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From Al to Computer Vision

Artificial intelligence:Thescientific field which studies how to create computers and
computer software that areapableof intelligent behavior, using Sensing, Perception,
Knowledge, Reasoning and Learning.

MachinelLearning:Thescientific discipline studyingow to constructs algorithm that can
learn from and make predictions odata, for gettingcomputers to act without being explicitl
programmed.

DeeplLearning:A branch of Machine Learninigr modeling and implementing deep neural
network architectures and algorithms.

Pattern Recognition Thescientific discipline studying how to classify or recognize pattern
and observed data using a prikmowledge, statistical information and learning

ComputerVision:the scientific discipline studyinigow to perceive and understand the worlg
through visual data by computers.
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Andrelated applications

e.g. Videesurveillance,
Medical ImagingMachine
Vision Automotive,
Biometrics Building
Automation Smart Cities
Industry4.0, Digitalhumanity,
Bigdataanalytics, Remote
{SyaAry3ax



From Computer Vision to Machine Vision

ComputerVision:the scientific discipline studyinigow to perceive and understand the world A ¢heoretica)
through visual data by computers. Computer Science and

‘ Engineeringliscipline

Machine Visionthe engineering field studying how to buitdmputer visionbasedsystems,
services and solutions, typically for industrial environment.

Machine visionfundamentals:

- Constrainecenvironment

- Speedbasedand Reatime solutions
(W. r.t. actionsto dO) Courtesyof ABCON Uk

- Definedprecisiorirecalland
performance

- LowCostdesign and production

- Standardization




Why it issoimportant? The Market

The market for computer vision technologies will grow from
$5.7 billion in 2014 to $33.3 billion by 2019, representing

CAGR of 42%

- ;
(O Tractica

Computer Vision Revenue by Vertical Market, World Markets: 2014-2019
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Themachine visiomarketsize is
estimated to grow fronUSD 8.08
billionin 2015 toUSD 12.49 billiony
2020, at an estimated CAGR of 9.19
from 2015 to 2020

3D Machine Vision MarkeGlobal
Forecast to 202@ays, the market is
expected to grow at a CAGR of
10.53% during the forecast period
between 2015 and 2020 driven by 3
machine vision technology is due to
its growing applications in the
automotive and electronics
industries

In "Automated Guided Vehicle
Market", the total market is expectec
to reach USD 2.81 Billion by 2022, ¢
a CAGR of 10.2%



AnOverviewof Machine Visiodimensions

An holisticview Vertical

of Machine Vision Domains
for industry

Applications Products

Web Sources

www.ukiva.org(UK Industrial VisioAssociatioi

www. lapr.org (Int. Associatiorfor PatternRecognitio
www.cvf.org(Computer Vision Foundation)
www.embeddedvision.com(Embedded VisioAlliancg
www.Visiononline.org commercial site
http://www.vision-systems.com/ commercial site

Machine Vision

Platforms
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http://www.ukiva.org/
http://www.ukiva.org/
http://www.iapr.org/
http://www.cvf.org/
http://www.embedded-vision.com/
http://www.visiononline.org/
http://www.vision-systems.com/

VerticalDomains

Enabling Embedded Vision

Vertical

Domains

Industrial Non-industrial
A Automotive
A ConsumekElectronics
A Electronics& Semiconductor

A Healthcare& Medicallmaging

A Prin tlng A POStaI &LogiStiCS 7 ADAS, Maine Vision, Surveillance, Drones, Medical, ProAV ...

A Metals A IntelligentTransportationSystem (ITS) Courteswf APEX http://apexcontrols.cc/
A Wood &Paper A Security &Surveillance =
A Eood A Agriculture

A Packaging A ConsumekElectronics

A Robotics A AutonomousCars

A Manufacturing A Smartcities

A Rubber& Plastics A Cultural Heritage

A Pharmaceutical A Education

A Glass A X

A Machinery

A Solar PandWlanufacturing

A ..




Products

Computer /Machine Visioproducts
- Generalpurposeproducts(Services)
- Customizefembeddedproducts(Systems)

Smartcameraswith own sw
CognexDatalogic, Matrox, NI, Vision
Components

Products

A Embeddedcustomsystems
A Smartcamerasbasedsolutions

A PGbasedMachinevision systems\6 e
martcameraswith third-party sw

A VisionAs A Serviceserviceson cloud Matrix Vision withMVTecHALCON,
Adlink Techwith HALCONAdaptive

Vision..

A Newsolutionsand new business model for software and comporsumppliers
A The effort is more and more in software



HW Components

HW

Component

USB 2.0

4.5 64
FireWire
ﬁlgﬁ 100 100 m
U.'SI'.;B 8 350 B
Hille 10 850 =

Cable | Bandwidth | i | caple | “Real- |“Plug &
Interface] length max. in camaral costs | time~ 1 piav

inm MB/s. 5 2 y
o~ 5 40 HE EH B B

A 3DCameras

A Cameras
A Sensortypes

A LEDLightings

A FrameGrabbers

A Selection®f characteristics
A Interface standards

\ 4

A SmartCameras

A CCD; CMOSCameras

A HighSpeedvideoCameras
A LineScanCameras

A IRCameras Detectors

A BarcodeScanners

A FrameRate (Area Scan and Line Scan} LowLightintensifiedCameras

A Format (25125 fps, >125 fps, <25 fps)

A X-RayCameras
A AnalogCameras
A Standardcameras

A Multispectral HyperspectraCameras

v

USB 2.0 | USB3 Vision | FireWireA | FireWireB | Gigk Vision | Camera Link
Bandwidth 50 MB/s 400 MB/s 50 MB/s 100 MB/s 125 MB/s 850 MB/s
e Cable Length 3m 3m 4,5m 10m 100 m 10m
I H m Gmen N/A | USB3Vision | IIDC(DCAM) | 11DC (DCAM) | GigE Vision | Camera Link
Standard
15 CPU Usage High Low Medium Medium Medium Low
= Cost Low oW Medium Medium Medium High
f = & Medium €
Power Over
| Cable Yes Yes Yes Yes Yes Yes

Camera Link
CoaXPress
FireWire

GigEVision (1.Z25bpg
USB 3.0 (&bpg

X




ComputingPlatforms
Platforms |:| £3

Unified GUI Unified API

GEN<I>CAM |D:]I

1. Acquisitiondevices

2. Cable and Camera Systérterfaces > g q M ?
3. Processingnits: et
A FPGAs

A DSPs Microcontrollers

A ARM-basedor embeddedprocessors Gortex! d Si¥apdragomeuralprocessor Qualcomm)
A GeneralPurposeMulti-cores many-cores (PGbasedsolutions

A GPUYNvidia)

A Cloudbasedand HPE to Exascaleomputing

"Processors for Embedded Vision: Technology and MarketTr ends o 2015 and 2016



Anexampleof3D Reconstruction Verydifferent computationakime.

A2D to 3Dfeature mappingO(Nx M x D)
A N: gquerykeypoints ( c.a. 2000/image)
A M : datasetkeypoints (in the order ofp T
A D: keypointsvectorsize(128 for SIFT)

256 x 10"computationsof MSR

@Z & a

NVIDIA.| openct

CUDA OPENCL
Proprietary Open source
No CPU support Supports OpenCL CPU devices
Works only on Nvidia GPU Cross Platform
More mature tools, including a Old €99 style programming,
debugger and a profiler moving now to C++ 1 1 and
Easier to use, lugh level C++14 standards. Native I,Ji -
programming low-level programming )
Data must be allocated and On Intel and AMD architecture

copied to GPU we can use zero-copy buffers | 3D Model




AnExample Timecomparison

CPU-time CUDA time OPENCLtime OPENCL (Zero Copyime Standard
30 min 104 sec 147 sec 11sec approach
1x Upto 17x Up to 12x Up to 166x
CPU-time CPUBOW- time BoWapproach
30 min 0.511 sec
1x Upto 3600x
Query Image 1° Search 2° Search
_ % —_" .-J o ©O o\
S = % o B \
TN o % o &y
—— o | ~~__0° «Low» computation
[ * e « High» Memory

Optimizing ImagRegistratiorfor Interactive Applications. AVR (2016)
GaspariniR., Alletto, S., Serra, G., Cucchiara, R. AVR (2016



AnExampleScenelabelingpn GPUs

(" FEATURE EXTRACTION = s T Y PIXEL-WISE CLASSIEICATION |
. pooling, ' - pooling, convol‘ution, ltycant W pcan
caonvolution activation convolution activation  activation o nyar NN e
o= = => => => s} \\? il

= 7 4 -0 O

0:::3-‘2 1 Q—+0 :0

el S W -

! \ T N[ N =N\
a 320 W r— 151 69 64 8
< > &
Intel Corei7 3720QM —
Xilinx Zynq ARM higheris
Qualcomm SD800 better

TegraKl (Teradeep)
TegraK1 (ours, direct)
TegraK1 (ours, MM)
GTX780
GTX780 (ours, direct)
GTX780 (ours, MM)
GTX780 (ours, MM, strm)
neuFlow, Xilinx Virtex 6
nn-X, XilinxZynq 7

0 5 10 15 20 25

80.6% accuracy 11 frame/s (320x240 @ 11W On NVIDIFegraK1

Thankdo L.CavigelliM. Magno,L.Benini, AcceleratingRealTime Embedded Scemabelingwith
ConvolutionaNetworks», DAC 2015
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An Examplesvith Xilinx

Computing System:
Camera Trap equipped XilinxZedboard
with Cellular ~400$ Running Linux!

¥ CNIN: ResNet8

o H _,= Machine Vision Interface

Design With Spartan.7 FPGA

Other Applications of Embedded Classifiers:
A Robotics and Drones = e
A Autonomous Cars T

A ccTv _ | B=
Wall-time comparison |

T Machine Vision System
Software I o'BE oy Design With Zynq. 70005 Ali Programmable SoC
= o AR tax™.AQ § fair o atastana Inioss o
SUPPON Mul rORf o=
TR = : ardware iiferentiabon d able |
" - ® InCreasa gesign productivity with SDSoC C
Hardware [l | 3.2 sec/ classification @ 4.7 Machin Vision Smart ame
b Design with Zynq-7000 All Programmable SoC
* Single-chip Zyng-based Integration of Image processng, yideo analytics. custom 1P and flexibie
0 10 20 30 40 50 I St o o 1

hod to implement a machine vision system

Thankgo Davide Rossi UNIBO Seconds per Classification -



Softwarecomponents

SW A Dataacquistioricompressiortools
@lglelelalcgit  Almage Processinghalysis
A3D Computer Vision
AMotion-basedComputer Vision
A PatternRecognitionand SatisticatbasedLearning
ADeepLearning
AGeneral Asolutions

A Algorithms
ALibraries
ATools
ADatasets




Softwarecomponents Libraries

A MVTecHALCON 2D and 3D vision, GPthPebased and embedded support , expensive

A MvT Merlic : simplified interfaces also for Mobile

A CognexVisionPro: oriented to robotic, easy interfacuickbuileder , bar codesw, limited in 3D
A Matrox Imaging

A National Instrument

A VisionServerAcceleretorfor Allen-BradleyPLCs

OpenSource
A OpenCVOpenSource Computer Vision Librarfnttp://opencv.org).
A Simple C\(http://simplecv.org) Sight Machine

A Darwin, an opensource platformindependent C++ framework for machine learning and computer vision Australian
National University (Canberra, Australia; www.anu.edu.au).

A Open Vision Contrglobject motion detectionkitp://openvisionc.sourceforge.ndt

AX ITyR Ftt tfA0& F2NJ YI OKAYS tSIFNYyAy3
A Standard machingisionlibariesare often not enough after the DLRevolution

http://www.jmakautomation.com/halcorvs-cognexvisionpro


http://opencv.org/
http://openvisionc.sourceforge.net/

Applications

Applications
AmazonPickingchallenge

Winner2016Delt Univeristy

No CAD MODHeepLearningrecognition

!

o |

New DeeplLearnedbased

solutions 2D/3D Robot

AVI Automatic i Manipulation
Visual (pickingand
Inspection stowing)

B 4

Automous
The Human | Guidanceand )
Factorand HMI|  Situation AutonomousGwdance
Awareness INn cars

UNIMORE, Dr(eye)ve
Modena Smart Area Maserati

Vision for HumasMachine
Interaction with Vehiclesand

Robots
Industrial AGV
(automaticGuided
UNIMORES Vehicle$ situation
POSEeidon awareness
Depthbased HAXIARegionaprojectfor egocentric [UNIMORE, Infolog2016]

deeplearning Vision inindustry



Quality Control and Inspection
Measurement



Severchallenged$or Machine Vision

1. Reaitime processing
lllumination
Acquistionissues

Selectionof features..

A color,

A shapes(Templatematching contourfilling.. Convexhole)
A texture, frequencybased( Gabor Wavelet, Furier..),

A keypoints Sift.  { dzNF X 0

A 3D building boxes

A ConvolutionaNNFeatures

5. Selectiorof suitableclassifiersand computevisiontasks
A BayesianSVMsKNNSs., DLarchitectures

6. Thelackof significant examplegegdefectivews non defectivetargets)
7. Theneedof find a newsolutionfor eachnew problem

> wn

Omographyfor inspection



Qualitylnspection AVI Systems

A AutomatedVisuallnspection
A Classicamachinevisionapproaches

Sensory
image
Image acquisition Figure 44- Example of image with the setup using 8 megapixel camera and adjusted level of itensay for
\l square LED mounted at an angle from the build

T R
:‘ ._“ ‘ " " 2 ‘.
Target ' I.um—lcfcl ';‘.';:'--. ._‘. Va A R
layer processing “:5’"‘-«, g’ ¢ o 4
3 2 '
s "y,
Ig ¢ Al ','o‘ e 4
SIS o ’ . -
o 0 A ST S
Jb"‘..‘ ¢ "_."’ o
Ty T A
Extract synthetic Feature | Defect Intermediate-level - e B -
\_.T_l *_1 databse| |~ processing
Detect geometric Defect detection | High-level

! m = l“ |l " processing

‘l:'t A ;. 'bl“l-.u'dl}—l“‘;&j

Thankgo M. AminzadehPhdDissertationn MechanicaEngineeringseorgialech2015




Qualitycontrol,inspection, measurement

The standard pipeline

Model
— Image processin{ Segmentatiorand detection H Fea].weextraction H Classificationidentification. b
Data
Productsare designed
for aclassspecificapplication
andoptimizedfor the specificcontext
3DHermaryLightScanner Matrox Imagingbasedapplemeasurement CogneXDataman503 UVbasedscanner AIS http//aisukltd.com/machinevisionsystems/




Vision and learning in quality inspection

A whenthe CAD moddk not necessary
AThedefectmodelis needed

A a VERY OLD story. 1995 BERCO,
AThinandstraigthcrackdetection

REJECT

Magneticfiel
agneticield —  \rescent u.v.

o @ 2o e

/gamerag\

*R. CucchiaraF.Filicori R.Andreetta"Detectingmicro cracksin ferromagneticmaterialwith automaticvisualinspectionin Proceeding®f the Intern Conf Quality
Control byArtificial+ A aA 2y v/ ! ¥ CNI yOS wmdbddp =
R.CucchiaraF.Filicori"TheVectorGradientHoughTransfornx IEEH ransaction®n Pattern Analysis and Machine Intelligence, 201.n.7, pp.746-751, 1998



http://imagelab.ing.unimore.it/imagelab/publicationSheet.asp?idpublication=47
http://imagelab.ing.unimore.it/imagelab/publicationSheet.asp?idpublication=20

Vision and learning in quality inspection

A Defectiveand nondefective industrialvorkpieces

ASIXRAFFSNBY

f SFNYyAy3

Ff 32NAGKYAaY

V Artificial Intelligence an attributevalue learner, C4.5,

V Pattern Recognition: hackpropagatiomeural network NeuralWorksPredict,

V Pattern Recognition: akearestneighbouralgorithm,

OAY QdyFuU

V Statistical analysis: 3 techniques, linear, logistic and quadratic discriminant.

Arule-based( ortree based classifiercapableof reasoningas

humansdo
Table 1. Average accuracies
Diserim | Logdisce | Quadisc | NN Predict | c4.5 tree 4.5 rules
CH 0.853 0.857 0.853 0.885 0.873 0.959 0.959
HI1 H2 | 0855 0.928 0.316 0.845 0.864 0.933 0.933

*R. CucchiaraP. Mello, M. Piccardi, Riguzzi «AnApplication of Machine Learning and

-




Modelbaseadvision productsandtoolsare onthe-shelf

AEg SIEMENS SIMATIC MV 440

APatGeniu$ object recognition license, SIMATIC MV4gobject recognitiorposition
detection, counting etg readinglD bar codes and 2D matordes, textecognition,to
check the position of a label and check the inscription (reading and comparing) of plair
text in an image field

A 2500 checks/min
A the object CAD model is required e
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Nowadaysthey are commerciatools

V Machinevisionin constrainedscenario
V Structuredlight,

V Mainlymodelbased

V Image processing andeasurement ! Xray ri(ﬁrlloqualité contaminanti.
V 2D and 3eometry e

A NOW commerciabols.

AThankgo VISIONEsrl
AUNIMORE spinff

P ) 038/323 £r o@D [ 3



Nowimprovedin 3D (2010) |

Automated Surface Deformations Detection
and Marking on Automotive Body Panels

Valentin Borsu, Arjun Yogeswaran, and Pierre Payeur

Q. &

Deformation
Door Handle

(a)



