufactung

processTHT soldering and’HT solderquality inspectionrespectively

1.10verview of Automatic Optical Inspection Systems

AOI is one of the prominent techniques used in electronics manufacturing industry to
provide noncontact testing methodolodgr assembled PCB#n AOI system provides

fast and accurate inspection of assembtatdponents and their respective solder joints in

a PCBto ensure that the product leaving the production line is at high quality wahgut
manufacturing faultsHowever,the growing complexity of modern circuits compared to
the boards were in the recent pasgesmore sophisticated methodologies to inspect their

quality.

The debut of surface mount technology and the ensuing reductions of the sizes of SMDs
emphasize thaPCBs are getting significantly compattsize and densitfven relatively
average size PCBccommodatethousands of solder joint$his results inncreasing its
vulnerability to the existence of soldering defe@sch agrowing complexity of PCBs
further implies that manual inspection is not a viable optiortHerforeseeable future.
Even when it was an accepted approach, it was realized ihaioit particularly effective
becauseof its skill dependeay, time variage and theincreasing costSince the
marketplace is requirinargevolume of products nowadays, high quality produztge

to be brought to market very quicklyrough areliable angorecisemanufacturing process

thatensursthe product quality remains higlAOl systems provide significant benefits to



an EMS company by keeping the production castswer as possible through detecting
the manufacturing faults early in the assembling process.

Several leading manufacturers likrdson,Mek, Juki, Semens have deloped AOI
systems with various capabilities to inspect SktiinponentsSome AOI systems from
Mek, Nordson arevencapable of providing inspection capability over THT solder joints
as well.However, ach of these systems requires manual teachinges eolder joint,
specific lighting environmentwithin fully enclosed chambersnultiple camera views
together with proprietary algorithntg provide better results

1.2 Overview of Soldering Robotic Systems

In modernEMS industry, automated production process is preferred due to increasing cost
of labour,less availability oiman power skill dependencandtime varianceof manual
operation Soldering robotic systems are one of the versatile machines, which have been
developed to replace the requirement of a human opeoaparform solderingdf THT
componentsThese systems are primarily used to perform soldering on components with
lower temperature enduranteat limits the solderinthrough wave solderingr selective
soldering machine3.he Soldering robotisystems are available either of followifogms

in present market

1 Soldering arm is stationary and the PCB is positioned by jgr¥e¥ positioning
mechanism

1 PCB is stationary and the soldering arm is positioned by gr¥el positioning
mechanism

1 PCB is stationary and a robotic arm performs soldering (6 and 4 axis soldering

robotic arms)

Each of these systems from reputed vendiite Japan Unix, Weller, Metcal,
Unitechnologies, Janomd&hermaltronicsare equipped witlprecise solder wire feeding

mechanisms, position calibration mechanisms, precise soldering mechastanles tip



cleaning mechanisms and soldering iron leeaitrolling methodologiesSome soldering
robotic systems like MSH150 MTA from Unitechnologiesd TMT-R9800S from
Thermaltronics have been equipped wittaeera placed on the soldering hedolwever,

it is only for visualization purpose for the usernspect the soldering process.

Metcal, one of the most prominent manufacturers of soldering arsbldering
equipments, won 2018ew Product IndustrializatioNP1) award for robotic soldering,

as a result of their patented connection validation (CV) technology. However, this system
performs a closed loop between the soldering system and the solder joint via the inspection
of solder formation through soldering tiptimar than inspecting the entire solder joint
optically. Some soldering robotic systems replaces the operation of solder iron with micro
flame [10], laser[11], induction. Even though these systems include high tech electro
mechanical operations, andtting-edgetechnologies like laser applications, they are still
lacking of verifying the quality of their operatioand performing rework on defective

solder jointsn real time basis

1.3Recent Works

Even tlough the commerci@Ol systems contain proprietagygorithms, limited number
of research works have also been reported that describe the implementation of optical

inspection systems for solder joint defects classification as briefed in this section.

Nang Seng Siri Mar [], presented an implementationaf automatic vision system for
solder defect classification (both SMD and THT joints). His system uses Gabor filter,
Discrete Wavelet Transform (DWT) and Discrete Cosine Transform (DCT) for the

identification of soldering defect3his vision system:

1 relieson gray scale image processing;

91 follows edge detection based image alignmand,

9 targeted for already soldered SMD and THT solder joints and henceitadiles
for a solderingsystem with AOI.



T.Y.Ong, Z. Samad, M. M. Ratnam, presentedrgrsiementation of an automatic vision
system for solder defect classification of SMD joints using multi angle images and
artificial neural networks [3]. This vision system also:

1 reliesongray scale image processjrand,

1 requires prior training usingnanually captured solder joints.

Kuk Won Ko, Hyung Suck Cho presented an implementation of an automatic vision
system for solder defect classification of SMDIder joints using neural network and

fuzzy rulebased classification method4]1 This technige includes the application of

three neural network modules to classify solder jointsddgur patterns obtained from a
threetiered circularcolour illumination system:This vision system is not suitable for a
soldering robot systensince the presence tiireetiered colour circular illumination

system around camera makes it difficult to fix a soldering iron and a wire feeder.
Furthermore, this system also requires extensive teaching of colour patterns of each solder

joint.

The vision system described [ih2], has been developed to inspect the quality of both
THT and SMD solder jointsThe lead position of a THT component playsajorrole in
determining the shape of the solder jolHowever,this vision systendoesnot consider

the effect of theactuallead positiontowards the solder joint shapEBurthermore, the
existence of dark regions on lead tops, leads to a similarity between the lead top and not
soldered areas inside difible. These two deficienciemay result in a significant increase

of false detection ratd-urther, this systemrocesssthe entire area of the THT solder
joint and intended for final quality analysis (after cleaning flux residues) whereas a
soldering robot needs an AOI which celassify the qualityof fresh solder joint that
contains a significant amount of flux around the solder joint and burnt flux residues on the
solder joint surfaceThe larger the area of processing, the morefdlse detection rate

due to presence of fluxselues



The vision systems described i3[land [14] have beerprimarily designed forSMD

joints. Since,the entire jointis processed for quality classification, both of themrare
suitable tousefor a THT soldering roboAOI due to the presence of flux residuekhe
application of gray scale images in the vision systems described in [12] and [13], leads to
a significant loss of meaningful datdence the impact of theolour of solder pad (gold

and tin plated) and PCB <ace (green, blue, red, black) cannot be effectively used to
reduce the false detection ragnce @ch vision system described in [12], [13] and [14]
process solder joints, they cannot provide a complete vision capability starting from the
verification of actual pad to be soldered up to the verification of component availability
prior to solderingFurthermore, ane of theevision systemslo notcomparethe solder
coverage percentage basedtbe dass to which the PCB belongs definedin the
standards provided lifzie Institute for Interconnecting and Packaging Electronics Circuits
(IPC)[15-16].

As described earlier in this section, there are many st AOI systems with
proprietary algorithmsHowever, such systems are not suitablestudering robot AOI
as they

1 require individual teaching of eachrmaponent and their solder jojnt

1 require specific lighting environments with fully enclosed chamlzei

1 have been designed to inspect the quality of compRGHsks.
The @mmercially avaéble soldering robotic systems

do not contain in built AOI system

do not provide automatic rework alefective solder joints

requireinitial learningof position and soldering directidor a particular solder

pad;

are not capable of estimating fkeeheat time for a solder pad automatigally

are not capable of providing the automatic assurance on the availability of the

component to be soldereand,



1 require considerable level of user skill on machine operation and soldering

programme developmentrfa given PCB

As a result of the absence of above capabilities in current reseadts and
commercially available soldering robotic and AOI systeaBHT solderingsystem with
anintegrated AOIplatform was developed that addressatmveproblems eféctively.

1.4 Original Contribution of the Research in Knowledge Gap and Industry

In this research, a THT soldering system with an integrated vision solution that requires a
single camera view acquired from orthogonal direction to the placed PCB, was
implemented to provide complete solution to problems described in SectionThi3.

vision systenhas followingthree stages

Fiducial Alignment $age: Aligns the PCB to its originautomaticallyand compute

relative distances to each object on the PCB

Solder Pad an€Component Availability VerificationStage Identifies the solder pad

automatically and theresence of the componédxgforesoldering
Quality Classification Stagé@erforms automatic quality classificatior solder joins

This visionsystem operatewith the assistanagf a CAD systemdeveloped during this
research whickextracts all the physical information like location of the componands

their respective solder pads, pad diameter-dole diameter, height of theeighbouring
components (if there are any) and the width of the connected PCB track to each solder
pad. This informationncreases the intelligence and situatiomaireness of the entire

system significantly.

In Section 1.3, several drawbackave been discusseelated tahereported studiesral
commercial AOland soldering robotic systentdowever,each of those issuesuld be

effectively solvedduring the implementation oliis system as described below.



Replaces gray scaleimage processinglescribed in [12.3] with colour image
processing algorithmsThe application of colar image processing algorithms
preservesneaningful data on the image to implement a robust and precise AOI
systenthat requires no prior teaching of THT solder pads/solder joints

Replaces edge detection based image alignment described insjtg]feature
matching and image localizatiohhe algnment of a PCB to the solderisgstem
origin is carried out byverifying the existence (usinigature matching) and
localizing the position (usingimage localization) of previously learnt model
imagesand computing relative distances to each objecherPCB based on these

positions

Consides the impact of colour of solder pad and PCB surfaiis was not
analysed in [1204]): Themostsuitable colar modesfor different solder pad and
PCB surface colar combinations were found that lead ® very precise

segmentation adolder pad or joint from its immediate PCB background

Replaces manual calibratiaequiredin commercial soldering robotic systems
through on line calibration of positioning accuragie identification of the pad
to be soldered from its neighbours lead to perform online positioning offset

adjustment with respect to the centre of camera FOV.

Consides the effect of the component leddot took the advantage of THT
component lead in [224]): The precise segmentation of the component lead from
bare solder pads performedand localized its position after the soldering process
to predict theshape of the solder joint, to minimize its likelihood of being detected

as a defect antb assure the availabilitpf the component prior to soldering

Consides the effect of flux residues and shadofmst analysed in [1:24]): The

immediate surroundings of the segmented not soldered regions are processed for



the availability of soldeto minimizethe effect of flux residues and shad@nghe
solder joint of being detected as defeufttess solder

Consider the effect of illumated regions on the solder pgubt analysed in [12
14], since they process completed solder joint&ijigate the impact of highly
illuminated regions on the solder pad on the accuracy of not soldered region
classification through early retrieval such regions prior to soldering process.

Consider the differengeometrical regions (pad and dtible) whereas vision
systems described in [14] process the whole solder joint/pad afeaolder joint
is fragmented into two regions based on tigeiometrical appearance, drtole
(by early identification of this area from bare solder paaf)d solder padby
acquiring the diameter of solder padrom the CAD tool) and process them
separately for quality classification

Performsa comparisorbetween the solder coverage percentaggnstthe IPC
standardgnot analysed in [1:24]): Theless solder appliedegiors are precisely
localizedand comparethe solder coverage percentagmainst the regulations
provided by IPCThe outcome of thmomparison is used to define its eligibility of

being considered as a good jolrased on the class to which the PCB belongs

Provides automatic rework omlefective solder jointgnone of the commercial
soldering robotic systems possess this capabilifydhe identifiedless solder
regions are nowithin the IPC regulationggutomatic rework is performed dimem

by feeding the requicteamount of solder based te size ofdefecive regions

Does notrequirelearning ofsoldering directiorfor eachsolder padCommercial

systems require the definition of this parameter during the learning pfdee)
requirement of manuateaching of the direction in which the soldering iron
touchesa padwaseliminated withthe retrieved informatiofrom CAD tool related

to the height of nearby objects and their o$eim the point of interest



l

Provides automaticestimaton of the preheat time for a solder pghe user has to
define this parameter in commercial soldering robotic systefhgwidth of the
connected PCB track to a particular solder pactractedfrom the respective
CAD file of a PCBis usedo define the preheat time automatically

Requires less user skill levebn machine operation and soldering programme
development for a given PCBrhe required user skill level for the system
operation and soldering programme development could be successfully minimized
with the implementation ofan interactive GUI that holds lathe required

informationrelated to the PCBretrieved from the respective CAD file

Consequentlya robust THT soldering system could be successfully developed with an

integrated AOI and CAD system to provide automated soldering and quality inspection

processwhere none of the reported research work or commercially available systems is

capable of performingSections 1.5 1.6 brief the system architecture of AOI andT

solderingsystem respectively.

1.5Automatic Optical Inspection System Architecture

The AOI systemdescribed inthis researchtakes control over every major action

performed by the THT solderingystem adlustrated in Figurel.1.

=A =4 4 4 -

A : automatic PCB alignment to the origin of the robotic system XY positioning plane
B : solder pad segmentation and real time positioning accuracy verification

C:
D
E

component lead top segmentation

: automatic classifation of soldering quality

- verification of solder coverage to define automatic rework.

Implementation of each of these stagesEHAwill be discussed inChapters 26

respectively. Section 2.2 briefs the architecturéhefdeveloped THT solderirgystem

prototype inthis study.
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1.6 THT Soldering System Architecture

Many soldering robotic systemisave beerdeveloped from leading manufactures like
Japan Unix, Metcallanome, UnitechnologigShermaltronicsetc. Eaclof these systems
requires user interacticand expertise knowledge to a considerable extefior a better
outcome since none of them are eqopgd with real time inspection capability on their
soldering processlhe integration of a CAD tool together with AOI into the developed
robotic system enables to providevery precise and highuality soldering process

compared to the existing systems.

Figure 1.2 illustrates theoperational block diagramf the developedHT soldering
system.Each electronics circuit used in the robot system (except AC servo drivers used
for XY positioning) was designed and developed from the scratch in my researderin or

to provide a flexible and modularized system architecture. This approach was beneficial
in financial terms and further provides supplier independent system at a very low cost
compared to commercially available soldering robotic syst&mmgher, the sstem has

been designed in a way that the system mother haghose the cause of failures of

each sub module connected to it and alarms the user accordingly with the complete error
report. Chapter 7 provides a detailed overview on the implementation of Th&l

solderingsystem.
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2. Implementation of Automatic PCB Fiducial Alignment Process

In [12], the PCB alignment is carried out by detectivgedges of the PCB and computing
the angle difference with the horizontal and vertical lines of the imageHoovever, this
methodology is not robust andliadle for an industrial applicatianTherefore, a robust
PCB alignment procedure based on the user defined magtes paailable on the PCB
was implemented in this researc8ections 2.22.3 describe how this procedure is

implemented irthis study.
2.1PCB Fiducials and Importance of Localizing Them

PCB fiducial points are the user definedster points on a given PGt can be used as
reference poirgtto calculate r&ative distances t@achobjecton the PCB from a point that

lies insidebutside ofthe PCB(In this application this point is the zero position/system
origin of the PCB positioning system of the robotic platfordgwever, it is a necessity
that the defined fiducials points must be included in the respective CAD file of the given
PCB. The application of these master points is extensively used in SiskDand place
machines 17], AOI machines for SMD device§lying Probei In Circuit Testers 18],

PCB panel separation machin&§|[in the field of EMS industryThese master points are

sonetimes defined by theCB layoutdesigner himselas illustrated in Figurg.l

Figure2.1: Fiducial points defined by the PCB layout designer

It is required to have at least of 3 fiducial points populated on a PCB to rendey a

preciseoutcomeasdescribedbelow.

14



1%t Fiducial Point:

The first fiducial pointenablesthe machine to recognizbe respective location dhe
PCB is in itsXY space.

2" Fiducial Point:

The second fiducigdoint helps the machin® recognizethe orientationof the PCBand
the bend of PCB surfaaiue to tightened screw# the PCB is rotated eveh 1% of a
degree this could completely ruin the assembly if it weren't for fiducials. The machine is
able to measure the angle that the board is rotated down to the n@a@¥X4iof a degree

and compensate all of the placements accordingly.
3 Fiducial Point:

Consequentlythe third fiducialenablesthe machindo mitigate the slight deformation
defects likeany shrink or stretch of the PCB most case?CB's do vary by very small
amounts over a long distanceherdore,larger PCB's experience a much greater amount
of stretch shrink or both This iseffect is significanfor doublesided Surface Mount
Technology $MT) assemblies. After the first side rieflowed the board may have
stretched, shrunk, bowex flexeddue to the higher temperature profile maintained inside

the ovenSuch an effect can be minimized with the applicatiantbird fiducial point

These fiducialscan be fairlyidentified and localizedy the vision system of such a
machine using template matching algorithf28-23]. This process is also known as
fiducial verification. Once the fiducial points are identified by the respective vision
system, it calculates relaévdistances to all the points on a PCB with respect to the
calculated distances from the system origin to the identified fiducials on the PCB
However, when it comes to define fiducials on the secondary side of the PCB that holds
the THT pads, dedicateddficials points are not always available. SecBdhdescribes

how to counteract such situations efficiently.
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2.2 The Distinctive Behaviour of the Proposed Fiducial Verification Processin

Automatic Optical Inspection System

Theproposed vision system primariiycuseon quality assessment of THT solder joints
which are placed on the bottom si(d=condary sidedf the PCB. Insomecases, the

fiducial points are not available dne bottom side of the PCB when

1 SMD components arphaced only on the top sidg the PCB
1 The available space on the PCB is limited

1 Mistake from the PCB layout designer

In such a case, it is required to defiiticial points from the available distinct objects on
the PCB like mounting holes, viagstpointsandtest padsFigure2.2 illustrates few

examples of such objects available on the PCB.

Y Y
(a) (b)
Figure2.2 Distinct objects on the PCB in additionftducial markingsprovided by layout
designer (a). Vias available on a PCB. (Bkest Pads available on the PCB

Even though the positioned solder pads can be accurately identified by the vision system
asdescribedin Chapterg3, it still cannot differentiate between solder pads on different
PCB types.Since the proposed AOI system has been designhed to produce a fully
automatedTHT soldering system, the vision system must be capable of precisely
identifying whether the PCB under solder (PUS) is the correct one that shcaltdi&ed

or not. In Figure2.2, it can be seen that these objects on the PCB are more vulnerable to
uneven illumination, environmental noise, lack of distinguishable features. Therefore,
more robust inspection mechanism is required to distinguish these points from their

counterparts.

16



2.3 Algorithms for Fiducial Verification
Image localizatiorcan be mainly carried out by two methods.

1 Template matching

i Feature extraction

In template matching method, the occurrence of a model image inside the inpu{'@nage
is computed by convolutiobetween model imag€O) and input imaggO). Various
algorithms have been proposed for template matchingcliteputation of correlation
coefficient ([TM_CCOEFH, normalized vesion of correlation coefficient
(TM_CCOEFF_NORMED) concept of correlatio among”O and 'O (TM_CCORR),
concept of normalized version of correlation am@gnd O(TM_CCORR NORMED),
squared difference (TM_SQDIFF) erroand normalized squared difference
(TM_SQDIFF_NORMED) errorf24-25]. The resulted image frorabove algorithms
contain a global optima which corresponds to the best ingtgoint as illustrated in
Figure2.4. Therefore, the application of template matching algostoes not provide
precise outcome, when tlegistenceof the model image is not exacktyown.In Figure

2.3 (a), it can be seethat fiducial verification process cannot be done effectively using

above template matching algorithms

In feature extraction methods, features are identified from a model image and their
subsequent matching in theput image are found. There is no clear definition for
6featur eod, but there are some properties

whether that particular point/area is a good feature or2ét [
A feature should be,

perceptuallymeaningful
analytically special (Ex. minimum or maximum point in a given data set)
easily distinguishable in different images

invariant to scale, orientatiaandillumination.

= =4 4 A -

insensitive to noise
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Model Image

TM_SQDIFF_NORMED

TM_CCOEFF TM_CCOEFF_NORMED TM_CCORR TM_CCORR_NOREMD TM SQDIFF

(a)

TM_CCOEFF TM CCOEFF NORMED TM_CCORR TM CCORR NOREMD T™ SODIFE TM_SQDIFF_NORMED

(b)

Figure2.3: Best matching points detected by various template matching algorithms. (a)

Matching of model image with an input image from a different PC8ametype. (b) Matching
of model image with an input image from same PCB type

In order to compare images based their features, many research works have been
carried out. They mainly rely on extracting features / key pointpinddedmodel image
and find their corresponding matchingsitle a giverinput image at different scales and
orientations. Various algorithms have been proposed for the extraction of features of a
given image, like kadir and brady algorithm7][2 Scale Invariant Feature Transform
(SIFT) [25, 2829, SpeedUp Robust FeaturesSURF) [30-31], Features from
Accelerated Segment TesFAST) [32]. In this research SIFT, SURF and FAST
algorithms have been taken into consideration because of their proven robustness,
accuracy and fast detection of key points in an in{&sgetions 2.3-2.3.3) Figure 2.4

illustrates feature matched images using above stated algorithms.
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Figure2.4: Feature matched images usfiegture extraction algorithms. Column (1) illustrates
feature matching between model image and incorrect PCB. (ll). lllustrates feature matching
between model image and correct PCB. Rasults obtained using SIFT over correct and
incorrect PCB types. (bResults obtained using SURF over correct and incorrect PCB types.
(c). Results obtained using FAST owerrect and incorrect PCB types

2.3.1Scale Invariant Feature Transform

SIFT, Scale Invariant Feature Transform, is a method of extradigtigctive invariant
features from a model image that can beaffelyused to perform accurate matching
between different views of that model image occurred inside a gipehimage("®[29].

The detected features are proven to be invariant to scale, rotation and provide robust
matching across a substantial range of affine distortion, noise, and illumination variation
[29]. This algorithm can be described as a combination of following sulbsstaghere

each stage adds a weighted outcome to the next stage.

1 Constructing a scalspace:
Implemerga scale invariant platform by computing the difference of blurred images
using a gaussian kernel to blur the original image and a set of scaled duages
[29].
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1 Key point localization and selection of descriptive key points:

Localization of key points extracted from generated Difference of Gaussian (DoG)
images from scale space aseledtion of the detected keypoints based on their stability

and repeatability of detectid29].
1 Orientation assignment:

Assignment of single or multiptaientations to each key point locations based o

local image gradiersito providea rotational invariancg29].
1 Generation of SIFT features:

Descriptor to each located key point is generated that makes them invariant to local

shape distortion and illumination variatida9].

Constructing a scalgpace:

A naturalproperty of realvorld objects is that they only exist as meaningfulbstances

over certain ranges of scale. A simple example is the concept of a branch of a tree, which
makes only sense in a range of feantimetredo few meters. It ipointlessto discuss

this example ahanometreor kilometre level. At those levels, it is more convenient to
discuss about the molecules in a tree leave and the forest where the tree grows
respectively. The construction of scale space attempts to replicate this condigfiato
images. The first step of key pouietectionis to identify locations and scales that can be
repeatedly assigned under different views of the same object. In this process, the points
must be localized in a way that they do not change their wayistience in the original

image at different scales. These stable features can be estimated with the use of a

continuous function of scale, referred as scale sfie |

SIFT uses gaussian functioB9] to generate its scale space structure by progressively
blurred out images resulted from timitial image and a set of scaled down images by a

factor of 2 R9]. The generation of a gaussian blurred image is illustrated in Eq. (1).
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Herex, y are the spatial coordinates iil2 space and G is the star
gaussian kernel. Figug5Sillustrates the first two layers that contain progressively blurred

out gaussian images in SIFT scale space structure.

(0)  Hal ScaledRGBmage HaIf scaled Gray Scdleage

Figure2.5. Few samples of scale space. (a). Resulted images after convolving the original image
with gaussian kernel at p®Hhidwts ustiix®d)fResuleedt o v al
images after convolving the scaled down image by factor of 2 with gaussiahdtdine

di fferent [ oRduBubele pwher e

»

PB Y
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There are two important parameters, number of blur levels and number of octaves, of this
scale space structure that must be determined before deémgpr othe algorithm.An

octave is a set of blurred out images of same 3izen number of octaves defines how
many down scaled levels are used to generate scale space stiuwtuaethor of SIFT

suggests that the algorithm mgsineraté  oimages in the stack of blurreshages 29]
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for each octave in order to make sure that final feature (keypoint) detection covers a
compl et e osc@aahe eepresehied as illustrated in Eq. (2).

i1 0cd T C
Where, Qis the multiplication factor between, two successive blur levédsan empirical

factor determined by the author of SIFT, based on the analysis that has been carried out
by plotting the percent of keypoints that are repeatedly detected srtieelocation and

scale in a transformed image agaih& numbef scales sampled per octave (number of
scales used for extrema detectio?9][ The author oSIFT suggests to use o, since
maximum level of repeatabilitgould be achieveavhen samplig 3 scales per octave.

This results in @lurred out images per octavegure2.6illustrates how the scale space
structure is generated 8I1FT [29].

Stage 2: DoG images obtained after tr ~ Stage 3: DoG images used
a Vv e s sybtraction between successive scale  for key point localization

levels levels

Figure2.6. Generation of scale space structiwr&IFT. Each black square illustrates a gaussian
blurred image witfiQ , , wheren=0,1,2...Each blue square illustrates computed DoG image by
subtracting two adjacent gaussian blurred ima@es, and’Q, ). Each brown square
illustrates a resulted imagdter neighboumixel comparison method
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In SIFT,DoG imagesare computed to detect stable feature locations in-spaleg(refer
Figure 2.6 Stage 2T he next step is to understand how the stable keypoints are detected
by the algorithm.

Key point localization and selection of descriptive key points:

In order to estimate, whether a particular point is a keypomtot it must be
differentiable from itsxeighboursThis is accomplished in SIFT in a way that, a particular
pixel in a DoG image is compared with reference to its eigkighboursand the
corresponding nineneighbourspossessed by the above and below DoG images to
determine whether that particular point is a local extrema or2%tParticular sample
point will be decided aa local extrema, only if it is the maximum or minimum compared
to its 26neighbouringpoints R9] (Figure 2.6 Stage 3Dncethe local extremum point is
found, a dstinctive relationship to nearby data for location, scale and ratio of principle
curvatures 29| is computed This relationshipis used by the algorithm to eliminate key
points with unstable properties. SIFT uses following proceduestimatethe stability of

thedetected keypoints.
Step 1 Finds the sub pixel accuracy of detected keypoints using Taylor expagjon [

Step 2 Performs contrast comparison of detected keypoints against a predetermined
threshold value29]. If the magnitude of the function compufeain Taylor expansion at

the keypoint location is below the defined threshold, it is discar2igld [

Step 3 Thekeypoints that lie on the edges of the image discarded by computing
Principle Curvatures (PC) of resulted DoG image [29]. This eliminatsovital because

of the increased vulnerability to noise due to strong edge response of DoG images [28,
29].

At the end of this refinement process of detected keypoinis, said theremaining
keypoints are invariant tdifferent scales of the image 29]. The next step is to compute

the orientation of remaining set of keypoints, in order to make them rotational invariant.
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Orientation Assignment:

A good feature extraction algorithm must be capable enough to detect same features inside
the rotated versionef the same image which the keypoints were originally detected.
Therefore, it is required to make a detected keypoint invariant to rotation. In SIFT,
rotational invariance is achieved by assigning orientation to each key point based on local
image propenres. The estimation of the orientation of a given keypeint { is performed

by calculating the gradient magnitudes and directions around a particular key point within
a definedheighbourhoodhside the respective gaussian blurred imageithQ ,, ). The
selection o) afthQ, s clearly explained inZ9]. The orientation assignment process

is performed by calculating tigradient magnitudey afto and the orientation—ato

based on the pixel differences over each pixel that falls within a defined circular
neighborhood of the keypoint. The computatiorsofiftd and—ahw is illustrated in

Eq. @) and Eq. 4) respectively 29].

G ohw Do pho 0w phwo Dol p O p o

—cfto OAT Oafwo p O p j Do phdo 0w pho T

The radius of the circulaneighbourhoodiepends on the scale of the keypoint and it is
estimated ap® | & cjA9Qwherei @ ¢oarKbedenotedas™Q, wheret¢  plgis &).

Once this process is completed, an orientation histogram is calculated that has 36 bins,
covering 368 range of orientation, where the starting value of a bin can be expressed in

general a— ¢“ @ pjo@wherew plt8 o @A detailed explanation of this

process is provided ir2f)].

Generation of SIFT features:

Algorithm has generated keypointghich areinvariant to scale and rotatiap to this
stage of processing. In reahages, there will be lots of illumination variation and3
object transformations. Therefore, there must be a way of making a particular keypoint

independent to these changes. At the final step of SIFT algorthmigue identifier is
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generated based olme local image region, that will make a scale and rotational invariant
keypoint to be distinctive over above stated variations. In order to create SIFT descriptor
for akeypoint & o , a square neighborhood with a widthpfQ ,, is centered ate
keypoint,in the direction o inside its respective gaussian smoothed image. Then this
region isfurther divided intot T sub regions, which has a width ¢, in each
dimension. Then local gradients are computed inside each sub region. Once this is utilized,
an8-bin orientation histogram is computed for each sub region. In this case, the particular
key point will have a descriptor that contains 128 (1 ) feaure vectors. A detailed
explanation on how this process is accomplished is provide?29n The detected key
points on several model images by SIFT algorithm are illustrated umé=2g/. In Figure

2.7, it can be clearly seen that over 95% of the detedtey points lie over the
distinguishablebject locations inside the input image.

Original Image Key Point Detected

Figure2.7: Detected key points atifferent objectsising SIFT feature detectat number of
scales per sample = 3, contrast threshold =

Section2.3.2 presents detailedoverview on the implementation of SURF algorithm

2.3.2 SpeedUp Robust Features

SURF, SpeedJp RobustFeatures, is a fast and robust algorithm developed by H. Bay,
for the detection of local invariant features and finds their subsequent matching in a

provided scene [B31]. SURF has been developed with the purpose of providing a fast
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computation on a giveimage, wiich makes it idedbr real time applications like tr&ing

and object recognitiorSimilar to SIFT, SURF also relies on scale space representation
for the detection of features that are scale and rotational invariant. This algorithm has been
proved to render better results with higher speetl @turacy compared to SIFThe

implementation of SURKS be discussed in three steps

1 Generation of integral images and box filters:
This contains the generation of integral images and box filtempfroximate
gaussian second order partial derivatives.

1 Constructing a scalspace:
Implemerd a scale invariant platform with the use of box filters together with
integral images.

1 Key point Localization:
This contains the localization of stable key poinith the use of hessian matrix in
box filter space and computation the orientatiorathdetected features.

1 Generation of SURF feature description:

This contains the generation @lunique identifier for each detected key point.

Generation of integramages and box filters:

In SIFT, scalespace is generated from the convolution between a given input image and
theGaussian kernel at different scale levels. It is not efficient in real time applications due
to the computational complexity @aussian kervel [31]. As a way of speeding up this
process, SURF algorithmsesintegral images together with rectangular shape uniform
kernek |, ref er rfeidl ttleer cabindtifn@pproximates theeaf gaussian
kernels in arefficient way B1]. It is better to knowwvhat is actually an integral image and
how will they be useful to reduce calculation complexities in generating scale Epace.

(5) illustrates how the pixel value of an integral img9é at a point afto , is computed

from the correspondg|.

Y oo "O6Q v
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Where,

Y afw : Value of integral image atdt
"0@Q : Value of input imageé at "6Q

According to Eq. %), it is quite clear that value of an integral image at paiito means
the summation of pixels above that point in be#@ndy directions insidéOFigure2.8

illustrates how an integral image is formed from an input image of 5k (

(0. 0)

5 4 3 8 3
3 9 1 2 6
(@) 9 6 0 5 7
7 3 || s 5 B
1 2 1] 2 8 3
(0, 0) - /
5 o J 12 20 23
8 21 25 35 44
(b) 17 36 40 55 70
24 46 56 76 101
25 19 61 89 116

Figure2.8: Computation of integral imagesed on the pixel intensity values of a givefa).|
with a highlighted region where the summation of pixel intengiiealculated to compute the
corresponding pixel value &f. (b). U derived from the summation of intensity values in

Red arrow points to the value of integral image at p&inrt(1, 1). This processitilizes
only three additions and four memory lookupghe integral image computethe sum
of pixel intensities contained by any upright rectangular area fomséde ‘OThe next
step is to identify what are box filters and how they enhance the efficiency of generating
scale space with the useinfegral images. SURF also relies on generating of scale space

composed with octaves and numbers of blur levels per octave as followed in SIFT.

In SIFT, Lowe approximated Laplacian of Gaussian (LoG) with DoG for generating scale
spaceThe authors o8URFfurther improve this concepind approximate LoG with box
filters [31]. Box Filtering is kind of image filtering, where an average value of surrounding
pixels that lie in a given rectangular regias,computed.Integral images lessens the

complexity of getting the average value of pixel intensities contained within any
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rectangular area. The main reason that made the authors of SURF to use box filters as

scale space kernel is to have fast computation for klegjroint detector.

The authors of SURF rely omplementing their feature detector based on the hessian
matrix because of its performance gnécise operatiof81]. Eqg. ©) illustrates how the

hessian matriis described inside a given image at poidt, G .

"OMh, : Hessian matrix ab with scale,

0 &N, : The result of the convolution betwe&Band the gaussian second order derivative

—"Q, at pointd.

Similarly gaussian second order derivativesifor &h, andd @h, can be denoted

as—"Q, and——"Q, respectively. Gaussians are optimal for scale espamalysis,

but in practice they have to be discretized and cropped due to the discrete nature of digital
images B1]. This makes the authors of SURF to approximate these gaussian second order
derivatives with second order finite differencesogtors as listrated in Eqg. %) [30-31].

The finite difference is the diggte analog of a derivative

HereO , 0 andO are second order finite difference operators computegdyirand

x-y directions respectively. is known as thescale variable that has been used to
parameterize the scale of gaussian second order derivativd$ie authors of SURF
suggesthat the relationship betweérand, is defined by, m&* [30], where the value

of scale variablé depends on the current octave lewlgnd the number of scale lesel

(i) insideo. This relationship is illustrated in E®)(
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A detailed mathematicalescription on howhe conjunction between the box filters and
second order fiite difference operators is made, has been presented inl{30fther
describes how the applicationiotegral images reduces the computational complexity of
the convolution between the second order difference operators. &ekt step is to
understad how the scale space is generated in SURF using these approximated second
order finite difference operato(sox filters)

Constructing a scalgpace:

In SIFT, the scale space is generated with the use of down scaling the original image at
each octave while smoothing that down scaled image at differlenels.However,the
applicationof box filters together with integral imagesliminates therequirrmentof
iteratively applyng the same filter to the output of previously filtered layeBURF[31].
SURFapplies box filters of any size at exactly the same speed directly on the original
image and even in parallé]]. Therefore, the scale space (alsmwn as box space) is
generated in SURF, by up scaling the filter size rather than iterategiy scalingthe

image size 31]. This procedure outperforms SIFT in terms of decreasing computational
complexity in generating scale space, while preservigh fiequency components that
can be lost in zoomeinh variants of the original image. According to the definitiori of

in Eg. @), it can be seen that the initial size of the box filter at first octave must be equal
tow  Asin SIFT, SURF also creatdgferent octaves where each octave represents a
series of filter response maps obtained by convolving same input image with a filter of
increasing sizeFor two successive levels, it is required to increase the sizebgfa
minimum of 2 pixels (one p&d on every side) in order to keep the size uneven ensuring
the presence of the central pixel. This results in the relationship denoted BYy. Egyure

2 9illustrates how a box filter of a previous blur level is used to generate box filter of next

blur level.
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Figure2.9: Generating ofi¢-1)" level of box filter using™ level of box filter insideo™ octave
level in bothy andxy directions respectively

In SIFT, it has beemtatedthat the starting scale of next octave layer must have a scale of
twice of the size of initial scale of previous octave. A similar procedure is followed in

SUREF for generating new octave layer as illustrated in 8q. (

w o C W
Wherew is the size of starting filter gf octave level and is the value of scale
variable in previous octave ( ¢hot8). This will result in generating of a box space

structue in SURF as illustrated in FigugelQ

27 51 75 99

Octave

15 27 39 51

9 15 21 27

1 2 4 8
Figure2.1Q Graphical representation bbx filter size for threeoctaves

[
»

Next step is to understand how the stable keypoints are detected from the generated box

space in SURF.
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Key point Localization:

Once the box space is generated, the next step is to localize stable key points from the box

space. The procedure for detecting the keypoints can be explaimedinajor steps [3].

1 Feature filtering: this is acomplishedusing scalenormalized determamt of
hessian.
1 Feature selectiomand location refinement this is accomplishedwith the

combination of normaxima suppression and thresholding.

Feature filtering:

The objective of feature filtering is to locate more distinctive key points in a gnesge.
Inspired from the robustness of the methods used in SIFT for localizing scale invariant
features, SURF uses scale normalized determinant of heSfiartq detect extreme
points in the input image. The scalermalized determinant of hessian igslirated in Eq.

(10).

0¢ 00, B O ® O 00 ©° p T

The weighting facton) 10 p,ds used to compensate the numerical approximation of
the hessian determinant by boidters [31]. This is required to have the energy
conservation between the gaussian kernels and their approximated counterparts (box
filters). The next parameter that should be determined is the sampling frequency of the
pixels. SURF suggests that it is not required to compOté "Qoperator for each pixel at

large filter scales [@. Therefore, the pixel sampling frequency is determined based on
the octave levead, in a way that the number of points sampled per octave-dis —

for an image of sizé 0 [30]. This definition enables to have a sampling frequency of

¢ . It means the operator is applied after egch number of pixels.
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Feature selectioand location refinement

In SURF, localization of key points @ ¢ "O0, isperformedn a similar way as in SIFT,
by a noamaximum suppressioninm ¢ o neighborhood. This performs a comparison
of each sampling point in discrete box space with its 26 neaeggtbourd30, 31]. The
maximum point of thimeighbourhoodvill be considered as a keypoint. Once a key point
Is detected, it is threshold based on a given threshold value as illustratedig)Eq. (

0¢ 'O0chw o PP

The value o can be detrmined by the user based on #pplication requirements. In
this applicationvalue ofd has been set o 11.®inally, eight images are available in box
space with detected keypoints. Once the most stable keypoints are ldwat@dorithm

findstheir sub pixel accuracy in order to have a precise localizatias pbsition

Generation of SURF feature desciapt

The descriptor for detected key poinith SURF, describes the intensity content within the
key pointvicinity. This procedure is accomplished in a similar way followed in SIFT and
its variants for the extraction of gradient information on a particular key point. The process

of defining a unique identifier/descriptor in SURFcomputed atwo major steps.

1 Orientdion assignment around the interest point to achieve rotational invariance

1 Generating SURF descriptoased on the orientation details

According to the information presented so far in the explanation of SURF, particular
keypoint can be expressed ds, ®hodH  which has the corresponding scaje)(
defined by the relationship, 1@&‘ . In order to achieve rotational invariance for a
detected keypoint, a dominant orientation must be comptetdive to the local
distribution of gradienbrientation. The definition of a region for the computation of local
gradients insidé, is accomplishedby defining a circulaneighbourhoodé @ ho

with the radius ofp, centered at the location of the desired keypdint[31]. The

computation of gradient information ahside 6 @hd , is accomplished by
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convolution with first order box fitersD and'O [30, 31]. In order tominimize the
impact of distantpixels, the gradient samples are weighted accortingpeir distance
from the desired keypoint using a discrete gaussian kéei(th a standard deviation
of ¢, [30]. Eq. @2) illustrates how these weighted gradients are computed at a point
N :O 2 "OGd 80 O O @ PG

(@] G G
In SIFT, the dominant orientation is computed by creating a 36 bin histogram based on
the local gradients and defining the orientation of the highest peak a®thmeant
orientation. SURF computes a score vecdtor,—, that sums all weighted gradients in the

defined neighborhood, which have orientations that fall within a fixed toleranee of

, Where—is the angle of current gradier80] 31]. This expression is illustrated in Eq.
(13).

Herg” nnv  “H |

The global maximum of the orientation score function will be definetth@®rientation
of @ [30, 31]. At this stage, the computed keypoirtn be expressed in the form of,
® whoh h— . Now they are invariant to scale and rotatidowever theystill do
not possess a property that can make them unigue. & arque identifier must be

computed for the detected keypoints as accomplished in SIFT.

A SURF descriptor is p @ T vector, that consists of mean and absolute mean values of
gradients extracteddm a spatial grid'Y) divided intot T sub regions [@]. A detailed

description orthe computation othe SURF descriptas provided in [30].

The detected key points by SURF, on several model images are illugtr&igdre2.11.
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Original Image Key Point Detected Image

Figure 211: Detected key points on solder pads, vias and test pads on diffelemtPCBs at
no of octaves = 4, threshold = 500, starting box filter siae =ousing SURF detector
According to Figure2.11, it can be clearly seen that over 95% of detected key points lie
on the object regions and distinctive areas in a given infggtion 2.3.3 explains the
implementation o& fast feature detection algorithm that have been developed especially
targeting fo platforms with less computational power, but require high spééshture

detection
2.3.3Features from Accelerated Segment Test

FAST, Features from Accelerated Segment Te#t |8 a fast corner detection algorithm
developed by Edward Rosten and Tom Drummond. The main idea behind the
development of FAST algorithm is to have a fast feature detector for real time
applications, which are running on platforms wlithited computathnal power In this
application, the speed of detecting key points does not psgnéicantrole, since the
fiducials of a given PCB are verified only once for that particular PQgrefore,The
robustness and accuracy of this algorithm to locate stabteand uniqudeatures from

a given input imageyere given théighestpriority.
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In FAST, estimation of a desired pixgljs whether a corner or not is accomplished based
on its intensity level,’O and its relationship to the 16 pixels, numbenedclockwise
direction that lie inside a circular region that has the radius of 3 pB&|IsHigure 2.12

illustrates how thisieighbourhoods implemented over a given candidate pixel.

Original image

Figure2.12: Selection oheighbouringpixels lieat candidate pixeP (Yellow Squarejn FAST

A detailed explanation on how thiseighbourcomparison process is carried out is
presented in [J. Once thestable keypoints are detected as explained3#), [the
algorithm must computaunique descriptor to each detected keypoint as SIFT and SURF
to make itdistinctive. However, the authors of FAST do not provide their own descriptor
for the detectefkatures. Therefore, one of the wietlown descriptor algorithms, Binary
Robust Independent Elementary Features (BRIBB) \vas usedn this researchThe

SIFT and SURF use descriptors with the sizesl28 and64 dimensional vectors
respectively, whichdad to have memory constraints for the applications which have
limited memory capacity\BRIEF comes int@icture at such situatiotty providing binary
strings for detected keypoints rather than computing individual descriptor to each of them.
A detailed eplanation on how the BRIEF descriptor works can be foun@% [The
detected key points on several model images by FAST algoidtiilmstrated in Figure
2.13
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Original Image Key Point Detected Image

Figure2.13: Detected key points on solder pads, vias and test pads on diffelfemtPCBs at
‘O o Twith nonmaximum suppression using FAST corner detector. Fsea user defined
threshold value

As stated earlier, FAST is not a scale and rotational invaiearture deteotr as SIFT or
SURF. Howeverthese two properties do not aaldignificantimpact on the performance

of the algorithm sincethe PCB is placed on a positioning bed and the distance between
the camera and the PCB is precisely controlled bystiaeringsystem ensuring that no
scale distortion or a slight displacement ocanrthis applicationSection2.4 presents a
detailed &planation on the performance evaluation of these three feature detection

algorithms.
2.4 Performance Evaluation of Feature Extraction Algorithms

In Sectiors 2.3.1-2.3.3, the feature detectio of a given image usin@IFT, SURF and
FAST algorithmshas beerdiscussedIn order to evaluate performancetbésefeature
extraction algorithms, t Ve rbeee coms@ereth thsv al uat

research

1 locations of detected keypoints
1 repeatability of detected keypointsdifferent illuminationconditions

M Successful and false detection rataifferent illumination conditions
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The illumination level was controlled digitally using a PWM controlled LED panel fixed
at a distanceAccording to Figires2.7, 2.11 and2.13, it could be seen that majority of the
detected keypoints lie inside the object regions in a given input inhabke 2.lillustrates

the results obtained based on the localized re@fmreground and Backgrounay
keypointsand repeatability of detecticat consecutive trials (5@)sing a sample 0f100
images (thesize of the sampléor each analysis carried out this sectior) using these
three algorithms.The average percentage of keypoints detected inside foreground region
Is computed by taking thatio between thaumber of detected keypointsside theuser

defined object region anthe total number of keypoints detected

Table 2.1:Average percentage of keypoints detectefbiaground region and
repeatability of detection ugy SIFT, SURF and AST feature detectors

Detection rate of different feature

Criteria detectors
SIFT SURF FAST
Percentage of KeypoinBetected irForeground 95% 98% 96%
Repeatability at Highly Illuminated Conditions 78.5% 82% 72%
Repeatability at Poorly llluminatedonditions 86% 85% 76%

Conditions:

1 Percentage of detected keypoints in foreground is calculated with respect to the total
number of keypoints detected.

1 Normal lllumination Level: 2507 750) Lux, Highly llluminated Leve(1000i 1500)
Lux and Poorly llluminated Leve(7571200) Lux

According toTable2.1, it can be seen that all of these feature detectors are capable of
detecting features inside foreground regions in a given image, even though SURF slightly
outperforms otlr two algorithms in terms of accuracy in detecting keypolintaddition

to that, the requirement of analysis in different illumination levels is influenced by the

evaluation of the capability of the vision system to operate in environments where no
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spedfic lighting is available Even thou@), SURF could render a better outcome at highly
illuminated enironments, SIFT couldoutperform it by 1% at poorly illuminated

environments.

Next, therobustnessf detected keypoints to be identified in a locatedge(l.) must be

fairly evaluated. This task is accomplished with the use of a feature matching algorithm
that is capable of matching descriptors of the detected features of a model image to the
descriptors of detected featuriesa located imagdn this application, two main feature
matching algorithms have been evaluated for matching feature descriptdravddteen

generated for the detected feature®©irand O

1 BruteForceMatcher [5] (L1-norm, LZnorm and Hamming distance matching)
1 Fast Library for Approximate NeareNeighbour(FLANN) [25]

It is vital to evaluatehte performance of thessdgorithms based on their stability and
accuracy of matching features under varying illumination conditismee this AOI
system works withouany enclosed chamberBhis analysisvas performedn two ways

as listed below.

1 Percentage of erroneous matching between gveand O

1 Percentage of correct matching between gi@and O

Here, the erroneous detection peragetmeans the ratio between the numbenaithed
keypointswith a wrong“O and thedetected keypoints ifD. The successful detection
percentageneans the ratio between the number of matched keypoints in‘Gieésame

model imageand the detectekeypoints in‘O. Tables 2.2-2.4 illustrate the erroneous
detection rate of these three feature detectors together with feature descriptor matching
algorithms atdifferent illumination levelsFigures2.14-2.16 illustrate several examples

of the application of these feature detectors together with descriptor matching algorithms

acquired under normal illumination level
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images at (25050)lux

Table 22: Percentage of erroneous matching between given model images and located

Algorithm Name | L1-Norm L2-Norm FLANN
SIFT 6.93% 5.72% 0.13%
SURF 0% 0.09% 0.56%
Algorithm Name | L1-Norm | L2-Norm | Hamming | FLANN
FAST 12.66% | 5.23% 7.33% 0.02%

images at (7200) lux

Table 23: Percentage of erroneous matching between given model images and located

Algorithm Name | L1-Norm L2-Norm FLANN
SIFT 10.05% 9.02% 2.1%
SURF 1.9% 1.3% 1.1%
Algorithm Name | L1-Norm | L2-Norm | Hamming | FLANN
FAST 19.5% 11.2% 18% 1.8.%

images at (100A500) lux

Table 24: Percentage of erroneous matching between given model irmaddscated

Algorithm Name | L1-Norm L2-Norm FLANN
SIFT 11.5% 10% 2.8%
SURF 1.2% 1.8% 1.3%
Algorithm Name | L1-Norm | L2-Norm | Hamming | FLANN
FAST 17.3% 16.8% 14.5% 4.8%

According to the results obtainedTiables 2.2-2 4, it can be seen that SURF is still able

to hold the erroneous detection rate below 2% for each feature matching algorithm, even
though FAST holds the lowest figure with FLANNTable2.2. Another interesting point

that can benoticedwith the obtained maults is that FLANN feature matching library
provides the best accuracy for all three feature detectors.sTablR.7 illustrate the

successful average detection percentage obtained by these algorithms.
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Learnt Fiducial Image
with 75 key points
detected

No of matching key points
detected at FLANN over the
model image

No of matching key points No of matching key points
detected at LEnorm detected at L2norm

No of Key pts: 161 & Matched pts: 39 No of Key pts: 161 & Matched pts: 12

No of Key pts: 161 & Matched pts: 36

No of Key pts: 179 & Matched pts: 5 No of Key pts: 179 & Matched pts: 4 No of Key pts: 179 &latched pts: 0

Figure2.14: Feature matching between images using SIFT together with distance measurement

algorithms
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Learnt Fiducial

Image with 107 key——

points detected

No of matching key points
detected at FLANN over the
model image

No of matching key points No of matching key points
detected atL1-norm detected at L2norm

e

No of Key pts: 127 & Matched pts: 23 No of Key pts: 127 & Matched pts: 15  No of Key pts: 127 & Matched pts: 54

No of Key pts: 203 & Matched pts: O No of Key pts: 203 & Matched pts: 0 No of Key pts: 203 & Matched pts: 1

Figure 215: Feature matching between images using SURF together with distance measurement
algorithms
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Learnt Fiducial

Image with 123 ke y——)

points detected

No of matching key points
detected atFLANN over the
model image

No of matching key points No of matching key points
detected at LXnorm detected at L2norm

No of Key pts: 868 & Matched pts: 24 No of Kev nts: 868 & Matched nts: 0

No of Key pts: 242 & Matchgats: 98

No of Key pts: 363 & Matched pts: 5¢ No of Keypts: 363 & Matched pts: 23 No of Key pts: 363 & Matched pts: 0

Figure2.16: Feature matching between images using FAST together with distance measurement
algorithms
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images at (25050)lux

Table 25: Percentage of successful matching between given model images and located

Algorithm Name | L1-Norm L2-Norm FLANN
SIFT 26% 24.2% 10.5%
SURF 18.5% 17.7% 41.1%
Algorithm Name | L1-Norm | L2-Norm | Hamming | FLANN
FAST 17.3% 8.4% 14.9% 8.2%

imagesat (75200) lux

Table 26: Percentage of successful matching between given model images and located

Algorithm Name L1 -Norm L2 -Norm FLANN
SIFT 21.8% 20.1% 7.8%
SURF 15.2% 14.3% 36.5%
Algorithm Name | L1-Norm | L2-Norm | Hamming | FLANN
FAST 14.3% 5.6% 10.1% 6.5%

images at (100A500) lux

Table 27: Percentage of successful matching between given model imaglexatedi

Algorithm Name L1 -Norm L2 -Norm FLANN
SIFT 20.3% 19.3% 8.4%
SURF 14.5% 14.1% 35.3%
Algorithm Name | L1-Norm | L2-Norm | Hamming | FLANN
FAST 13.1% 4.8% 9.3% 6.2%

Even though, SIFT holds the highest detection rate for hathNorm and L2Norm,

SURF is able to provide the highest successful detection rate together with FLANN under
different illumination levelsaccording to the results obtained in Tablesi 2.5
Furthermore, SURF has been able to provide consistent rate 2@ all situations.
Figures2.14 - 2.16 further reinforce this conclusiorsince the fiducial verification is
carried out only once for a PCB, computation time is not a critical parani@eeresults
obtained inTables 2.1-2.7, showthat SURF together with FLANKendemore stable and

accurate detection rate for fiducial verificatiorthis application.

The next step is the precieealizationof model image area inside the located image once

the proposed feature detection alduritassures thexistenceof the model image inside
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the locatedmage. The localizefilducial imagesare then usetb calculatethe relative
distances to other pdson the PUS reference to tistancegrom these points to system
origin. Therefore, its imperative to localizéheexact area contained by the fiducial image
very preciselyThe performance of two methodss analysed in ordés accomplish this
task at highest accuracy as listed below.

1 Usinghomography matrix

1 Usingtemplate matching techniques

A homography is a perspective transformation of a plane that ipr@jextion of a plane

from one camera view into a different camera view subjective to change in the position
and orientation of the cam@& Homography matrix is a 3xBansformation matrix that is
used to perform this transformation between planes. It is required to have minimum of
four points to find this transformation matrix. tlms application, set of points that have
been matched beeen ‘'O and 'O were usedand the corresponding perspective
transformation matrixvas found This matrixis used to find the cornedd the region in
‘Othat arecorrespondindo points in"O. Figure2.17 illustrates the results obtained with

the use of a homograpimyatrix generated frormatched points between several images.

Figure 217 Falsely detected areas of the model image inside the input image using
homography matrix

In Figure2.17, it is obvous that the application of homography is not suitable, since the

irregular shape can introduce offset between the centr€s aid Q. It leads to wrong
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computation of elative distances to other padishas beerproved earlier in thishesis

that template matching would not be a good choice to localize a model image inside a
given input image, when the existencenaddel image is unknowrBut at this stage of

the application, the existence & inside 'O hasbeen confirmedwith SURE Theaefore,

there might be a possibility to have a precise localization of model image area inside
located image using template matching algorithms. Se@tlpresents a performance

evaluation of six different template matching algorithms over a sampleafrides.

2.5 Performance Evaluation of Template Matching Algorithms

Template matching is a high level machine vision technique that localizes the best
matched location of a model image inside a given input im&@e 49. Template
matching techniques aflexible and relatively straightforward to use, which makes them
one of the popular methods of object localization in the fields of surveillance, vehicle
tracking, robotics, medical ingang, manufacturing etcThe occurrence of similarities,
resulted froncomparison betweet® andQ, are reflected in the resulted imag®)( In

this research six types of template matching technique§M_SQDIFF,
TM_SQDIFF_NORMED, TM_CCORRTM_CCORR_NORMED, TM_CCOEFF and
TM_CCOEFF_NORMED[25] have been discussed aadalysedfor their accuracy in
identifying the location ofO inside™Q

The basic concept of a template matching algorithm is to find objects in a given image,
which have minimum error difference with a model ima2fg.[The complexity of these
method varies starting from simple squared difference of error beti@eand Oto more
complex processes like computing correlation and correlation coefficient betvaed

‘O The performance afach template matching technigeeevaluated to findut the best
suited algorithm for the localization of fiducial araside the O Figure2.18 illustrates

the outcome of these algorithms over the feature matched images usingT:bRFR28

illustrates the acquired results oesample 0100 diffeent imagesHere the successful
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detection rate meaiise Intersection over Union (loU) [25] is greater than 0.8 betvi@en
andQ

TM CCOEF TM_CCORR

TM_CCOEFF

TM_CCOEFF_NORMED

TM_SQDIFF TM SODIFF NORMED

TM_CCOEFF_NORMED TM_CCORR

TM_CCORR_NORMED

TM_SQDIFF TM_SQDIFF_NORMED

Figure 218: Model image localization inside given input image using template matching
algorithms

Table 28: Successful detection rate of templatatching algorithms over the feature
matched located images

Template Matching Algorithm

TM_CCOEFF

TM_CCOEFF_

NORMED

TM_CCORR

TM_CCORR_N
ORMED

TM_SQDIFF

TM_SQDIFF_N
ORMED

100%

100%

100%

100%

100%

100%

The results obtained imable 2.8 showsthat almost every algorithm showed the best
performance in precise localizatiafthe given model imagélowever, these results have

been obtained assuming an ideal condition of a given PCB. It means that it is assumed that
the PCB has no manufacturingpurities like,the size differences of objects RCBs.

The template matching algorithms are vulnerable to dimension changes of input images.
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Therefore, it is required to find the masbust techniqueut of these algorithms, which
is less vulnerable telight dimension changes of located imagdwerefore the located
imageswere downscaledby 2% from their actual size and verified with the template

matching algorithms. Figure @ illustrates the outcome of this process.

TM_CCOEFF TM_CCOEFF_NORMED TM_CCORR

TM_CCORR_NOREMD TM_SQDIFF TM_SQDIFF_NORMED

Figure 219: Results obtained from template matching algorithm over 2% scaled down images

According to Figure A9, it canbe seen that TM_CCORR ¢apable of rendering most
accurate results even with the slight variation of size of a located ifalgle.29 contains

the results obtained over a sample of 100 different scaled down images by a percentage of
2%.

Table 29: Successful detection rateteimplate matching algorithms over the scaled

down located images by a percentage of 2%

Template Matching Algorithm | Success Rate
TM_CCOEFF 92%
TM_CCOEFF_NORMED 92.5%
TM_CCORR 95%
TM_CCORR_NORMED 80%
TM_SQDIFF 82%
TM_SQDIFF_NORMED 83%

Even though TM_CCORR gives the highest successful detection rate, it is still not perfect.
However, the effect of this 5% error can be made further minimized with the procedures
described irChapter3 that describes the precise identification of soldergrad from the

PCB surfaceAccording to the results presented so far in this section it should be clear
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thatthe proposed methodology could provide a stable platform for fiducial verification.
Figure 2.20 illustrates how this fiducial verification process is implementedhis

application.

Position PCB atfiducial Position (< »| Learnt Fiducial Descriptor Storage

v

Detect features from the located image using SU

Acquire 1" fiducial
v descriptor

Feature matching betweef fiducial and located P
image using FLANN

v

NO

Fiducial Detected?

Localize ' fiducial region with TM_CCORR

v
N—O> n=n+1

Go to Home Positioand compute optimum travelling pat Process is aborted and user is notified

Figure2.20: Process flow chadf the proposed fiducial verification process

The accurate identification of fiducials adds significant benefits to #satperformance

of the solderingystem as listed below. provides:

1 precise positioning of the points to be soldered
1 Enables to compute the optimum travelling path based ooaimputed relative

distances to component solder padd positions them automatically.

Once the fiducials arprecisely localized by the vision systeng tiext step is to calculate
the relative distances to the THT solder padsbe soldered and positions them
accordingly Chapter3 presents how the implemented vision system identifieatba

contained by theolder padnside positioned image precisely
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3. ldentification and Localization of Bare Solder Pad from PCB Surface

CommercialAOI systemsvirtually process an acquired image with reference to a learnt
model imagewhereas themplementedAOl system inspes each stage of the soldering
process without prior teaching. Therefore, it is vital the developeddOl system to

identify the exact area contaah®y the solder pad, sindeenables to perform

1 Real time position calibration by comparing thedistance offset between
identified solder padentreandthe centreof the camerd&ield Of View FOV);
Verification of solder bridging situatioriterough size comparison;

Segmenation ofgeographicallymportant areas inside the detected solder pad
like drill-holeand pad regionfiscussin Chapter 5)

The complexity of this task is further increased due to diffecentbinations okolder

mask and pad colours. Therefore, a detailed analysis process was carried out to find the
optimum way throughanalysing applicability of colour models on such different
combinations. Chapter 3 discuss how the solder pads are precisely segmented from their

background.

3.1 Overview on Colour Models

Colour is perceived by humans as a combinatiorthoée primarycolours R (Red), G
(Green) and B (Blue). Video monitors ardlevisions displaycolour images by
modulating the intensity of RGB components at each pixel of the imagettituegh the
RGB model is suitable fazolourdisplays, it is not suitable farolourimageprocessing
because of highorrelation amondRr, G,and Bcomponents [@]. Severakolour models
like HSV, HSL, YIQ, YCuC:, lil213, RGI, CMYK, XYZ and Lab, are used in image
processing applications, which can be vkt using either linear or ndmear
transformations from RGBolourspace [8]. Selecting a bestolour model that suits for

an image processing application is a challenging tagkire 31 illustrates how RGB
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colourmodel is represented intlreedimensionakpace while Figure.3 and Figure 3

illustrate the mapping afolours for HSV and HE colourmodels respectively.

B VT
1 GREENL20°) YELLOV@BO)
BLUE :

CYAN180() RED(0?)

o /®MIAGENTA
___________ ‘ BLUE240) R
BLACK G ‘

YELLOW

BLACR.0 S
Figure 32: HSV colar

A WHITEL.0)

BLACKO.0) S
Figure3.3: HSL colour model

HSV is a general purpos®lour model wherecolouris represented in terms of hue (H),
saturation (S) and brightness (ML]. The colour tansformatiorfrom RGB colourmodel

to HSV colourmodel is carried out through Ed.4), Eq.(15) and Eq(16).

O omnzO pT
mh 0® o«

Yk o® n pu
w 0 PO
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In the HSVcolour model hue (H) is expressed as an angle frémo 86¢. Hue of red,
yellow, green, cyan, blue amdagenta isepresented a®06@, 12¢, 18¢, 24¢ and 300
respectively41]. Saturation (S) is the depth or purity of t@ourwhich is represented

as the distance from the vertical axis. Distance along the vertical axis represents the
brightness value (V). HSis another general purpos®lour model wherecolour is
represented in terms of hue (H), saturation (S)ligithess(L). Transformation of RGB
colourmodel to H& colourmodel is carried out through E@.7), Eq.(18) and Eq.(19).

The computation ofl is carriedin a similar way as defined in EdL4).

(4

v T W -
YIp U pshy m
o 2 ° o
C
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Where,
o) & G oY hom  andd & Q& hom

Y Yicu,00 Qguvandd Ojcuu

Similar to HSV model, in the HScolourmodelH is also expressed as an angle frdm 0
to 360. Hue of red, yellow, green, cyan, blue andgenta isepresented ad,06@, 120,
18, 240 and 300 respectively Sis represented as the distance from the vertical axis

and distance along the vertical arépresents thightnessL.
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From Figures3.1-3.3, it can be observed theblours are mapped to different points in 3
D Cartesian coordinate system by applying HSV andl Eidourtransformation. For an
example, in the original RGB modekllow colouris represented by coordinate (0, 1, 0)

and bluecolouris represented by coordinate (0, 0, 1). The vector lengtieket these

two colours isVo. In HSV model, yellonand bluecolouris represented by coordinates
(60, 1, 1) and (249 1, 1) respectivelyThe vector length between these teajours in
HSV model is 2, which is larger than the vector length in the original RGB niadéher

in the H3. model, yellowand bluecolouris represented by coordinates (6D, 05) and
(24@, 1, 05) respectively. Tie vector length between these tvadours in HSV model is

2. Effectiveness of extraction of certaiolour features of an image can be improved by
maximizing the vector length. Henoelour transformation plays an important role in
extracting features & colourimage. There are many maeelourtransformations such
as YIQ, YGC, lil2ls, XYZ, Lab etc.

YIQ is thecolour model used to encodmlour information in TV signal for NTSC TV
system and it is intended to take advantage of huolur-responseharacteristics41].
Transformation of RGBolourmodel to YIQcolourmodel is carried out through EQQ],
Eg. 21) and Eq. 22).

QO T WY ™ PYXO TP pIo ¢
O ™ wypY ™ x 0 1 ¢ PO Cp
0 ™ pEY T B0 TW p PO 3K

The Y component, is a measure of the luminance ofctiteur, and is aprominent
candidate for edge detection ick@ourimage whilel andQ components describe the hue

and saturation of the imageQ4

YCwCr Model is used as a part of thelour image pipeline in video and digital
photography systems. Transformation of R&our model to YGC: colour model is
carried outhrough Eq. 23), Eq. @4) and Eq. 25).
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The Y component is the luma component &dndC; are the blue difference and red
difference chroma componentl].

[11213is another lineacolourtransformation from RGB space used in image segmentation
applications [4]. Transformation of RGRolourmodel to Ll2l3 colourmodel is carried
out throwgh Eq. £6), Eq. €7) and Eq(28).

K6) Y O 6 ¥o CQ
Q@ Y 07T¢ ¢ X
© czOoY onmn cy

Tz-Sheng Peng and Chigghann Fuh described that modified version 10fid colour
space rendered better results for solder joint segmentation among other mafels [
Transformationfrom RGB colour model to modified 4l2ls colour model is carried out
through Eq. 29), Eg (30) and Eq. 81).

o@ Y O 0o C W
0P Y 6 oT
00 cz'0O'Y O op

XYZ colour model, which is one of the most importartlour spaces defined by the
Commission Internationale d&lcairage(CIE). Thiscolour space is the most common
way in technicatolorimetric work to describe theolour of light. Transformatiorfrom

RGB colourmodel to XYZcolourmodel is carried out through ER2).

Y
0 O oG
0
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Here, (X, %), (X, Yo), (%, Yb) are the chromacity coordinates of a given RGB system and

(Xw, Yw, Zy) are the reference white of these coordinates.

Labcolourspace is designed to approximate human vision wdwdoairis represented in
terms oflightness ) while a andb components descritmlour component dimensions
based on notinearly compressed coordinates. Teadour space is useful for sharpening
images and removing artifacts in images from digital cameras and scanners.

Transformationfrom RGB colour model to Labcolour model is carried out through Eq.
(33), Eq. 84) and Eq. 85).
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HereXn, YnandZ,are the CIE XYZ tristimulus values of the reference white point.

3.2 Performance Analysisof Colour Models for Solder Pad Identification

Eventhough theseolour models have been proven to render better results over many
applicationghroughouthe years, their robustness, stability and accuracy must be verified
with a mathematical approach for solgexd segmentationSuitability of thesecolour
models for soldepad segmentatiomay vary due to the varying parameters of solder
pads, PCB surface finish, PGélour and silk screen layer. For accurate solgexd
segmentationacolourmodel which maximize #vector distance between the solder pad
area (foreground) and immediately surrounding PCB area (background) is better suited.
Typical soldempadforeground and background for two different PCB types are shown in

Figure 3.4.

Figure 34: Selectedoreground and backgroumdgionsof a given solder pada). Gold plated
solder pad on green PCB surface. (b). Tin plated solder pad on green PCB surface

Even though thegold-platedsolder pad shows a significaoblour difference between
foregound and backgrour{éigure 34 (a)), the situation is not simildor tin plated solder
pad(Figure 34 (b)). TheAverage(AVG) and theStandardDeviation(STD) of the vector

distance between the foreground and background of following PCB solder mask and pad
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plating colourswere analysed(refer Table 3.Ifor the acquired results for nine colour

models)

Green PCBs with golglatedand tinplatedsolder pads
Blue PCBs with goldplated solder pads

1
1
1 Red PCBs with tirplated solder pads

1 Black PCBs with tirplated solder pads

In this analysis process, background and foreground were carefully selected with
minimum noise components.

Table 3.1: Data Analysis fddifferent Combinations of Solder Mask and Solder Pad

Colours

Solder Mask Colour Models

and Pad Calculate l1l2l3 YC

Colour Value RGB | HSV | HSL | YIQ | Modi c ® | XYZ | lil2s | Lab
Combination fied '
Green PCB AVG 165.6| 134.1| 127 | 215.5| 128.4| 105.9| 152.9| 168.7| 120.8
S;’('jds Plated STD | 209| 179| 295 | 94 | 17 | 131 | 246 | 26 | 142
Blue PCB AVG 179.9| 144.1| 134.9| 298.4| 154.3| 131.4| 164.9| 170.3| 126.6
S;’('jds Plated STD | 304 | 11.8| 17.7 | 128 | 129 | 149 | 26.2 | 16.2 | 16.2

Green PCB AVG 43.1 | 751 | 59.3 | 279 | 639 | 187.9| 254 | 35.8 | 21.8

;';d';"ated STD | 142 | 83 | 708 | 53 | 79 | 389 | 16.9 | 336 | 4.3

Red PCRBTin AVG 104.6| 176.2| 150.6| 74.6 | 63.4 | 56.3 | 38.8 | 62.8 | 61.3
Plated Pads STD 39 | 222 | 235 | 3.1 6.2 31 | 201 | 265 | 1.3

Black PCB AVG | 112 | 741 | 69.3 | 769 | 48.6 | 69.4 | 108.6| 722 | 72.4
;';d';"ated STD | 201 | 11.9| 109 | 89 | 87 | 124 | 203 | 86 | 12.2

Even thoughTz-Sheng Peng and Chigghann Fuh described that modifiatbl model
renderedbetter results in solder joint segmentatio2][4t is noted that othecolour
models record higher average of vector length between foregrounbaakdround as
observed in Tabl&.1. Figure 35 (a) illustrates the output of modifiedl}ls over these
different PCB typesAccording toTable 3.1 YIQ colour model gives an optimum salt

with a larger vector distance between foreground and background of a solder pad with a
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low standard deviation with respect to the ott@our models for green PCBs with gold
plated solder pads. The Result originated from the &lQurspace can aldoe compared

with colour perception wheel which is illustrated in Figua:é (b).

Original Image 111213 Modified
@ (b)

Figure3.5: Visual comparison between colour transformed images usoutified hl.ls colour

model (I) Green PCBGold Plated. I{) Blue PCBGold Plated. I(I) Red PCRETin Plated. (V)

Black PCBTin Plated. ¥) Green PCBTin Plated (a). Resulted images after transforming to
modified hl2ls colour model from RGB colour spade). Colour perception wheel

It can be observed that the distance between the positions of backgodoudand the
foregroundcolourof the YIQ transformed image is much wider comparing to atbkerur
models in theolourwheel (refeiFigure3.5 (b)for colour wheel) Figure 36 (a)illustrates

first four colour models that give the maximum vector length difference between
background and foreground-urthermore, Figure 3.6 (b) illustrates few colour

transformedsolder pads using YIQ colour models at different conditions.
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Input Image YCuCr

oyt RGB Image YIQ Transformed
lal2l3 Colour Wheel Image

@ (b)

Figure3.6: Colaur space transformation ofgmld-platedsolder joint on green PCEa). Results
from four prominent models for this combination. (b). Resulted YIQ colour transformed images
at different conditions. (I)Solder paglaced on a differertolour path.(Il). Solder padwith
flux. (Ill') Solder padwith an illuminated PCB track

According to Figure B (b) (II) and (lll), it can be clearly seen that the application of YIQ
colourmodel diminishes the impaof highly illuminated PCB trackand applied fluxby
mappingthose areaso separatecolour componerd However, such a separation is not
possible with grayscale image This is one of the major drawbacks in the research
described in [2]. YIQ colourmodel is also apable of giving alistinguishable outcome

for blue PCBs with gold platedkler pads according fBable 31. The mappedolours

of both foreground and background areas of the PCB, lie at almost opposite directions of
the colourwheel Figure 37 (a) shows the first foucolour models that give the highest
vector length difference for blumlour PCB. Furthermore, Figure 3.7 (b) illustrates few

colour transformed solder pads using YIQ colour models at different conditions.
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I11o12 Modified

Yo

‘ 1112l lour Wheel : -
lals Colour Whee RGB Image  YIQ Transformed

_ Image

@ (b)

Figure 37: Colaur space transformation of a ggithted solder joint on blue PCBa). Results
from four prominent models for this combination. (b). Resutkg colour transformed images
at different conditions. (). Solder pathcedwith a PCB track(ll). Solder padwithout PCB
track (lll) Solder padwith an illuminated PCB track

According to Table 31, YCuC: colour model gives distinguishable vector lethg
difference for Green PCB with tin plated solder pads. The mappledrs lie at much
wider distance of theolourwheel when compared to othewlour models as illustrated

in Figure 38 (a) Furthermore, Figure 3.8 (b) illustrates few colour transformed solder
pads usingYCwC: colour models at different condition§he application of gragcale
image ofinput image (refer Figure 3.8 (b)) as described in [12&n lead to a false
identification of pad area due to insignificant difference between foreground and

background regions, if it is used for segmentation.

According toTable 3.1 HSV colourmodel gives the best vector length difference between
background and foreground for tin plated sold@ds on a redolour PCB. Figure 3 (a)
shows the first foucolour models that give the highest vector length differenceddr
colour PCB. Furthermore, Figure 3.9 (b) illustrates few colour transformed solder pads

using HSV colour models at different conditions.
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111213 Modified
1

Colour Wheel RGB Image

B Transformedmage

@ (b)

Figure 38: Colaur space transformation oftm-platedsolder joint on green PCHa). Results
from four prominent models for this combinatigh). Resulted¥C,C; colour transformed
images at different conditiond) Tin plated soldepadwith darker colour pad closer to silk
screen marking (Il) Tin plated soldepad with PCB track closer to silk screen markifhid)
Tin plated soldepadwith light colour pad closer ta silk screen marking.

Y

(In

{
4-&

RGB Image HSV Transformed
Image

Colour Wheel
@ . (b)

Figure 3.9 Colaur space transformation of a {plated soldepadon red PCB(a). Results from
four prominent models for this combination. (b). Resulted HSV colour transformed images at
different conditions. (I)Tin plated solder joint on a red caloPCB under less illuminated
environment(ll). Tin plated solder joint on a rexlour PCB under illuminated environment

60



According toTable 31, both RGB and XYZolourspaces provide approximately similar
results on tin plated solder joints on a blaxkour PCB. Figure 3.10illustrates the

outcome oftolourmodels for din-platedsolder pad on a black PCB.

Input Image RGB XYZ
Transformed

YIQ

@ - (b)
Figure 3.10Colour space transformation oftm-platedsolderpadon black PCB(a). Results
from four prominent models for this combination. (b). Resulted images after RGB and XYZ

colour transformation. (). Solder pad without a PCB track. (). Solder pad with a PCB track.
(1lN. Solder pad with a offset with the PCB surface

Sincetheprocessindime is oneof the most critical parameteiRGB image vastaken as

the processing model in thissearcHor imagesegmerstion.

3.3 Image Type Verification for Image Segmentation

Thenext step is to decide tlapropriatemage type ¢olourimage or gray scale image)

of colour transformed imag® perform image segmentation. Same analysis procedure
wascarried out on gray scale images on each channel ofircolodels to compute the
vedor length difference between foreground and backgroliatlle 32 illustrates the
acquired results for separate channels of gray scale iraagdsr a colour imageitself

for green PCBs with gold plated solder joints.
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Table 32: Acquired results foaverage andtandarddeviationfor separatechannels of
gray scale images and for a colour imagesolder pads orgreen PCByold-plated

Colour Model CHO CH1 CH2 Colour Image
AVG | STD | AVG | STD | AVG | STD | AVG | STD
RGB 327 |75 [90.3 |12.2|159 |14.7|186 16.8
HSV 48.8 | 2.18 | 56.2 | 10.7 | 132 | 13.8 | 153 14
HSL 48.8 | 2.17 | 87 9.57 | 104 | 26.7 | 145 21.9
YIQ 105 | 105|191 |6.97|7.71 | 7.87|218.3 | 7.49
l1l213Mod. 70.6 | 7.01|120 |10.6|15.6 | 12.7 | 140 11.8
YCuCr 104 105|134 |23 |99.2 |46.6 | 148.5 | 32.9
XYZ 385 |95 (805 |11.8|150 |12.5|152.9 |24.6
l1l2l3 108 | 11.8|35.6 | 11.3 |85 25.1| 172 27.3
Lab 40.5 | 21.865.8 | 129|705 |17.8 |120.8 | 14.2

According toTable 32, it is clear thagray scale images cannot even provide significant
vector length difference even for gold plated sofubesk. Figure3.11reveals that no single
channel in gray scale image provides a distinct colour difference between the illuminated
PCB track and solder joint, whereas a significant colour difference is noticeable in colour
image. These evidences further confirm the wibacks of [B] which were stated in
Section 1.3

Original Image  Transformed Image to CHO \CHl o CH2
Y1Q Colour Space

—

Figure 3.1: Channels of YIQ colar model

Consequently, coloumage processing issed for the segmentation of solder pad from
its immediate background&ection3.4 provides a detailed overview how this task has

been accomplished thisresearch

62



3.4 Solder Pad Segmentation

Image segmentation is considereaas of the mogprominentoperatios for meaningful
analysis and interpretation of acquinethge Even though, it is one of the most difficult
tasks, its stability and precise operataetermine the quality of final outcome of any
image processing application. Therengsunique image segmentation technique that can
be applicable to each application. Mastydies are extensively carried out in the field of
colourimage processing, in order to find out more robust and adaptive algorithm for image
segmentation. Recent works included variety of techniques: for example, stochastic
model based approachet3] 44], morphological watershed based region growi], [
enggy diffusion 6], graph partitioning47], Quantitative evaluation method4g, K-

Means clustering49-52], FuzzyC Means clusteringgB-55|], MeanShift [56] etc.

The requirement ofraefficientcolourimage segmentation algorithisvital at this stage

of application to reduce the processing time on a sqiddrThe colour modelanalysis
process described in Section 3.3 lessens the complexity of the solder pad segmentation
process for different PCB surface and pad colour combinations. Therdferlour
clustering algorithm, KMeans, was chosen tosegment solder pads in the colour

transformed image as illustrated in Figure 3.12

Transformed Colour Model

v

Image Smoothing with Median Filter

v

Colour Image Segmentation using\teans Clustering

v

Solder Pad Detection with Binary Thresholding

Figure 3.2: Structure for Image Segmentation Process

The reason for thresholding the colour clustered image is to accurately identify the pad

region uner varying illumination levels.
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Before going deeper into the algorithm, it would be better to understand the size of the
acquired image. Theize of the raw imagérom the camera i1920%1080. Then a
rectangular area of size @ mt @,o-centred with the centre of the acquired image is
defined as thdregion of InterestROI). This is the standard size of the input imagéh&

implementedsision system.

For effective image segmentation, removal of noise while preserving ther colo
boundaries is very importantledian filtering [5] was used to accomplish this task in

this applicationFigure 3.Billustrates the effect of median filter on different PCB images.

(e)

Original Image  Transformed Image  Filtered Image
Figure 3.B: Noise filteredcolour transformed images using median filter. (a) Output of median
filter on goldplated solder pad on green PCB. (b) Output of median filter epldaied solder

pad on green PCB. (c) Output of median filter on gufted solder pad doiue PCB. (d)
Output of median filter on tiplated solder pad on red PCB. (e) Output of median filter en tin

plated solder pad on black PCB

The main step of image segmentation oblurimage is to classify each pixel in a given
image into one of a disete number otolour classes. In order to segment the image

coloursin the image can be coarsely quantized to reduce the computational complexity.
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The main concept of #leans clustering is to define numberof centresderived from a
given data set, whereach cluster contains group of elements that have the minimum
distance to that particularentre[25, 49, 51]. In a generakegmentation procesd an
imagewith adistinct object area and the surrounding backgrouwmdy two centresare
required that differentiate pixelselion the foreground and backgroundligorithm
randomly chooses tweentroidsC; andC; out of image data thggossesshe maximum
vectorlength differenceFigure 314 illustrates the selection of tweentroidsn a data set

which have distributedolourvalues over a limited range.

Y A C1

» X

Figure 314: Selection of centroid on a given dataisgf-means clustering

Then the distance from each point to both centroids is calculated and if the calculated
e d

algorithm iterates through all the pixels in a given image, the demrads are re

distance is much closer @, it is | abell as 06106 and

calculated based on the average aolevel within that particular clusteFigure 315

illustrates the outcome of this process.
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Figure 3.15Clustereddata setn K-means clustering
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This Process is iterated until both centroids are converged to fixed points. The final output
value for these two centroids are such that sum of distance between each pixel value of
the input image and their corresponding centroids are minirfigure 316 illustrates

the effect of this color segmentation algorithm on different PCB types.

Original Image ~ Transformed Image Clustered Image

Figure 316: Colour clustered images usingrkeanscolour clustering algorithm(a) Output of k

means clustering on gold plated solder joint on green PCB. (b) Outpuheéks clustering on

tin plated solder joint on green PCB. (c) Output-sh&ans clustering on gold plated solder joint

on blue PCB. (d) Outpuif k-means clustering on tin plated solder joint on red PCB. (e) Output
of k-means clustering on tin plated solder joint on black PCB

Figure 316 showsthat thecolour clustered imageroduces an output which has a
minimum effectdue touneven lighting, flux and other residuals on B€B. Then the
clustered image is thresholded against a predetermined thregalld acquired

empirically as depicted iRq. (36) in order to precisely identify the pad region

N ¢uhy QW@ YO

O = ofan YO ol

o~ m~
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Figure 317 illustrates the outcome of this algorithm over different PCB types.
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(a)

(b)

(c)

(d)

Original Image Transformed ImageThresholded Image

Figure 317: Thresholding of colour clustered images for solder pad segmentgtjon.
Thresholded gold plated solder joint on green PCB. (b) Thresholded tin plated solder joint on
green PCB. (c) Thresholded gold plated solder joint on blue PCB. (d) Thresholdedktih pla
solder joint on red PCB. (e) Thresholded tin plated solder joint on black PCB

Next, the binary image is processed with morphological filteriri {@ close open holes
and reducdlistributed noise inside th@nary image. Then the contour finding altjom,
which is the method of identification of connected regiosgaa binaryimage, is used

to segment discontinuous areas on the binary image. It iterates through all the connected
regions and define a boung rectangle that contaitise boundarypixels belongs to that
region. Then thalgorithmfinds the largest and second largest regfoms the detected
corntours becausehe solder padreashould be contained by any ofse two regions.
Finally, the algorithmcompare the shape and dimension of these regions with
respective information from the CAD file fmd the contour that contains teelder pad.
Figure 318illustrates the detected soldwds over several imageBable 33 summarizes
the performance analysiof this methodologyor different PCBtypes at different
conditions Eachcriteria contains 25 different samplediere, the successful detection
rate means the capability of the alglom to identify the pad area with an loU greater than

0.85 withreference to manually define bounding box for the solder pad
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(@)

(b)

(©

(d)

Original Image  Transformed Image Detected Solder

Figure 318: Segmented solder pads on different pad and PCB surface cdiubetected

gold-platedsolder joint on green PCB. (b) Detected tin plated solder joint on green PCB. (c)
Detectedgold-platedsolder joint on blue PCB. (d) Detected tin plated solder joint on red PCB.

(e) Detected tin plated solder joint on black PCB

Table 33: Sucesdul detectionrate ofcolour imagesegmentatiormprocess orselectedcolour
modelsover different PCBtypes atdifferent controlledconditions

PCB Type Controlled Situation YIQ | HSV | YCuCr | RGB
Normal Condition(without any defect) | 80% | 78% | 60% | 72%
Gold Plated Solder - >
Padon GreerColour ﬁc’”’?e"teg with PCBTrack Highly | ga500| 78506 | 006 | 70%
PCB umlnate.
Flux Applied 88% | 75% | 92% | 75%
Normal Condition(without any defect) | 100%| 90% | 72% | 80%
Gold Plated Solder - >
Padon BlueColour | COMNected with PCB TratkHighly | g5 | 6o | 7206 | 6206
PCB IIIumlnate.d
Flux Applied 68% | 60% | 88% | 55%
. Normal Condition(without any defect) | 16% | 88% | 100% | 76%
Tin Plated Solder Pa - >
on GreerColour | Jonnected. with PCB TratkHighly | 3504 | 10096| 1008 | 20%
PCB Flux Applied 32% | 80% | 92% | 72%
Normal Condition(without any defect) | 32% | 100%| 68% | 82%
Tin Plated Solder Paj Connected with PCB Tratk Highly o g o o
on RedColourPCB | llluminated 32% | 96% | 20% | 50%
Flux Applied 0% | 80% | 60% | 68%
Normal Condition(without any defect) | 16% | 60% | 96% | 100%
Tin Plated Solder Paj Connected wh PCB Track Highly o o o -
on BlackColourPCB | llluminated 16% | 56% | 92% | 100%
Flux Applied 32% | 40% | 72% | 80%
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Manufacturing defects on the PCBs, like offsets between the drill hole pad and the plated
pad area, lead to falsietection of solder pads in YIQ colomodel for green colo0 PCBs
with gold-plated solder pads as illustratedrigure 319.

Colour map of offset area Offset area is included in the detected solder Pa
Figure 319: Effect of offset issue ogreen colar PCBs with gold plated solder pads

Figure 319 illustratesthat the offset area has been mapped to aucewnich has the
minimum vector length difference to themlour mapped for gold plated solder pad
resulting a much largesolder pad ared hisoffset area must be carefully eliminated from
the detectedsolder padio have a precise segmentatidris is accomplished bye-
guantizingthe identified region is to six differentcolours whichincludecolours mapped
for PCB backgrond, soldempad, drilthole, offset area, higy illuminated areas on PCB
background. Then the vector distances to eachucotctor was experimentally obtained
overa sample 0100 goldplated solder pads on green aol®CBs with reference to the
origin of the colaur model(0, 0, 0) as outlined imable 34.

Table 34: Experimentally obtained calo vector distances for quantized aale on the
detected object area

. . Experimentally obtained vector distance(x) range for different
Region of interest
areas on the detected solder pad
Solder pad area 285 O x O 330
Offset area 255 O x O 280
Drill -Hole area 0 O x O 100
Background area 350 O x O 370

Thenthe algorithm replaces the colour of the pixels whose vector distances fall to the

regions other than pad and diible regions with the colour obtained for PCB
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background. Ultimatelyimage segmentation process is repeated to locate the actual solder

pad area from the detected object as illustrateéigore 3.20

Object area of the YIQ Falsely detected solder Colour quantized image afteDetected solder pad after
colour transformed imaggad due to pad offset are remapping offset area colowemapping of offset area to
to background area colour background area colour

Figure 3.D: Result of offset area removing algorithm

In addition toabove effectthe performance of the YIQ calo model is considerably
affected by goldplated solder pads with PCB tracks connected on blueicBiGBs as
illustrated inFigure 3.21

Original Image Detected Solder Pac

Figure 3.21 False detection of solder pad areas due to lighuc#EB tracks on golplated
solder pads on blue caloPCBs
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PCB tracks with light blue are mappedaaolour with minimum vector distance twet

colour mapped for packsulting a larger aa for solder pad as illustrated igére 3.22

RGB to YIQ
Transformedmage

Original Image Colour Quantizedimage

Figure 3.22Mapped colars of light colour PCB tracksluring colar transformation and colmo
guantization processes for gold plated solder pads on blugr ¢0GBs

The same procedure described earlierefoninating pad offsets, is used to eliminate the

effect of light colar PCB trackgVector distance range for light colour PCB trackg5

O x 700Figure 3.23llustrates the outcome oliis methodologyver different solder

pads that connect witihght colaur PCB tracks on blue calo PCBs.

Original Image Falsely detected Detected solder pad after
solder pad re-segmentation

Figure 323 Accurate detection of solder pads after removing the effect of PCB tracks on blue
colour PCBswith gold-plated solder pads

Table 35 summarizes the success rate for YiQour model after using the developed

methodologyfor removing the effect of pad offsets and ligbtourPCB tracks.
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Table 35 depicts that the new algorithm successfullgliminates the effect of
manufacturing defects and surface finish of blue aeémrolour PCBs with gold fated
solder padsEven though the modifiegersion ofl 11213 colourspace, was stated to provide
better outcome fosolder padsegmentatioim [42], it could beshown that a singleolour
model is notcapable of giving a morpreciseimage segmentation for different PCB

colours with different solder pads accordimgthe results obtained in Sections-3.2.

Table 35: Successful detection rasdter removing the efta of pad offsets and tracks

Detection rate ofbefore Detection rateafter
PCB Tvpe Controlled removing the effectof | removing the effectof
yp Situation pad offsets & PCB pad offsets & PCB
tracks tracks
Normal Condition
Gold Plated (without any 90% 98%
Solder Joint on defect) T
GreenColour Connected wit
PCB PCB Track / Higly 100% 100%
llluminated
Flux Applied 88% 88%
Normal Condition
Gold Plated (without any 100% 100%
Solder Joint on C defectgl T
Blue Colour onnected wit
PCB PCB Track / Higly 72% 100%
llluminated
Flux Applied 68% 80%

Since there is no requirement of externally applied flux other tharukevailable in
solder wire the negativémpact of flux was not given kigherpriority. Furthermore, he
precise identification fosolder pad from itdackgroundurther enables to haveal time
calibration ofpositioning accuracy of the robotic systeim.this researchjt could be
identifiedthatthe componenieadplays a significant role when classifying the quality of
the solder joint. Thereforeseveral methods were developedpiecisely segment the
component leaffom the detectedolder pad prior to soldering and finds its new location
inside the solder joinbnce the soldering process is complet@dapter4 describes the

implementation of thisnethodologyin a detailed way.
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4. Identification and Localization of THT Component Lead

The resultacquiredn first two stagesf the AOI system, showhat asignificantsuccess

could be acqureEven t hough, the first i mpression
solderingonce a pad is identifiedt coud be revealedhat the component lead top must

be prior identified and localied inside solder joint tprovide robust quality inspection
capability. This chapter describes how this task can be effectively accomphsineck

4 lillustrates the proposed systamchitecture

Drill -Hole Identification ofthe Segmentedolder pad

v

Segmentation of leap from solder pad region

Ye Lead Detected? No

Initiate soldering process Notify the user
v y
Detect solder joint
v

Is size comparison valid?

Localize new lead top location inside solder joi

Figure 4.1 Theimplementednethodologyto detect anddcalize lead top of a component

Section4.1, explains the importance of identifying and localizing the component lead

inside a solder joint.

4.1 Importance of Identification and Localization of THT Component Lead Top
inside a Solder Joint

The shapef asolder jointdoes not possess a consistent appeardheeefore, it increase
the complexity of the solder quality assurance prod@ssea pad is solderedt will be

completelya new object to the vision system, exdiyetcomponent leap that provides
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onlyrelationshiptd h e jpmviooststatd-urther, thdocation of the component lead
topgovernghe shape of the solder joint and illumination distribution across it. According
to the observations carried out on 500 differetdesojoints, it could be observed that the

detection and localization of THT compant lead top is important in threeain aspects.

1 Verification of component availability can be performed by verifying the existence

of component lead prior to soldering.

1 Higherprobability of detecting lead tagpwhich possess darker coloucomparing
to solder pastegs a not soldered area at solder quality classification.stage

1 The location of lead top has a direct impact on the shape of the solder joint and the
illumination distribution across itSince the AOI system analyse the light
distribution across the solder joint surfaice the determination of amount of

applied solderthe knowledge of itexactlocation is vital.

Figure 4.2provides examples for above dissed situationsin Figure 4.2(b), it can be

seen that there is a high possibility to identify the legqda® a soldering defebecause

of its much darker colour comparing to its background. Therefore, it is clear that lead top
must be prior identified and localized in order to enhance the accuracy and robustness of

the vision system.

The human vision system identifies the shapan object, based on the distribution of
reflected light oveits surface. Tie shape of the object adds a significant impact over the
light intensity distribution, when it is being viewed in orthogonal directionthis
application, the direction of éhcamera is perpendicular and concentric to the solder joint
being inspected. Therefore, the distribution of light captured from the camera, depends on
the shape of the solder joirftigure 4.2(c) provides an example afsolderjoint with

excess solder
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Figure 4.2 Importance of loalizing thecomponent lead top inside the solder joint. (I).

Component with darker leadl). The impact of component leaxh the light distribution across
the solder joint. (a). Bare solder pad and rile region. (b). Existence of darker area inside the

solder joint. (c). Solder joint with excess solder. @dod solder joint. (e).dder pad with

colourful component leadf). Distribution of lightacross the solder joint

In Figure 4.2(11) (c) and (f) it can be seen that tHight intensity decreases from lead top
to PCB surfacén an over soldexd joint while it is in opposite direction for a good solder
joint. In Figure 4.2(1I) (f), it can be seen that the distribution of light intensity from top to
bottom isconsistent (brightalong inthe directilks denot ed bywhergas, 20
the intensitydecreasasl ong i n t he dir ect ThemfosethisAOlot ed b
systemlocalizes it preciselyto provide a robust solder quality classification process.
However, he vison systems described in [12] and [13] are not capable of taking the
advantage of this parameter since they inspect the solder quatiifferent platforms
rather than the platform that soldeteém.Sectiord.2 provides a detailed explanation on

the implementation ahe method to identify component lead
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4.2 Segmentation of THT Component Lead Tofirom Solder Pad Region

In Section4.1, a detailed explanatidras beeigiven on the importance of identifying and
localizing the component lealtls segmentatiofrom baresolderpad carbe accomplished
either of following three waygrior to the soldering process.

1. Processhe entire solder pad area and identify the lead top out.of it
2. Extracts the drihole region based on CAD data and segments the lead top

3. Automatically identifies the drilhole and thesegmentshe lead top

The first method is not robushoughat situations whe thecolour dissimilarity between
the component leaédndthe solder pads minimum. Ths impact would be detrimental,
when the component leaoluches the solder pagillustrated inFigure 4.3 No algorithm
will not be capable enoudb identifythe leadfrom its backgroundvithout introducing
heavy computational complexity to the segmentation process.

Figure 4.3 Impact of colour similarity between solder pad and component leadgmentation
accuracy (a). For gold plated solder padg). Fortin plated solder pads

Thereforethe priority was given t@" and 3¢ methods Eventually the 'S was chosen

because of the below disadvantages of tRen2thod.

1 The resolution computed during camerailzation procedure can contain a
level error and its proportional tahe size of the solder pa@herefore, that error
can either introduce some pad area & tdrilFhole or results in loss of some

portion of drilkhole
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1 Slight offsetsoccurred due tamperfections oPCB drilling process usually result
in mismatched dimensions to that of CAD informatamillustrated in Figure 4.4
(Majority of the cases actual drifiole is quite large than the actual size).

Figure 4.4 The offset between the computed gizased on CAD dajand the actual size of the
drill-hole Small and large blue colour circles denote computedtiié and pad dimensions
based on CAD dat&ed colour bounding box denotes the segmented solder pad

Section 4.2.1 describes how the dhitlle region is automatically identified.

4.2.1 Automatic Computation of Drill -hole Region

The following algorithm is developed to segment the area contained by thbodkill

region as depicted in stepsll (refer Figure 4.5 for the structure of the algorithm)
Step 1 Segmented solder pad is transformed into HSV colour s(semfigure 4.9
Step 2 Colour transformed image is clustered into six colour clagsesf-igure 4.7(b)).

Step 3 Colourclustered image is thresholded using a predetermined threshold(sakie.
Figure 4.7(c)).

Step 4 Find the largest contoué, and compare its size and distance from the image

centreagainst predetermined threshold valdes andO . If the result is false, user

is alarmed.

Step 5 The second largest contour aréa, is found by the algorithmf the resulted area

of 6 is below a predeterminabresholdd . Unless the algorithm jumps to Step 6.

Step 6 Set all thepixels to zero, that are not containedthg selected contour$hen
generate the binary imag@that contain the required information to approximate-drill

hole region(seeFigure 4.7(d)).
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Step 7 External boundary points d@ in all four directions, togentre, leficentre,

bottomcentre and rightentreare computeeccording to Eq.37)-(40).

C2

O o pho 0 QY afwo cuowd “nafd 60 ofw
N miioj ¢ h O o X
0 & naw p 0 QY afwo cuowd “nafd 60 ahw
N i hTORG ¢ oy
0 & no ph 0o QY afwo cuowd “nawd 00 ahw
N @ cho hmho ow
0 ® fdw p 0o QY afw cuowd “fad 00 o
v oo B g ¢ T
Where,

NOP: No operation

0 ®,0 ®,0 & andd & are the list of boundary points in lefentre, babm:

centre, rightcentre and togentre directions respectively.

w andOare the width and height @respectively.

Step8: The averagedd & ,0 & ,0 & andd & is computed and find thigsts
whose sizes are larger than the average and combine thiem to(seeFigure 4.8(c)).

Step 9: Find the pointh & in 0 & based on the list that contains the highest average
(Ex:1f0 & holds the highest average, then finds the point with minimooordinaté.

Then finds the poind & in0 & that holds the maximum distancelto ¢ .

Step 10: Find the pointd & , which have maximum perpendicular distance to the line

formed byd & andd & according to Eq.41). (seeFigure 4.8(d)).

~

0 @ Q O endwdidndadw i d (41)
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Colour transformation to HSM

v

Cluster the solder pad imagg

v

Threshold the image
v

Identify contour regions inside the binary imagg

User is alarmed

Contour count>0?

Find the largest contous,

Find the 24
largest contour,
5

Yeg

Remove all regions that are not containe
by the selected contours

v

Detected?

Find external boundary points and select three most suitable from them to compute a

v

Find the centre and radius of the circle computed from the three po

v

Compute distance offse¥YQ between circle centre and image centre

Compute the offsetf betweercomputed circle radius and radius from CAD daf

Go to next operation

Figure4.5: Structure of thelrill-holesegmentation algorithm
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Where,

Q : perpendicular distance from poirit [ tothe lined @ 6 w 6 T denotedby:

Q sm—s’ andO is the maximum computed distance.

Step11: Compute the circle that goes throughd , 0 & and0d & according to Eq.
(42), since the drithole is a circular shapéseeFigure 4.8(€)).

& w ‘ w ‘ p :-vl w . w . ||
0 (V) ‘ W ‘ P noQ ) e T QG
Y o ® p ‘ L .
u W W U
Where,

6 B RY:xandy coordinates of the centre and radius of the circle that goes through points

0 ®,0 & andd & respectively

In Step 1,the segmented solder pad is colour transforria@n though, a significant
colour dissimilarity can be observed between the-Hale and its immediate background,

RGB colour model is noa sutable input fora colour clustering algorithm, because of

high correlation among R, G and B components. Hence, an experimental basis analysis
was carried oubased on the procedure described in Se®i@over a sample 0200

solder pads to find the best colour model. It could be observed that the HSV colour model
is a suitable candidat&igure 4.6illustrates the outcome aieveralcolour modelghat

rendered a distinctive outcorogera baresolder pad.

N[

Segmented Solder Pad HS

Figure 4.6 Results from colour transformation using several colour manels a segmented
bare solder pad

In Step 2the colour transformed image is segmented using a colour clustering algorithm.

Since, the drilhole has a significant colour dissimilarity to its immediate background, k
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meansclustering algorithms used However, there is a possibility for the existence of
oxidized regions on the pad area that lead to a colour similarity with théxalgll(refer
Figure 4.47a)). Therefore,Gaussian smoothing function is used to further minimize the
effect of such regions$n order to further increase the stability, an analysis was carried out
over a sample d200 solder pads, tdetermine theaumber of colour clusters required to
map such regions into differentustersto that of drilthole. It could be observed that

clusteringinto six clusters couldiminish the effect of such areas.

P

Figure 4.7 Generation of a binary image to compute area covered hdHdl (a). Input image.
(b). Colour clustered image. (c). Thresholded image. (d). Generated binary image-fasldrill
boundary definition

According toFigure 4.7(b), it can be sen thatthe colours of oxidized areas have been

mapped to clusters with different hues than that of-Hale.

In Steps 34, the clustered image is thresholded based on a predetermined threshold value

and finds the largest contour,based orollowing outlines.

1 Largest among the detected contodrs (nust be contained by the difible
1 The existence of the largest contour must be closer to the centre of the image (since

the centre of the drilhole coincide with the image centre witlinimum offset)

The size ofH and distance offsef) 0 ) are normalized to make tmeindependent from

sizesof solder pad and drilhole. Furthermore, this comparisaninimizes the likelihood
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of selecting an area on the solder pad aat situations where a substantial area of the
drill-hole is covered by the component lemt the existence of darker regions on the

solder padlf no contour can be found that meet above conditions, the user is notified.

In Step 5,the second largest cmur area is foundif the area ofd is below a

predeterminedhresholdd . This is performed based on followingtlines

1 It must be larger than a predetermined threshold
1 The distance difference between tamtres oy andimage centremust be lower

than a predetermined threshold value

A contour that satisfies both of above conditions is selected as the second largest contour,

0 . If no contour can be found that meets above conditions, the user is notified.

In Step 6,The binary imge (O is computed by settinthe value ofpixels that are not
contained by these contours to zero (r€gure 4.7(d)). 'Onow holds the useful regions

to approximate the area contained by the-tidlle.

In Step 7, he outer boundary of the contour regiam&Ois computedn four directions
top-centre, leftcentre, bottontentre and rightentre This is because, the outer boundary

pixels represent the boundary between the-dole and solder pad.

In Step 8the average of the boundary points acquired in 3iegomputedo deermine
themostdominant areas venethe contours lieThis is because, if there are open regions
in "Oas inFigure 4.7(11), there is a likelihood thahe boundary pointbeingdetected in
inner boundaries of combined contour regiofsat will lead to a false computation in
Step 11.

In Steps 9-10, three points) & ,0 & and0d &, are computed to find the circle that
goes through thenfirst wo points,0 & andd ¢ , arecomputed based dhe nature
of distribution of contour regiomn order toprovide a significant distancelifference
between thento increase the accuracy of detectingd . Finally, in Step 11, the cée

point and thesircle radiusis computed that goes through these pointsKgpae 4.8e)).
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(@) (b) (© (d) O

Figure 4.8 Automaticcomputtion ofthe drill-hole. (a). Input image. (bComputed binary
image for drilthole approximation. (c). @nputed boundargoints(red colour) (d). Selected
threeboundarypoints tocomputedrill-hole (blue colour) (€). Computed drilhole

\ ) nnn |

The action repr es e ntFguedhgccuisWiea the visisn systerma r me d
cannot acquire enough information from the segmented solder gadeoate the circular

region containing the drilhole This usually happens at situations whe

1 the component lead tightly fits inside the dhithle, minimizing hole visibility;

1 the reflection of light inside the drHlole alters its colour significantly

1 the distance offset\( between theentres of the imagandthecomputed circle
is beyondthe defined threshold valy&® ;

1 the offset 19 between the radius of computed circle aadiusof drill-hole

acquired from CAD filas beyond the defined threshoid, .

In such a case, the vision system maps the dimension from the CAD flhle segmented
solder pachnd notify the user asking the permission to proc&kdperformance of this
algorithm was evaluated unddifferent conditions as tabulated Trable 4.1 Here the
successful detection rate means the identification oflupik regionwith less than 3%
error in both dimensions (height and width) comparing to visible size of the drill hole

measured in pixel count.
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Table 4.1 Successful detection of drifiole region of a solder pad

Segmentation of dril-hole using Segmentation of drilkhole using
—_ o CAD data proposed algorithm
Lighting Condition Successful False Detection Successful False Detection
Detection Rate Rate Detection Rate Rate
Highly llluminated 88% 12% 97% 3%
Normally llluminated 88% 12% 100% 0%
Poorly llluminated 88% 12% 92% 8%

Finally, theAOI segmerd finds the existence of theomponent leathside this region

4.2.2 Segmentation of Component Lead Top

Since the colour of the component lead accommodates a significant number of different
colours comparing to the colour @ffill-hole, a colour image segmentation algoritidm [

57-61] or colour clustering algorithm would be a good choice to segmdmm its
background. After having some studying on graphbasedolourimage segmentation
algorithm [3], it could beconcluded that colour clustering based algorithms would be a

good choice at this stage tbis application due to following reasons.

1 The lead is also segmented into different regions simp@aicut basedmage

segmentation algorithisegmert a given inage intoseverahomogenous regions

(seeFigure 4.9.

1 Computation time is comparatively higher than the colour clustering algorithms.

This will be much higher, when it is required to deploy another algorithm to verify

the first point

Figure 4.9 Resultsfrom a grapkcut based image segmentation algorithaih. $egmented solder
padand drilkholeregion. €). Segmented regions after the graypit based image segmentation
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Even though, the distinct difference of colour between-Haleand solder pad in Section
4.2.1 reinforces the application ofMeans for image segmentatidhge situation is not

the same when the dritlole area is considered alone. Some regions in the component lead
top contairs similar colour to that of its surrodimg drill-hole. Therefore the probability

of mapping such regionsto the same colour class of diible is higher.Hence the
performance of three colour skering algorithms, Kneans Fuzzy GmeangFCM) [25]

and mearshift [25] was analyseth terms of:

1 the Euclidean distance of clustd colours inside lead top and dhible

1 computation time

1 repeatability of mapping colours insamecolour clusters over consecutive trials
1 successful detection mbfthe component lead

The successful detectiaate ofanalgorithm iscomputedbased on the percentage of the
detected area compared to the actual size of the component lead top. The actual size of the
compnent lead top is calculatedanually selecting tharea contained by tHeadtop.
The number of required colour clusters can be prior defined in botbakhs and FCM
colour clustering algorithmsfige colour clusters have defined imis application)
whereasmeanshift algorithm works with quantizing available colours intonimum
possible number otlusters. Tabled.2 presens the acquired resultsf these algorithms

over a sample of 200 solder pad images.

Table 4.2 Average euclidean distance of clustered aanside lead top and drifiole
region for goldplated component leaagth reference to the origin of RGB colour cube

Colour Clustering Algorithm
K -means/units FCM/units Mean-shift
Parameter Lead Lead Lead
Drill -hole Drill -hole Drill -hole
Top Top Top
A"er";ge Euclidean | o483 | 4o 1965 | 273 | NA NA
istance
Computation timé ms 69.68 562.36 985
Repeatability / % 98% 98% 92%
Successful Detection o o NA
Rate /| % 98% 96%
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The results obtained in Table 4.2 reveals thafiéans clustering algorithm outperfos
other two algorithms in altriterias.Figure 4.10illustrates few colour clustered images
using thewo main candidates

.

(b) (©

Figure 4.10: Resulted images from colour clustering algorithms for lead detection. (a). Detected
solder pad image and filtered out dtible region. (b)Resulted image from-kneans clustering.

(c). Resulted image from FCM
Next, the lead top must be extracted friisnbackground. This task is accomplished by
thresholding the resulted image frdmmeanscolour clusteringagainst a predetermined
thresholdvalue calculated based on the results acquired from a sample of 200 images.
Figure 4.11illustrates the segmented component kegubf several solder paddowever,
Figure 4.11(V) shows thathe reflected light resulted from Hily illuminated regions
inside the solder paédad to false detections component availability verificatiofrefer
Figure 4.11(V)(e)). These false detections must be eliminated effectivedlowing

algorithm is implementetb eliminate such effects

Step 1 The size of theargest contou(o ) is compared against a predetermined
threshold valuédepends on the size of the dhible). If the result is true theimage ROI

is set tad andjump to Step 2, otherwigde user is notified.
Step 2 Theexternal boundary points of the contour is computed according to Eq. (43).

O o0 0O T0
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(© (d)

Figure 4.11 Detected component lead top inside the dirille region of the solder pad. (a).
Extracted solder pad region. (dentifieddrill-hole region. (c). Resulted image after colour
clustering.(d). Resulted image after thresholding and morphological filteriggComputed
centre point of the largest contour. @plder pad image with detected component lead(tpp
Tin platedlead with ellipsoidal shape. (Il). Gold plated lead. (lll). Lead with highly illuminated
areas. (IV). Lead with darker colour. \Bmpty ®lder pad with reflected light inside driiole.
(VI). Empty older pad with neeflected light
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Where,
0 ® n N&o 008 O 8 s N n&o

DOd O edd d )Mt 6o

6w no pho nsh ®  pho T O QY afwo
coved & fawd) £ 0 aho v o hnRo

HereW andH are the width and height of the ROI set image respectively.

Step 3 The centre point ®,of0 is computed according to Edl4). (See
Figure 4.11(e).)

Where,

B B 1w ¢ L eudn
R

Step 4: The distances betweén @ and each point i & is calculated anthe

StandardDeviation(SD) of the distribution is computed

Step 5 The computedSD is normalized with respect t& and compared against a

predetermined threshold. Ifig higher, ther is discarded and user is notified.

In Step 1, the image R@is set tod . This is done in order to avoid the impact of

other smaller contour regions in the original image.
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In Step 2, each boundary point of is computed to provide aeasonable

approximation tats shape.

In Step 3, the cergrpoint,6 ® , is calculated based on the moments of
Because » is geometricdly importart, whenpredictingthe contour distribution

In Step 4, the distances from each boundary poinb to & is calculated to
approximate the distribution of the contourdIf Is contained by a region other than
the lead op, then it usually possesses a narshapewith a wider distributionThis results
in a higherSD, since thevariance oflistan@ differencedetweend and boundary
is higher If 6 is contained by the component lead, thenvéiméance of the distance

differencesare minimumresuling a lowerSD.

In Step 5, the compute8D is normalized with respect t& since the size of the

component leadndthe dril-holeareapproximatelyproportional.

The implementation of this algorithm could significantly reduce the impact of the light
reflections inside the drilhole (Refer Figure 4.11(V)-(VI)). If no lead isdetectedthe

user is notified robotic and no soldering is performEde automatic assance of the
componentvailability increass the reliability and the robustnesstbis vision system

In Sectiord.3, the suitability of several mihods to localizehte lead top inside the solder

joint once the soldering is performed by the robotic systeas evaluated

4.3 Localization of THT Component Lead inside Solder Joint

The requirement of preciselgcalizingthe component lead top inside the solder j@nt
importantbecause of slighposition drifts of lead occurred due to force applied from
solder iron In Chapter2, the suitability of SIFT, SURF and FAST algorithmsas
analysedo localize thdead top inside the solder joifigure 4.132llustrates theutcome
of these algorithms oa componentlead that have distinctive colour compared to the

colour of soldert different threshold levels
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Figure 4.12 Application of feature extraction algorithms for lead top localizatijnFeature
detected lead top imagél)(Feature matched lead top imaggll). ROI setsolder joint (a).
Application of SURF feature detectdb). Application of SIFT feature detéor. (c). Application
of FAST feature detector

According toFigure 4.12 it can be seethat no feature detector reithercapable of

identifying significant number of keypoints nor performing consett matching

Moreover, the change of appearance in leaddopmmon for THT component leadjter

the solderingcan negatively impact the performance of feature detectors. Since the

availabiity of the componenis known, the suitability of template matching algorithms

(See Chapter 2) were verified illustrated in @ble 43, over aample of 200 solder joints

Table 43: Successful and erroneous detection rate of lead top inside the solder joint
using templatenatching algorithms with respective average computation time

Algorithm Name Success Ratg Erroneous rate | Computation time/ms
TM_SQDIFF 95% 5% 31.9
TM_SQDIFF_NORMED 90% 10% 31.9
TM_CCORR 85% 15% 30.5
TM_CCORR_NORMED 75% 25% 30.5
TM_CCOEFF 70% 30% 29.7
TM_CCOEFF_NORMED 75% 25% 31




Here, the successful rate means the localizatideaaf topwith an loU greater than 0.8
with respect to manually define lead top arBasults inTable 43, illustratesthat
TM_SQDIFF outperforms othepeer algorithms Figure 4.13illustrates the results

ohtained using SQDIFF algorithm at several situations

(b)

Figure 4.13LocalizedTHT component lead togith higher colour dissimilarity to solder paste
on several solder joints using SQDItmplate matching algorithm. (a). Detected solder pad
area. (b). Detected lead top usingikeans clustering. (c). Localized lead top inside solder joint
using SQDIFF template matching algorithm
Even though the outcome of TM_SQDIFFaiscurateits performance vaies when the
colour dissimilarity between the lead top and solder paste is minimiigure 4.14
illustrates thgpooroutcome of SQDIFF algorithm over several solder joiith tin plated
leadswhere the colour dissimilarity is minimurBince theprocessing time is a critical
parameter, the application of a complex algorithm is not a viable option to solve this
problem Therefore, it is required to have a simple method that is capable of rendering the

expected accuracy level with less computatioret

Inspiredfrom the work carried out ihapter3, the performance of colour models was
evaluatedbver a sample of 200 solder joiritggether with the above described template
matching algorithms as illustratedTiable 44. According to tlese resultsit can be seen
that HSL and HSV colour models were able to providegaeraccuracy level together
with SQDIFF template matching algorithm comparing to other combinations of colour

models and template matching algorithms.
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Figure 4.14 LocalizedTHT component lead togith lower colour dissimilarity to solder paste
onseveral solder jointasing SQDIFF template matching algorithfa). Solder joints with tin
plated component leads. (b). Detected compblead (c). Localizedlead top using SQDIFF
algorithm defined by red colour rectangular boundary. (d). Deviation beteesized(red
colour) and the actual location (green colour) of lead tops

Table 44: Successful detection rate of lead top inside the solderysing template
matching algoritms over different colour models

Colour SQDIFF_ CCORR _ CCOEFF_
Model | SQPIFF | NormeD | CCORR | NormED | CCOEFF | NORMED
HSV 98% 90% 70% 50% 50% 45%
HSL 99% 90% 60% 55% 50% 50%
YIQ 70% 65% 51% 54% 58% 51%
RGI 85% 75% 50% 55% 55% 55%
CMYK | 80% 85% 97% 94% 90% 85%
Lab 90% 85% 90% 80% 80% 80%
2l 85% 75% 80% 80% 70% 75%
,'\;'g:; 62% 58% 60% 55% 60% 66%
YC.Cr | 51% 45% 50% 46% 45% 48%

Figure 4.15 illustrates the outcome of the colour models that possess the successful
percentage greater than 75Phe lead top typically possess the highest position inside the
solder joint. This geographical location further enables it to contain theedtigh
illumination level. This fuels the success rate achieved by both HSL and HSV colour

models since they map intensity value of light to a separate chafaieé (V) for HSV
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and LightnessL() for HSL).Thislight distribution pattern on the lead tdpesnotundergo
asignificant difference between post and prior stages of soldeniegs it is heated for a
longer time However, HSL colour modelas selected sincestightly outperforms HSV
by 1% of successful detectioRigure 4.16illustratesthe locaized lead top in several
solder joint images usintpis methodology

Detected Solder joint
pad component lead top

Figure 4.15Localized lead top using SQDIFF algorithm over several colour models. (a). Colour
space transformed lead top image. (b). Colour space transf&@leskt solder joint(c). Lead
top localized solder joint
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Figure 4.16 Detected THT component lead top on several HSL colour transformed solder joints
using SQDIFF template matching algorithm
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These resultshave been obtainednder different controlled situations like, highly
illuminated conditions (2 5" and &' rows), over heated conditions where the colour of
the component lead has been fadetiaiid 3¢ rows) andwhen considerable area of the
componehlead is covered by the soldef"(bw). According to the results presented so
far in Chapter4, it could be seen that the proposed methoalge provided digher
accuracylevel in identifying andlocalizing the THT component lead top at a very low
computational cost. As described earlieBattion4.1, the precise implementation of this
stagelays a strongfoundation for theoperation ofsolder quality inspection platform.
Chapter5 describes theamplementation of solder quality ckification stage of the
implementedAOI system.
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5. Classification ofthe Quality of THT Solder Joints

The primary task of an AOI system is to provide a-nontact testing capability over a
given PCB to inspect for sading defect®ccurred duringin assembling procedghis is

the core of any vision system deployed in EMS industry. As described in Chatiter 1,
implementedvision system inspects every action performed by the robotic system,
whereas other commercially available systems pertheimspection on already soldered
joints.

In Chapter-4, a detailed explanation on the implementation of the supporting staiges fo
the classification of the quality of THT solder joiritas been provided hesechaptes
sequentiallydescribedthe importance of each stage and their impact on the robustness
and accuracy of the solder qualigssuranceprocess.This Chapter describes he
implementation ofmost critical task involved with the AOI systemoldering quality
classification. In Chapter 5,a detailed overviewhas been providedn a set of new
algorithms that have been developed to iderdiig localizevarioustypes of soldering
defectsprecisely.lt would be better to understand the types of soldering defects that may
occur during a soldering process before going deeperth@anethods developed to
identify them Section5.1 presents a detailed overview onesaV soldering defect types

that have been primarily focusedtins study.

5.1 Types of Soldering Defects on THT Solder Joints

Soldering defects are the irregular distributions of applied solder by a human operator or
a soldering mechanism across a lsreerpadduring the soldering process. The precise
identification of these defects is highly preferred ies&dstandard assembling process,
since prior identification of such defects leads to minimize the deficiencies within the
manufacturing procesk thisresearch, aautomatic solder quality inspection mechanism
that is integrated with @HT soldering system has been implemented@he soldering
defects that are more likely to occur inside a solder joint, can be summarigamas

below.
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Solderbridging (Figure 5.Xa)):
Not soldered areg¥oids) inside the drilhole region(Figure 5.1b)):
Voids on solder pad arg#igure 5.Xc))

= =4 4 -

Excess solder on solder joir{fsigure 5.1d))

Not soldered areas inside the dhible
renion of the solder inint

(b)

Not soldered areas across the sold

padreaion of the solder ioint

(c) [
Figure 5.1 Different types of soldering defects. (a) Solder bridging. (b) Voids insidehadi

region. (c) Voids on the pad region. (d) Excess solder on the joint
The proposed AOI system is capable of identifying above solder defects precisely for
different soleér mask colars, pad colars, lead colars and shape of the solder joint under
varying illumination levelsAll these features are implemented usthg orthogonally
acquired images from a camera placed perpendicular to the placedAR@Bnatic
classification of soldering defects adds a huge advantage for any soldering robotic system
in terms of providing the possibility of automatic soldering defect identification and
reworking over defective solder jointSectiors 5.2-5.5 describe the algotims that can
be effectively used to detect four major types of soldering defects and evaluate their

performance under different practical and environmlesanditions.
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5.2 Identification the Defect of Solder Bridging

Solder bridges as shownfhigure 5.1(a) are created due to spreading out of accumulated
solder on the soldering iron tip to neighbouring solder pads. Solder bridges are identified
by comparingarea ofthe solder pad and solder joininh Chapter 2 colour model which
maximizes the vectatistance between the solder pad area (foreground) and immediately
surrounding PCB area (background) is presented for different PCB solder magis colo
and for different pad plating typeBhe same technique proposedo identify the solder
joint. Table 51 depicts the mear | and standard deviatior X of the vector distance
between a foreground and the background of the soldered joint for nine ditfelewnt
models and four different solder mask agt These results were acquired over a sample
of 150 solder joints for each solder mask colour.

Table 5.1 Mean (') and standard deviation X of the vector distance between the foreground

and background of the soldered joint for nine different colour models and four different solder
mask colours

Green Solder Blue Solder Mask Red Solder Mask Black Solder

Colour Mask Mask
Model — H a H H a H H a A H a A
a a da a
RGB 2895 40.8 7.09 3241 41.2 7.87 1045 18.86 5.54 112.0 20.10 5.57
5 6 5 89 8 4 3
HSV  205.2 16.1 12.7 235.1 599 39.2 196.1 14.16 13.8 108.0 9.911 10.9
3 5 1 5 87 3 5 6 0
HSL 231.1 37.2 6.21 237.3 321 7.38 150.6 23.46 6.42 69.38 10.96 6.33
8 5 20 3 7
YIQ 290.1 40.1 7.23 307 28.2 10.8 74.64 9.096 8.21 76.99 9.900 7.78
2 5 9 4 7
l123  134.2 12.1 11.0 324.1 41.2 7.87 63.43 10.21 6.21 48.57 12.67 3.83
Modifi 9 5 9 7 8
ed
YCoCr 206.3 25.1 8.20 2351 599 39.2 56.36 11.13 5.06 69.39 12.41 5.59
2 5 5 9 1 1
XYZ 279.1 434 6.43 237.3 321 7.38 38.84 10.00 3.88 108.5 20.32 5.34
3 5 3 6 6 0
I3 259.1 435 596 307 282 10.8 62.75 26.46 2.37 62.22 9.614 6.47
9 9 9
Lab 161.2 20.4 7.90 324.1 41.2 7.87 61.28 12.30 4.98 72.44 12.15 5.96
3 5 7 6
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FromTable 5.1 it is clear that HSV colour model gives the highest value for tiaio

for all PCB solder mask types. Hence, HSV oolspace is used with therkeans colour
clustering algorithm to extract solder joints. The result generated byieaks colar
clustering algorithm is shown iRigure 5.2(c) for the solder bridge show Figure 5.1
(a). Then the colar clustered image is converted into a binary image byshaiding to
compare the size of the solder joint with respect to the corresponding solder [{eefesize
Chapter 3) The detected solder bridge is showrrigure 5.2(d). Since this is the easiest
type of defects to be identified, deep analysisn the classification of this defect isot

provided

@ CHE © (d)

Figure 5.2 Identification ofSolder bridgingamong different solder pad&) Solder pad with
component lead. (b) Solder bridge. (c) Result freamdans algorithm. (d) Detectsdlder
bridge shown by red box

5.3 Identification of Not Soldered Areas inside the DrilHole Region of a Solder Joint

Solder voids as shown Figure 5.1(b) are created due to insufficient solder feeding, low

tip temperature and poor tip conditions. In manual soldering, solder voids due to these
imperfections is usually corrected by the operator then and there. There is a high
probability of getting soldevoids due to these imgdections in a solderingystem which

lacks the human skills. The only solution to overcome this problem is to identify these
defects using an AOI system and carry out rework accordingly. These defects can be

identified using a colur image segmentation algorithis the defecto beanalysé is
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within the drilkhole region,a masking images generated based on the computed-drill
hole as described in Chapterfdy image size reductiorFigure 5.3illustrates how the

region contained by the dritioleis filtered from solder joint.

et

Figure 5.3 Image size reduction for solder void detection inside-tdle. (a) Solder joint. (b)
Binary masking image. (c) ROI

In order to identify the solder defects inside the drdle region, the suitability of

following approachewas studied.

1 colour clustering using-kneans, meashift and fuzzy emeans algorithms

1 graphcut based image segmentation algoritii§1]

Colourclustering is a process that reduces the number of distinctrsalsed in an image
into homogenous colour clusters. Although, emlolustering is robust and efficient in
many fields of image processing, it did not provide better results compared hecgtap
algorithm for the detection of solder voids inside the -thalle region. The accuracy of
these colar clustering algorithms was severely affected by the uneven illumination

distribution, shape of the solder joishadows on the solder joint andxfikesidues

Graphbased image segmentation techniques models a given input ihagee(ms of a
graph defined b¥eq. (45) [58].

"O  oho TU

100



Where,

"O: Undirected graph df

W : is a collection of nodes) (N w), where each noda () corresponds to each pixel in

the image. Here=1, 2,..., & ¢ for & ¢ image

O : is a collection of edge<) N ‘O), where each edg&() connects certain pairs of

neighboring pixelsy andv )

The input imagd is prior smoothed by gaussian function to eliminate effects due to
uneven illumination distribution. The collection of eddges constructed byaking all
nearest neighbour combinations around a given pikely) A weight0 is assigned to
eachQ which represents the dissimilarity (e.g., the difference in intensityigatetion,
location or some other local attribute) between the pixelsb and0 connecting the
edgeQ [58]. Although HSV colarr model was better suited to identify solder joint against
solder mask in the backgrouniticould befound thatthe RGB colasr model was better
suited to identify the solder voids inside the ehitlle region by defining the weight

as defined irEqQ. (46).

0 j pTT TQ
Where,

Q. Ys Opf 0;

Q . Y R O R (0] R

Q Y @) 0

The value of) ;; exists within the range of 0 to 200.
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In a graphbased segmentatio,is clustered into a set of distinctive componéntgach
componend N O is represented by a set of verticesf the connected sub graj[58].
A binary predicaté 6 [ s defined as ifEq. (47) to evaluag¢ whether verticed and

0 connected by the ed@2 belongs to two different componerits® ¢ andd N 0 or

not.

. o1 BQROQRGB 0 QL
OO0 vhaE i 0l Q TX
Where,

0 "Q&dom | ETotE® t6 ROt d T6
(O () . 0 Q
t6 OQDs

In Eq. (47), O"Q&M represents minimum edge weight that connects two different
componentsd and 0 . Further,/O¢ @ represents largest weight in the minimum
spanning tree (MST) o0 corresponding to componefit. 0 "Q¢6 h5 denotes the
minimum internal differencéetween components ando . Thek is a user defined

constant andgd Sis the size of the componeiit

Even t hough t he 6%isuses in 8] tdabtairmthegU®T cortespandifhg
toeach component 63 was usedirhisstudygBecause ittcam bé¢ easily
implemented using matrix operations. The image is segmented using the following

algorithm which is depicted iRigure 5.4
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Figure 5.4 Structure othe grapkcut image segmentation algorithm
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5.3.1Graph-cut based image segmentation algorithm

Step 1 ArrangeE in ascending order and define componenbset . Take the first edge

in E and assign two vertices of selected edlge andu tod whered N #.
Step 2 Select next edge iB and execute the applicable Scenario in Step 3.

Step 3

Scenario 01

Check whether the vertices andu of selectech” edge are not contained in

any component d@i. Then add these two vertices to a new compodentwhered N
#.

Scenario 02
Check whether either vertices orv is contained in any component@fThen
compute the binary predicat® 6 % by taking the verticed or v not

contained in any component®f and the component which contains the vertices or

0 .1f'0O6 o s false merge the vertices or v not contained in any
component 0d with thecomponentvhich contains the vertiae oru and find
the new MST. Otherwise add the vertioe or v not contained in any

component 06 to a new componert  whered0 N #.

Scenario 03

Check whether botkb and w are contained in two different components (
and® ) of 8. Then compute the binary predica@ ¢ o ). 1fO 6 5 s false, merge
0 and® to a new componert  whered0 N #. Then find the MST of merged

component.

Step 4 Repeat Step 2 and 3 until all the edgeB are considered.
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Figure 5.5illustrates the results obtained by abovgoathm for a good solder joint and
solder joint with void inside its drihole. The area of the detected lead top inside the
solder joint is masked out prior to segmentation process to reduce the computational
overhead. Further, thaumber of pixels contained by tHemogeneous regionis
normalized with respect to the size of dhthle region. The normalized value is compared
against an experimentally computed threshold value. This comparison is performed in
order to minimize the impact of smaller residues and darker regions inside texill

Figure 5.5contains the regions whose sizes are larger than to this threshold value

U]

(I

Figure 5.5 Results from graplut based image segmentation owgo solder joint types(a)
Input image. (b) ROI. (c) Large homogeneous regions (shown in blue) detected bgwraph
algorithm. (1) Good solder joint. (II) Solder joint wittefect
In order to classify each identified commgnt as a defect or not, the average value of the
MST of respective componentas computedand comparg against a user defined
threshold. All components where average MST value is below the threshold is classified
as a defect as illustrated igure 5.6 This classification may create false defects due to

shadows and dark spots created by flux residuesKigaee 5.6(11) (b)).

False identification of defects due to shadows and dark spots can be minimized by
inspecting the adjoining solder pad area. Witeame is a void inside the dritiole, there

is a high probability to get a solder void in the adjoining solder pad areé&igtee 5.7.
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In order to identify adjoining solder pad area also contains voids, this area must be

extracted precisely using aasking image.

(I

©

Figure 5.6 Detected faults inside the drltiole region for three solder jointgpes (a) Input

image and the segmented homogeneous regions. (b) Thresholded homogeneougdegions.

Detected faults shown by red box. (I) No false detection. (Il) False detection due to a shadow.
(1) Perfect joint
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Adjoining solder pad
regions

Figure 5.7 Adjoining solder pad regions (blue colour) corresponding to detected voids inside
drill T hole (red colour)

5.3.2Adjoining solder pad region extraction algorithm

Step 1 Get the binary image that contains vertices in the given componemhered N

6. Compute the lin@ connecting the image centre poidt o with the topleft corner
o o andthe lind) connecting the image centre poidifto  with the bottom right

corner @ ho  of the bounding rectangl¥ that contains vertices i as given inEq.

(48) and @9) respectively. (See Figure $.8

W W

0 °wW ——w T

W W Y

0D OW —w T W
W W

Step 2 Determine the intersect points of linesandb with the outer boundary of solder
pad as given ikq. (50) and 61).

o 1zZATIOh
© 1zZATIOh

w 1zO0BTl v

w W et e L P
' w 1 zZOEBEl hw w

Where,

@ hed ~:intersect points of linkx, (x=1, 2)with theouter boundary of the pad
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i :radius of the solder pad region

. gradient of the linéxin radians

Step 3 Determine the intersect points of lingsand0d with the outer boundary of drill
hole as given ifEq. (52) and 63).

w i zZAIIO o

o i zZAIIO o

, ® 1 20ET v

& T o ' Vo
‘ w 1 zZOEl hw w

Where,

W heo @ intersect points of linéx, (x=1, 2)with the outer boundary of the drill

hole

i :radius of the drilhole
| . gradient of the linéxin radians

-
Figure 5.8 Intersection of line segmenis and0 (blue lines) with outer boundary of solder
pad (red dash circle) and outer boundary of-thdlle (green dash circle)
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Step 4:Defines the masking regidincovering the area defined by lines L and the pad
arc segment between intersect poinbs heo - and w ho ~and the drilihole

arc segment between intersect poies  hdy  and &  hd

Step 5 Extract the image of the adjoining solder pad region corresponding to detected
void insidethe drilkhole by masking the solder joint image region With

Figure 5.9depictsimages corresponding to key steps of the above algorithm.

Figure 5.9 Extracting adjoining solder pad region corresponding to detgcidd inside the
drill-hole region. (I) Detected voids and their adjoining solder pad regions. (Il) Region T. (lll)
Extracted image of the adjoining solder pad region

5.3.3 Verification of the availability of applied solder on ajoining solder pad region

In a solder joint with voids on the adjoininglder pad, there is a considerabtdour hue
difference betweethe solder pad (gold and tin plated) and solder in majority of the.cases
Even though, the RGB colour model rendered better outcongokplated solder pads

due to significant colour dissimilarity comparing to solder, experimental results showed

that the HSL coloumodel wa better suited for tiplated pads.
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The suitability of kmeans, FCM and mesashift colour clustering algorithmsvere
analysedto decide whether extracted regions contain voidsble 5.2illustrates the
average euclidean distance, average computation time and repeatability fpiatedd
and tinplated solder pads. These values are calculated using 200 differest jeaitl
images of sizet v 1 v for each pad types. As Meahift algorithm quantizes
available colors into minimum possible number of colour clusténeguclidean distance

for meanshift algorithmis not includedn Table 5.2

Table 5.2 Performancesvaluation of clustering algorithnfisr solder void confirmation
on adjoining solder pad to a detected void indrile region

Average Euclidean

Algorithm TPaoé Distance/units Averagt?mi?msputatlon Repeatability
yp Solder Pad Solder
Gold
317.5 422.2 35.28 97%
plated
k-means Tin
0,
plated 120.3 235.2 60.57 96%
Gold 3245 422.2 103.28 97.2%
plated
FCM Tin
118.5 235.4 159.28 96%
plated
Gold
Mean plated NA NA 209.51 96%
Shift Tin NA NA 188.72 95%
plated

FromTable 5.2 it can be seen thatrkeans and FCM provides similar average euclidean
distance. All three algorithms have similar values for repeatability. Bug&ns clustering
algorithm significantly outperforms FCM and mesinift in terms of computation time.
Sincethe computation time is a crucial parametethis application, kmeanwas chosen

as the clustering algorithm to find voids on the adjoining solder pad.

Once théefiltered-out images are colour clustered as illustratedrigure 5.10 they are
thresholdd against a predetermined threshold value (different threshold valu@saod

gold-platedsolder pads) that héieen computed experimentallyhen the resulted binary
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image is processed to compute the area of not soldered. Finakyzehef thecomputed

area is compared against an adaptive threshold value that depends on the size of the
adjoining padrefer Section 8.4.1)Table 5.3illustrates the successf(ilentification of

>95% of defective areagnd erroneous detection rdtdentification of <95% defective

area or falselyidentified regions)of the grapkcut algorithm with and without the
inspection of adjoining solder pad region, based on the results obtained over a sample of
200 solder jointsTable 5.3demonstrates thahe inspection of adjoining pad region of
thedetected void inside the drifiole, minimizes the erroneous detection rate significantly

(by 11%).Figure 5.11illustrates the results obtained over several solder joints using the
proposed algorithmThe adjoning pad verification is performed only for the detected
voids whose size is below 60% of the size of the correspondinghdi@lFor others, lte

entire solder pad is procesgeddetermine whether the defect is real or. not

Figure 5.10Resulted images from colour clustering algoritHorsadjoining solder pad
verification (a) Solder joint. (b) Adjoining solder pad areas corresponding to detected voids. (c)
Colour transformed image. (@olour clustered image
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Table 5.3 Successful and Erroneous detection rate of void detection algorithm inside
drill-hole region of the solder joint

Successful
. Detection Rate on Err_oneous
Algorithm defective solder Detection Ratt_a on
" good solder joirts.
joints
Implemented algorithm without
the inspection of adjoining solde 100% 12%
pad region
Implemented algorithm with the
inspection of adjoining solder pa 100% 1%
region

Figure 5.11 Detected voids inside thirill-hole region of a solder jointsing the proposed

algorithm (a) Binary image from the grajmut algorithm. (b) Detected voids inside dtithle
region. (c) Positively detected voids inside the drdle region after the inspection of adjoining
solder pad region
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5.4 Identification of Not Soldered Areas across the Solder Pad Region of a Solder
Joint

Solder voids on solder pad region as showFigure 5.1(c) are created due to insufficient
solder feeding, low tip temperature and poor tip conditions. If the AOI system does not
identify any voids inside the drdhole region, then it inspects voids on the solder pad
region as depicted in FRige 1.1. This setion describes the implementation of the
algorithms that can be effectively used to identify voids on the solder pad. As this defect
exists only on the solder pad region, the solder pad region is filtered out by defining a
binary masking image usirige pproximated drillhole regiorn(refer Chapter 4) andAD
data(for the dimensions of solder paid)y creating a ROI as depictedkigure 5.12

Figure 5.12Image size reduction for solder void detectiorsoler pad. (a) Solder joint. (b)
Binary masking image. (c) ROI
Although the colour hue difference between gold plated solder pad and solder in Section
5.3 was taken into accouim determining adjoining solder pad is a void or not, when
checking for void on the solder pad, the colour hue is severely affected by uneven
illumination distribution, shadows on the solder joamid solder padxidizations during
PCB storagéseeFigure 5.13. In order to minimize the effect due to these imperfections,

following algorithm is proposed.
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(@) (b) ()

Figure 5.13Imperfections on solder pad regions marked in red boundary. (a) Uneven
illumination. (b) Shadows. (c) Oxidizations

Voids on solder pad detection algorithm

Step 1:Segmentshe solder pad region into set of componénising the grapicut based

image segmentation algorithm described in Sech@rl (SeeFigure 5.14and Figure
5.15(1) for an illustration.)

(@) (b)

Figure 5.14Imagesegmentation using grajgut algorithm (Blue highlighted regions represents
the segmented regions). (a) Solder joint. (b) Segmented regions
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Step 2:Find the number of vertice® § the average MST of the graph corresponding to
0 0 @O "Y"Y and binary predicat®¥ 6 for each componert N 6. UseEq.(54) and
(55) for gold plated andin-platedpads respectively for determinifg 6 . Remove all

components where binary predicate is true. Segere 5.1511).)

01 APs Y Y 0 w0 "YY
Qo dE @i v Qi Q

v 8 01 BAPs Y O wOYY Y v L
QOAE i v Qi Q

Where,
"Y : User defined threshold value for the number of vertices inside a @iven

"Y and”Y : User defined upper threshold value for average MST value of a@ifen

gold plated andin-platedpads respectely

Step 3:Find a set of RQof the input image by obtaining the bounding box covering the

area contained by all vertices of each compodent6. (SeeFigure 5.1511).)

Step 4: Transform each ROI of the input image using modified versionlgt kcolour
model described i€hapter Zor gold plated solder pads aktSL colour model for tin
plated solder padSeeFigure 5.15]ll). Cluster each ROI using-keans colour clustering
algorithm,SeeFigure 5.151V).

Step 5:1dentify defective regions bygomparing the hue value of each cluster against user
defined upper and lower threshold§eg Figure 5.15(V).) (Note: Upper & lower
thresholds are different for geflatedand tinplated solder pads and defective regions
are within the thresholds.Jigure 5.15(VI) illustrates the identified void areas on the

solder pad after executing above algorithm.
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Removed in Step

i

Removed in Step

Ii

Removed in Step

i

Removed in Step 5
Removed in Step 5 Removed in Step
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(V1)

Figure 5.15Step wise illustratiomf proposed algorithm foraid detection on solder pads. (1)
Segmented regionsStep 1. (II) ROI corresponding to segmented regioBteps 2 & 3. (111)
Colour transformed imagesStep4. (IV) ldentified defective regionsStep 5 & 6. (V)
Identified voids on the solder pad regioBtep 7 (VI) Identified void regions shown by red
boundaries
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In Step 1, grapleut algorithmis usedto segment the input image using RGB colour
model. Further in Step 4ikeans clustering algorithis usedtogether withmodified
version of Ll2ls colour model for gold plated solder pads &ifsll colour model for tin
plated solder pads respectively. Thigproach is used to minimize the possibility of
segmenting highly illuminated bare solder pad and soldered area into one defective region.
To reinforcethis concept, the successfgbentifies >95% of defective regionsind
erroneous detection percenta@®5% of defective regions or false detectioo$)the
proposed algorithm with the grajglit based segmentation algorithm anch&ans colour
clusteringwere evaluatedsing a sample of 300 solder joints. The results are tabulated in
Table 5.4and some sample images of the successful void detection are depl€igatéen
5.16

Table 5.4 Successful and erroneous detection rate in identifying voids inside the solder
pad region of a solder joint over geidatedand tinplated solder pads

Applied Method

ngfr Detection Rate iny Only with Combination of_ graph-
T with k-  Graph-cut based cut based algorithm and
ype )
means algorithm k-means
Successful detection  52% 81% 100%
rate over defective
Gold solder joints
Plated Erroneous detection 49% 55% <1%
rate over good solder
joints
Successful detection  41% 73% 100%
rate over defective
Tin- solder joints
Plated Erroneous detection 85% 65% 2.8%
rate over good solder
joints

In one of thepublicationsmade on this research statement haseen madé¢hat the RGI
colour model can be effectively used for the void identification oplated solder pads.

However, further analysis showed that the application of HSL colour model can render
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better outcome than the RGI colour model over the vgrgppearance of tiplated solder

pad surface.

0]

(1

Figure 5.16 Detection of voids otin and gold platedolder pad regian (a) Solder joint. (b)
Identified voids on (1) & (Il) gold plated solder pa@H) & (IV) tin plated solder pads

5.5 Computation of Solder Coverage on the Rd

In Institute for IPC standards, it is stated thateast 75% of solder landing area (solder
pad area) must be covered with solder paste for all IPC classes (IPC tlasslIlll) as

a guide line 15, 16]. The solder joints with voids inside the d#ilble region are treated
as bad solder joints (See bBig 1.1). Therefore, it is important to compute the solder

coverage on the solder pad area.

In order to calculate the solder coverage on the pad, first count the number of pixels in

each defective regiol as identified in Step 5 of voids on solder pad extraction algorithm.
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Then count the number of pixels in the solder pad regioMow thesolder coverage on
the pad’Ydcan be calculated Hyqg. (56).

YO 0 0 zZpmm L@

Figure 5.17depicts some outputs genehtey this computation.

| Void Area Percentage
=41.8%

Void Area Percentage
=69.6%

Figure 5.17 Evaluation on the solder coverdge the solder joints with detected voids on the
solder pads(a) Solder joint(b) Detected voids and the solder coverage percentage

5.6 Identification of Over Soldered Situation Applied on a Solder Joint

Excess solder on solder joint as showRigure 5.1(d) are created due to excessive solder
feeding, low tip temperature and pd@ conditions. Identification of excess solder on a
solder joint is more challenging comparing to the classification of defects identified in
previous sectiondAs describedr Chapter 4the difference of light distribution between

a good solder joint and a joint with excess solder is the only significant property that can

be used to determine the amount of solder applied. In order to use this property effectively,
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it is vital to use a alour model that is capable of mapping lightness of a given image into
a main colour channel. Hence, HSV and HSL colour models are suitable candidates.

Colour transformed images for a good and excess solder joint are depi€igaren5.18

In Figure 5.18it can be seen that the most significant colour difference between the highly
illuminated regions and the rest of the areas inside the solder joint is seen in HSL colour
model. Hence, the following algorithm is usedhis application to detect excesslder

on a solder joint.

V)

(In

Figure 5.18 Colour transformation from RGB to HSL and RGB to HSV colour mofibelthe
classification of excess sold€a) Solder joint. (b) RGB to HSL. (c) RGB to HSV. (I) Good
joint. (1) Defective joint

Excess solder detection algorithm

Step 1:Transform colar space from RGB to HSL. (S&dgure 5.18b)).

Step 2:Cluster the transformed image usingneans colour clustering algorithm. Then
generates the binary ima@® against aiser defined hue threshol&deFigure 5.1911)
and (11)).

Step 3: Find each connected regi@n in 'O and add them to a sét  where

6 N6
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Step 4:Find the largest connected regdn in® . Then compare the percentage
of the area contained by inside the solder joint against a user defined threshold

value. If the result is true then define the solder joint as good, unless go to Step 5.

Step 5:Check whether the location 6f  exists inside the location of component lead.

If the result is true, then define the solder joint as good. Unless finds the second largest

connected regiod ino and go to Step 6.

Step 6:Make a copy ofO (‘O . Thenassigno as the desired connected region
5

Step 7:Remove all other connected regions@ that are not contained ity . (See

Figure 5.191V).)

Step 8: Find horizontal boundary pixel sét g6 and vertical boundary pixel set

0 g6 ind usingEq. (57) and 69).

V) 86

0 & pho ™m0 o pho ™ QO Q) ahw Ccuowd 46
“Had) 0N QL 0o AN 6 4 L X
0 &6

0 oo p ™0 4w p T Q Oy ahw cuwed 46
“Had) 0N QL 0o AN 6 4 vy
Step 9: Find boundary pixel sei 20 by selecting distinct vertices im g0

and0 g6 . (SeeFigure 5.19V).)

Step 10:Compute the line segmeitt that connects center point of the lead top region

and center point of the bounding boxtof . (SeeFigure 5.19VI).)

Step 11:Find outer boundary pixefs cfwo within a user defined cone angle centered
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to line segmend . Then determie the distanc® , between the outer boundary

pixelsry afwdo and the center point of the lead top. (Segure 5.20)

Step 12:Compute average distance differef@e between each outer boundary pixel
N ofwo with solder pad radius . Classify the solder joint by comparii@  with respect
to user defined upper and lower threshéMsand™Y as Good, Bad or Undefined using
Eq.(59).

"0¢ 'O Y

YO o YEQQONEYQ QO Y VW

6 ORO Y
I f classification is either 6Gooddé or o0Bad
Step 13: Assign 0 as the desired connected region . Remove all other

connected regions that are not containedby in ‘O  and repeat steps-812. If

classification is o6Undefined?d, alarm for n
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(I

(D)

(V)

V)

(V1)

(@) (b)

Figure 5.19Boundary detection of segmented illuminated regions of a good (a) and excess
soldered (b) solder joints. (I) Solder joint. (II) Colour clustered image. (lll) Thresholded image.
(IV) Filtered out largest contour area. (V) Detected boundary points. (W& $&gmend
(blue colour)
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Figure 5.20 Selection of bundary pixels within the offset angle marked by red dash lines.
Pink and green dots show the inner and outer boundary pixels insigspectively

In Step 4, the largest connected regmselectecand comparg its size against a user
defined threshold. This is because, when the solder joint contains an ideal shape, it has a
better reflection of light towards the camera which is being held on tihye gblder joint
(SeeFigure 5.2).

GOOD

@) (b) ] (©

Figure 5.21 Comparison of theize of the connected regiamside the resulted binary image
with respect to shape of the solder jdmtexcess solder detectiof@) Soldejoint. (b) Resulted
binary image after the thresholding. (c) Cross section of a solder joint
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In Step 5, the locations of and the lead topre comparedThis is because, the top
of the component lead holds a significant probability of bélaginated than other areas

of the solder joint.

In Steps 10 11, line segmend that connects center point of the lead top region and
centre point of bounding box af Is computedand then defines a cone angle

centred to line segmen  (The magnitude of depends on the size of the lead top).

This is because, it could be observed that the light distribution across the solder joint
mainly spreads along a line that connects image centre and centre of the component lead.
The reslis acquired using a sample of 300 solder joints are tabulatédbile 5.5and

some sample images of the successful excess solder detection are depigiae i5.22

It could be observed that erroneous detection of excess solder was due to poor

illumination.

Table 5.5 Successful and erroneous detection rate of proposed algorithm for the
detection of excess solder on a solder joint

Successful Detection Rate on soldered Erroneous Detection Rate on good
joints with excess solder solder joints
94.2% 5.8%
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Figure 5.22 Connected regions and outer boundary pixels for excess solder detection. (a) Solder
joint. (b) Outer and inner boundary pixels of the connected regions (green) and the solder joint
boundary(red)
The implementation of algorithms that can be used to precisely identify four major types
of soldering defects inside a THT solder jolrdve been described in ChapterThe
robustness and accuracy of each algorithm have been tested under VYananation
conditionsandpractical imperfections like applied flux, burnt flux residues, illuminated
PCB tracksandshadows. According to the analysis results present€thapters 25, the
implementedAOI system provides a very precise and robust platform to classify quality

of THT solder joints.Figure 5.23illustrates few examples that present the overall
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functionality of the implemented AOI system which operates according to flow chart
depicted in Fgure 1.1.

Figure 5.23 Performance of the AOI systefior solder quality classificatior{a) Solder pad
region and detected THT component lead top shown in red box. (b) Localized THT component
lead top after solderinghown in red box. (c) Identified defects shown in red box

In manual soldering, usually 8 seconds is allowed for a THT joint and on the average of 6
seconds is needed for quality inspection. Hence, the robotic soldering system with AOI

should complete the soldering and quality inspection within 14 sec®hdsandysis
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which was carriedh this researchshows that the average positioning and soldering time
needed for robotic soldering system is around 8 seconds. Therefore, the automatic quality
inspection must be carried out within 6 seconds. The current implateendf thevision
system from solder pad segmentatjomeal time position calibration, component
availability verification, lead localization amphiality classificatiorconsumed2 seconds.

The largest processing time is acquired by the graphbased mage segmentation
algorithm. However, the operation of this algorithm can be made at3é¢mses faster

than the current speed by implementing it on a powerful Graphical Processing Unit (GPU)
Further, in some critical applications it is necessaryeatidy the fillet angle of the solder
joint. As the solder joint isspected in orthogonal view, the implemené€al system is

not capable of identifying the fillet anglé. detailed explanation is providexbout the
additional countermeasures taken ttvesome practical problems encountered during

the THT solderingsystem operation in Chapter 8.

In Chapters 25, a detailed overvievinas been presented how the implemented vision
system functions covering the entire soldering process carried out tdeairsp robotic
system. According to the results acquired during the implementation, it could be proved
that the implemented AOI system is a viable option to be integrated with a soldering
robotic systemThe application of CAD systeimas been discusséu several occasions

in the previous chapters. Chapten®rmatively presentthe implementation of the CAD

system, whicthas been integrated with the THT solderaygtem.
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6. Computer Aided Design Tool

PCBs are designed on specializgldctronic DesignAutomation (EDA) platforms like
Altium, Eagle, Mentor etc. or CAD systems like AutoCAD, Solid works etc. Each of these
systems outputs PCB fabrication data formatted into a specific f¢@A®R File) that is
unique to a particular systefhis datas generally used for thabrication of a PCB. A

CAD file contains all the necessary information to manage the manufacturing process of
a particular PCBeffectively like component orientationassemblinglayer, physical
dimensions of amponeng and their pds, netlist informatigriocations of test pads, vias

and mounting holesThis information can be easily used by an automated system to
provide anefficient service than a manual workdmerefore, the extraction of these
details is very useful forreaubmated system likthe developegystemin thisresearch

6.1 CAD System Implementation

Different EDA and CAD systems produce different types of CAD file formats like
Cadence, Cadif, Gencad, PADS;CRd etc. Even thougkome CAD systems are
commercially available they are application specific as@hnot provide all the
informationrequired bythis applicationlike solder pad/hole dimensiowjidth of PCB
tracks easy selection of components to be solddnexttly on the @I and the heights of
nearby component®ne of the core concepts in this design is to have a skill independent
operation. Hence sudBAD systems require expertise knowledgeopération, they are

not suitable for this applicatiofhe developed CAD systepmovides

Easy selection of the components to be soldered through an intefactive

Efficient orientation adjustment of the PCB without repeated teaching of locations
Automatic extraction of physical parametersolder pad$or the AOl operation
Automatic computation of prheat time based on PCB track width and pad size

Easydefinition of fiducial pointdrom multiple options like vias, pads,.. etc.

= =4 4 A4 -4 -

Automatic calculation of amount oblkler for asolder pad based on its size
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1 Automatic definitionof soldering iron touching directiofor a solder padased
onthe heights oheighbouring objects

Figure 6.1lillustrates the structure of the developed CAD system.

Create New Programme

v

Select the solder pad caloand PCB surface calo

v

Select the PCB placement direction & access sid

v

Definethe PCB fiducial points

v

Fiducial
Count ¢

v

Start the selection ¢fiecomponents to be soldered

Component count p &&
Is Selection Completéd

*Yes

Extract the physical parameters of the selected compbsne
padsand the width o€onnected PCBacks

v

Generate the programme for the solder pads of the select
components to be used by the AOI and robotic system

Figure 6.1 Structure of the implemented CAD tool

This CAD system providean elegant GUthat makes the system skill independent as
illustrated inFigure 62. Figure 6.3 illustrates how the geometrical information of a

component pin is formatted in this CAD system
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Legend Description

A The extracted information related to each component on the (RC&ions and
physical dimensions of THT component pads,vias, test points, mechanical ho
width of connected PCB tracks)

B The main graphical visualization areatlcontains the drawn PCB
C The aredor PCB orientation definition
D The area that facilitates the user to switch between different layers of the PCE
Figure 6.2 GUI of the implemented CAD tool
PINY:{X=667 8568, Y=641.7428)'THT 2,00 P1.00"1"Round 2.00"ROUND-CIRCLE-[i=667 8568, =641 T128)7 48714;
- PINZ{X=743 9116, Y=641.7128)'THT 2.00 P1.00"1;"Round 2.00"-ROUND-CIRCLE:Di=743.9116, Y=641.T128).7 485714;
| ] I 1 ]
\[ \L J\ \L I\_\I_l\ \[ J
| | | | |
A B C D E
Legend Description
A Componentype (Whether SMD or THT component)
B Pin designator and its actual location
C The description is given in the format <Pad Type#ctual Pad DiametersP<Actual
Dril-Hol e Di ameter >0. Amm the di mensi on
D Pad geometric type. It means whethés circular, ellipsoidal or rectangularhe
notationn Round 2. 000. I't means this pad
E Summary of the information provided in A, B, C and D. Here the dimensions are
denotedn number of pixels

Figure 6.3 The formatted geometrical information related to the pins of a particular component
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The PCB is upscaled or downscaled based on its dimensions in a way that fit to the
visualization aredhéeodBbdboriae, Fi aerkEi a3 iionn
number of pixels, not itmm. Figure 6.4 illustrates few examples of PCB assembling
layouts.Blue colaur circlesdenotethe THT solder padsThis featureprovides aclear

pictureto the user about the actual locations of the THT compoaedtthei orientations.

Hence, it eliminates the requirement of tleal PCB to develop the programme for
solderingThe region 6C6 in Figure 6.2 allows wu
Figure 6.5 illustrates the alternated orientations of the PCBs simokigure 6.4 Figure
6.6illustrates the several layerstbe PCB illustrated ifrigure 6.4(b).

(@)

(b)

Figure 6.4 Drawn PCB layout on the CAD system GUI based on the information acquired from
the respective CAD file
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