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DEEP1.EARNING 1/4

ADeep learning(also known as deep structured learning) is part of a
broader family of machine learning methodsbased on artificial
neural networks with representation learning. Learning can be
supervised, semsupervisedor unsupervised(Wikipedia)
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DEEP1.EARNING 2/4

ADeep learning architectures such dsep neural networks deep
belief networks recurrent neural networksand convolutional neural
networks. (Wikipedia)
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DEEP1.EARNING 3/4

ADeep Learning haveeen applied to fieldghcluding
AComputer vision.
ASpeech and audio recognition.
ANaturallanguageprocessing
ABioinformatics drugdesign andnedical imagenalysis.
AMaterial inspectionand
ABoardgameprograms.

It has producedesults comparable to and in some cases
surpassing huimanxexpert performance.
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DEEP 1LEARNING 4/4

NATURAL LANGUAGE
PROCESSING (NLP)

COMPUTER VISION

Presentation Focus

DEEP LEARNING
APPLICATIONS
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COMPUTER S\I/(IB] G)/I\]OlllO

AObiject Detectionis one of the
fundamental problems in computer
vision.

ADeep Learning have emerged as
powerful strategy for learning

feature representationdirectly from
data.

ARemarkabldreakthrough in the
fleld of Generic Object Detection

TRANSPORT
war- MEN ——

e @ o XD
www.TransportMen.com www.FerasNaser.con




COMPUTERVISION®2/10

AObjective of object detectiorOl y 6 S & U I UirStBncdoll &
any object for given categoriesto return the spatiaf 2 Ol G A 2 YV €

AUnderstandingcomputer vision and object detection High Level
Vision tasks such &egmentation scene understandingobject
tracking, image captioningevent detectionand activity
recognition

*DeepLearningforGenericObjectDetectioBuyvey( Li Liuget al).
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COMPUTERVISION@/10

AMany Applications including:
ARobot Visiorrelated to have dully automated maintenance.
AConsumer electronics
ASecurity.

A Autonomous driving ¢Highly relevant to transport and railways, specially
maintenance equipment's.

AHuman Computer interaction
A Content based image retrieval.
Alntelligencevideo surveillance
AAugmented Reality.
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COMPUTER VISION 4/10

AObiject Detection can be either
A Detection of specific instance.
ADetection of broad categoriesGeneric object de

AThe detection can happen through
AA bounding box
A Segmentatioomask
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COMPUTERVISION®/10

AThe research community is moving from
Almage Level Object Classification
A Single Object Localization
AGeneric Object Detection
A Pixelwiseobject segmentation.

ATheFocus is on the following:

A Classification (There is a dog)
ADetection (Where is the dog)
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COMPUTERVISION®/10

AHighQuality/AccuracyWSHigh Efficiency
(Algorithm Tradeoffs)

AAccuracyrelated challenges AEfficiency

A Vast Range of intralass variations A The need to localize and recognize,
A 1- intrinsic factors computational complexity growing with

. . (possibly large) number of objects
A 2-image conditions categories.
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COMPUTERVISION®/10

AA typical CNN has ahierarchical structureand is composed of a
number of layerso learnrepresentation data

A

ABetween aninput feature map convolved with a2D convolutional
Kernel

AFinally Pooling corresponds to the down samplimgampling of
feature maps.
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COMPUTERNVISION®©/10
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COMPUTER VISION 10/10

ADCNNSs have number of outstanding advantages

AThe capacity téearn very complex functioa andlearning feature
representation. Witminimum domain knowledge

ADeficiencies

A There is an extreme need fabeled training dataand requirement of expensive
computing resources.

A Considerable skill and experience are still needed to select appropriate learning
parameters(This is getting less important with AUTOML and Hyper parameters)

A Explainbilityis till an issue.
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OBJECT

Efficient Subwindow Search

Region Covariance

DETECTION 1/7

RCHNN ResNet

{Lampert et al’) (Girshick erat) (Heeal)

Improved FV

( Perronnin et al.)

| Teezel er al ) —
(Huang et al) E
SIFT Cascades HOG DPFM DCNN AlexMet i ;
(Lowe) (Fiola and Jones) (Dalal and Trggd)  (Felens=wall et al ) (Krizhevsky et al) {Sii =
e
=3
=
o s
HOG-LBP  Selective Search MS COCO E
Sivic and Fiszserman Wang er al.) { Fan de Sande et al. :
{ Y (Lazebnik et al (Wang i I e L2

A {Rz:rﬂ Crirshick) M.ast RCMMN

PASCAL ImageMet OverFea 4' (He er al)

SURF WO {.'_l'emmnere.r ﬂIF] .
, aster
Byl [ Ren et al.)
Fig. 4 Milestones of object detection and recognition. including feature representations | |. detection

frameworks | |. and datasets |

with the drvrl-:q;mi:-nt of DCNNs for image clas .l:ilir_'aliun.h:.' Krizhevsky er al |

|. The time period up to 2012 is dummutrrl by hundr_rul'trrl fi:d.ll.lrt'\ a lrdm]llun took place in 2012

], with methods after 2012 dominated by related deep networks. Mostof the

listed methods are highly cited and won a major ICCY or CVPR prize. See Section 2.3 for details.
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OBJECTDETECTION 2/7

AThe aim is talesign efficientand (o e ol e, il

shaps atc.

effective detector, with small |- Ot s g

CO m p Utati O n al COSt . F{pﬂn;:aiﬁi 1 :;:mg:&g;:lﬁgj;ﬂ%ﬂ

occhuipn, shading, chutter,

lrlur, motion, weather condition
. High Accoracy o « Image noise
= Lpcalization Acc. £.5 Imaging noiss, filter distartions,
= Pecoznition Acc. % Compres:ion noise

+ Imtercls biguiti
| High { nterclazs ambiguities

AThere are Two categories of
detectors: ldeal | ol | Tooends v ordabect s

ATwo Stage Detection Frameworks e Ety {: Requiring lcalizng and recognizing obiect:
. . = LIEMOTY BIOCIEOCY | » Large nomber of possible locations of objects
(Including a prepossessing step) ‘» Storage EERciancy | Large-seale imagevidea dats |

Fig. 6 Taxonomy of challenges in generic object detection.

AOne Stage Detection Framework.
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OBJECT DETECTION 3/7

ATWO/MULTI STAGE DETECTORS:
Alt has started with RCNN

AFurtherDevelopment
ASPPNet
AFastRCNN; has managed to speed up the detection process
AFaster RCNNs

AThere was a challenge fogion based fully convolutional Neural
Networks)

AMask RCNMas developed to tackle object instance segmentation.
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JECT DETECTION 4/7
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OBJECT DETECTION 5/7

ASINGLE STAGE DETECTORS:
Alt has all started with a model callederfeat

AFurther models were developed including

AYolo.
A Small sets of candidate regions.
A Fast by Design running at 45 FPS.
A Fast Yolo has achieved 155 FPS.

ASSD.

A Achieves 74.3%APat 59 FPS.
A Please note Yolo45 achieves 6B1APat 45 FPS. (VOC2007 dataset)
A Please note RCNN achieves 73m8@at 7 FPS. (VOC2007 dataset)

A CronerNet
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JECT DETECTION 6/7
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OBJECT DETECTION 7/7

APerformanceMertics:-

AThree Evaluating Criteria
ADetection Speed Frames Per Second (FPS)
APrecision- Average Precision (AP)
ARecallc Avery Precision (AP)

AAverage precision is computed separately for each object class based
on Precision and Recall.
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RAILWAY APPLICATIONS 1/15

ARailway Applications Using Computer Vision has focused on the
followings aspects:
AFastnersnspection. (High Quality Camera).
A Obstacle detection.
ADailyEntrance and ExRassengeFlow ofRail.

ARall

Surface Defects.

A Satellite and UAV images detection.

| wanted to have a feeling on what doagjeneric object detection algorithms
see indifferent railway environments | applied (YOLO, SSD and MASK RCNN)

AYO

ITUBE LINK
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RAILWAY APPLICATIONS 2/15

~ https://lyoutu.be/qHmFcuurvOo

= {"* WESTERN RAILWAYS
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RAILWAY APPLICATIONS 3/15

https://youtu.be/quFcuurvOo
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RAILWAY APPLICATIONS 4/15
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RAILWAY APPLICATIONS 5/15

https://youtu.be/qHmFcuurvOo

skgteboard: 0.6447

MAINTENANCE OPERATION
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RAILWAY APPLICATIONS 6/15

https://youtu.be/qHmFcuurvOo
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RAILWAY APPLICATIONS 7/15

https://youtu.be/qHmFcuurvOo

WELDING OPERATION
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RAILWAY APPLICATIONS 8/15

39.71%

GOLDEN OPPORTUNITY &

A Compulsory Masks and Gloves while using Public TranspORPORTUNITY)

* Adrian ofPyimageResearch.
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RAILWAY APPLICATIONS 8/15

Country by country: how coronavirus case trajectories compare

No masks - ..

@jperla

ACompulsory Masks and Gloves while using Public Transport!!

*Google Images.
www.TransportMen.com www.FerasNaser.con



RAILWAY APPLICATIONS 9/15

AMachine Learning Challenges:

ASmall Data
A Data Distribution.

A Generalization and Robustnes$roduction Systems.

A A Model that works well according to a published paper often does not work in a
production setting.

A Human in the Loop
A Technical Solutions.

AThere is a huge gap between ML Model and ML System.

AChangeManagement.
TRANSPORT
= MEN
B W o X IB | *Andrew Ng, Video conferencing Presentation.
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RAILWAY APPLICATIONS 10/15

Al Model

JRAEEEOET ARequirements for a Production ML SYSTEM. (Andrew Ng @Q‘:

B W o X IB | *Andrew Ng, Video conferencing Presentation.
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RAILWAY APPLICATIONS 11/15

ARailway Surface Defects:

AThis is a project that was done in collaboratio
betweenSBB and CSENAIl Images in this
section are from this project).

A Railway Surface Defect Fault Classification

A This is not a generic railway environment object Sk
detection!!

AThey have faced the following problems in Fz
Classification:
A Very little training data
A Fault Categories: Reduced from 20 to 4
A Expert Opinion can vary.
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RAILWAY APPLICATIONS 12/15

ADetection Results were:
AJoint 99%.

AWeld 57%
ASurface Defect 65%.

ANo Training Data was for Squat
and Wheel Slip, so it was not
detected!!.
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RAILWAY APPLICATIONS 13/15

Aln Another Study that was focused on Rolling Contact Fatigue:
Altgl & 02y Of dZRSR a¢KS AYyQdSauAILuAzy
2y I ONRAaaAy3d y248S8 RdNAy3I | FTNRIQA
GA2Y (2

AAIYAUOlIYUG auluAauArOmE NBE G

AThis why I think a generic object detection will help in identifying
relationships between different objects in the image. (Future)

* Prediction of Rail Contact Fatigue on Crossings Using Image Processing and Machine Me#drath¢Sysyn
et al).
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RAILWAY APPLICATIONS 14/15

AAnother study was focusing on welding:

AGTheLINR LI2 8 SR YSGK2R adz
the weld bead edges with maximum errors of »
10.96LJA ESf & ¢

AAgain Thisis not ageneric objectdetection and
this why | think generic object detectiowill
help invarious aspects. (Future)

TRA m EEORT *Computer Vision System for Weld Bead Analy&imréset al)
B A e S

R g \
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RAILWAY APPLICATIONS 15/15

A In Conclusion:

A Generic Object detection in railway environment researdiiis
In it is early stages

A Deep Learning developmentdsceleratingn unprecedented
way.

A Data is there butnore data is needed.

A If Railways will move to the world of Al, they have to invest in
deep learning, computer vision and object detection.

A Our Contribution:

A Introduction of severajeneric object detection models the
railway environment.

A We have also developddspectroa hand held inspection device
thattcan be utilized as data collection platform across many
sectors

A We have identified %c_)lde_n opportunity during COVID19,
MASK detection. (This will push both privacy and machine
learning research)
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DATA 1/2

ADeep Learning have shown the need for
labeled datain order for models to work to an
acceptable level of accuracy.

A The great breakthroughs that have happened i &
In deep learning creates new areas of researc Sﬁ\{ﬂ
including: g

APrivacy, ethics and policy.
ANew Deep Learning Models.
AProduction Machine Learning systems.
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DATA 2/2

Alt was fundamentally believed thatailways have
enough data, that is hanging in their and waiting
to be analyzed.

Al believe there is great development in Dee
Learning that can help in thenalysis of old data.

ABut also | think there is an emergent need for mo
comprehensive, smart innovative and labeled da
collection tools that people will find intrinsic value
In those tools
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NLP 1/10

ANatural language processing (NLR3 a subfield of linguistics,
computer science, information engineering, and artificial intelligence
concerned with the interactions between computers and human
(natural) languages, In particular how to program computers to
process and analyze large amounts of natural languagéa
(Wikipedia).

AWe did not do a comprehensive literature review of the progress of
NLP, but we are excited about some of the recent Development
specificalyBERT.
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NLP 2/10

ABidirectional Encoder Representations from Transformers (BER@)
technigue for NLP (Natural Language Processing)-trai@ng
developed by Google. BERT was created and published in 2018 by
Jacob Devlin and his colleagues from Gao@leogle is leveraging
BERT to better understand user searches

AThe originalEnglishlanguage BERT modaked two corpora in pre
training: BookCorpug800 Million Wordsjand EnglishWikipedia (2.5
Billion Words)
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NLP 3/10

AWhen BERT Was pu bli Shed, it aChieV o} SuperGLUE iPaper () Code & Tasks iFAQi'[Diagnosticsd‘Submit %) Login
state-of-the-art performance on a number
of natural language understanding tasks

Rank Name Model URL  Score ColA SST2 MRPC STS'B  QCPMNLWm MNLHmm QML RTE WAL AX

+ T PING-AN Omni-Sintic ALBERT + DAAF + NAS N6 785 972 9400920 930/924 761/910 916 913 91§ 917 945 612

AG L U E (.G e n e ral L an g u ag .e . U n d e rStan d i r 1 ERNIE Team- Baidu ERNIE [:/;‘ 04 744 075 935914 930/926 752909 914 910 %86 909 45 517
Eval u atl O n) taS k Set (CO n S I Stl n g Of 9 taS kS‘ + 3 Allbaba DAMONLP SiructBERT [:),' N3 753 971 939/919 930/925 7480910 %09 %07 %4 N2 WH 4]

8 S Q E D ( S t f d Q t- E . 4 T5Team-Google TS [:/pl 03 718 975 9280904 931/928 7510806 922 919 %89 28 W5 A1
- 5 Microsoft D365 Al & MSR AI& GATECH MFONN-SMART [:/;' 89 695 975 937916 929/925 7390902 910 908 992 g7 U5 802

Dataset) v1.1l and v2.0. .
+ 6 ELECTRA Team ELECTRALarge + Standard Trcks [:; 894 717 971 931/907 929/925 756/%08 913 908 958 898 918 507

ASWAG (Situations  With  Adversarials - =
Generations)
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NLP 4/10

Computational_complexity_theory
The Stanford Question Answering Dataset

Computational complexity theory is a branch of the theory of computation in
theoretical computer science that focuses on classifying computational problems
according to their inherent difficulty, and relating those classes to each other. A
computational problem is understood to be a task that is in principle amenable to
being solved by a computer, which is equivalent to stating that the problem may
be solved by mechanical application of mathematical steps, such as an algorithm.

TRANSPORT
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GOLDEN
OPPORTUNITY

What branch of theoretical computer science deals with broadly
classifying computational problems by difficulty and class of
relationship?

Ground Truth Answers: Computational complexity

theory Computational complexity theory Computational complexity
theory

Prediction: Computational complexity theory

A
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NLP 5/10

00 25.0%

i e Elr ke rails
» =i—Broken Rail Derailments '
§ 0.08 E 20,00 1= - Broken Rail Derailments per Broken Rail \. | o
- £ '|I |
= ®© ! c
gE 006 5 'x / :
§% a3 1o \ / . B
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§ S 100% \
[ 0.02 3 !
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Figure 3 Average number of broken-rail-caused derailments per Month

broken rail by month, adapted from Dick (2001) Table A-6 [2]

A v mwbuld be (.?rateful to receive any hypotheses to help explain whydtie of

TRANSPORT broken rail deraillmentdo broken railsis generally greatest isummer?
= NMEN —— I and why the same ratio, but for
E D e X Q2)contactstressrelated breaksandderailmentsgivessummer and falLJS | { & K ¢
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NLP 6/10

AAn Email Threadstarted for around a month, a group of experts,
consultants, professors started t give their answers? The answers
varied from different perspectives.

AVenhicle dynamics and Wheel Rail Forces
A Temperature Rail, critical crack size, rolling contact fatigue loading, tensile stress

AWheel Rail interface
A Adhesion.

AOperations
A Signaling failures, signaling system did not detect the broken rail.

AManyMany2 it KSNB X ® P



NLP 7/10

AAN Answer came:
odTheremay be certain types of fracture, the formation of which and
growth are less temperature sensitivé/e know that defects in the
transverse plane are negatively impacted by falling_ A
temperatures.. dziT 0 K2aS R2y Qi O2YLINAAS

A

Aldeally, we should look at the broken rail derailment data for the
summer months and see what type of fracture was involved and the
circumstances surrounding its occurrence. What we learn could then
guide inspectiohJ2 f A O¢€ ¢



NLP 8/10

Conclusion was belt on the following Inputs:-

1- This 1s based on a wide swath of freight raillroad data from North America and is believed to include all rail breaks —
including those at welds and base-breaks.

Conclusions was based on the fc:llc:wini iniuts:

ANSWERS
Person | Answer Focus Opinion / Answer Right / Wong / Key Parameters
Source
- Introductory In general multiple rail breaks or a massive Number of Rail
Fact part of the rail detaching 1s required to cause Breaks
derailments Number of
Derailments
Introductory In winter there is tension, thus the critical Temperature and
Fact crack size is smaill. Tension
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AOpportunity: Expert Opinion Search

ABert might be able to find the answer of specific questions in very long
text.

AExamples: The raBreaksEmail Threadg ICRI Rail Breaks.
ASurveys.
Alnspectra (Our Work)



NLP 9/10

Inspectro i1s handheld
voice enabled device
that was aimed at
helping In visual
Inspection.

provide a crossector

platform for data

collection across
construction, transport,

Energy, retall, health and
other industries.
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The original software
platform was designed to
ease report making and
to make visual
Inspections reports or
fleld reports as easy as
taking a picture.

-~ REVIEW : THE POTENTIAL USE OF BLOCKCHAIN TECHNOLOGY IN RAILWAY
APPLICATIONS : AN INTRODUCTION OF A MOBILITY AND SPEECH
oo e» RECOGNITION PROTOTYPE

Publisher: IEEE Cite This [A PDF
WU Y Feras Naser  All Authors

e
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THE-BUTURE OF RAILWAYS 1

Aln 2018in JEA, | have made a presentation
saying thatRailway stationscan be the next ,
Facebook What | meant by that there are many &%
data collection devices in the station that can b¢
seen as a new DATA ENGINE.

Aln 2018 in USA, | have also proposed the usagelt
of trust servicesas a new service that is offered G
by public infrastructure Agencies as away to ¥
fund new projects.

TRANSPORT
= MEN -

S @ e XGOS
F
www.TransportMen.com www.FerasNaser.con




THE-BUTURE OF RILWAYS 2

AUtlhzmg the data that is available about people )
in railway stationand inrailway trains specially i

—_

during long journeys. Can help in the followmng: g8 r‘,
ABuilding a better understanding of the concept of |

TRUST. =2 ”
AOfferingTRUST SERVIGH#ich can facilitate social GOLDEN

and economical interactions. o
APeople will have a difficulty in objecting the use of OPPORTUNITY

data because it happens in tipeiblic space

AThis can facilitate many other areas of research in
social science, engineering and moieRUST were in
crisis during COVID109.

TRANSPORT
= MEN -

S @ e XGOS
F
www.TransportMen.com www.FerasNaser.con




THE-EUTURE OF UWN\IA/\ZMS 3

AFEW REMAINING ADVANTAGES FOR THE RAIL
MODE.
AFRICTIOM one of they key advantages for railways.
A Environmental Impacis another key advantage.
A SPEEI another advantage.
A SPACEequirement is another Advantage.

AThe Development dflectric Autonomous Canill
lead to the development of electric autonomous
busses and many rail advantaged fade.

TRANSPORT
= MEN S8

S @ e X OB \
www.TransportMen.com www.FerasNaser.conm




THE EUTURE OF RAILWAYS 4

From Whom we can Learn and Why?!

Iy,

Google

TRANSPORT
v MEN ——

E @ o W O bs &
www.TransportMen.com www.FerasNa




THE BUTURE OKRANLWAYS 5

ATESLA is one of the pioneers of

AProduction Machine Learning systemsrigal transport scenarios.
A TESLA Autopilot Model
A Approximate object detector
A Algorithm and Sensor Health Monitoring.
A Data Engine
A Label the Images
A Evaluation Metrics (How did the model performed in several scenarios).

AHydra Net
A Shared Backbone with (more than 1000 detectors)
A 1000 Distinct Detectors, 48 Networks and 70,000 GPU hours (This'i$ a lot

TRANSPORT
o MEN -

www.TransportMen.com www.FerasNaser.con




THE BUTURE OKRAINLWAYS 6

AGoogle is one of the pioneers of

AMakingMachine Learning@s accessible as possible.

A Automation of Machine Learning.

A Providing Tensor Flow for Mobile and the JavaScript the browser
ADevelopingPersonalized andn device training

A Privacy privacy preserving Machine Learn®gstems

A Federated_earning

A Recently, MIT published abo8plit Learning(More efficient federated learning)

TRANSPORT
woe MEN =

www.TransportMen.com www.FerasNaser.con




THE FUTURE OF RAILWAYS 7/8

Alf the railway industry want to move to the Al world, they should have
their own data engines.
AFacebook has it social media network and applicatippswerful data engine
A Googlec hasyoutube, gmailand the search engine as powerful data engine.
ATeslacKI & GKSANI 26y OIF NB la | OSNE L}R2g
on the road today!!)
- What is the railway data engine
AOnboard Train Sensors.
A Stations and Trains CCTV Cameras.
TRASE AHamdheld Devices Personal Helmets and Cameras.
e MEN -

www.TransportMen.com www.FerasNaser.con
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ADAQRIs a company that provide
augmented reality helmets. we
wanted to implementinspectro
on their helmets in 2016.

TRANSPORT
o MEN -

www.TransportMen.com www.FerasNaser.con




COLLABORATION 1/4

APresentation Brief:

AWe have presented an introduction to deep
learning, computer vision and object detection.

AWe have made a video testing three generic object
detection models (YOLO, SSD and Mask RCNI GOLDEN
provide a feeling of what can these models det¢ R
In a railway contextimy work) OPPORTUNITIES

AWe talked briefly about the Data challenge. T
We made a quick introduction to NLP and BERT.

e deals with broadly
classfying computationalproblems by difficulty and cass of
relationship?

Grouna Tuth Answers; Compuzatiora comalexity

theary Computational complexity theary: Computational complexity
theory

Predicton: Computational complexity theary

AWe have identifiedhree key opportunities (quick
wins) for the rail industry based on the available

TRANSP
ol MEr\ff_g&hnology.(my work)

www.TransportMen.com

www.FerasNaser.con



COLLABORATION 2/4

APresentation Brief:

AWe have introduced our worikispectra (My work)

A As a new data collection tool and the possibility of
applying such a solution on augmented reality helmets.

AWe have talked about my opinion about the futt \ -
of railways and a railway data engine. GOLDEN

OPPORTUNITIES

e deals with broadly

AThe Video can be found on

classfying computationalproblems by difficulty and cass of
& o et
A https://youtu.be/qHmFcuurv0o b iy | | LSO
- be solved by mecrenical appl cation of mathematicalsteps, such as an alzarithm t::zx Conpti onpety e, Conalorl oy
A T h e p reS e ntatl O n Can b e fo u n d O n T RA N S P O RT Predicton: Computational complexity theary
MEN.com -
TRANSPORT
- MENSSS.
L4
"':'E:'.F d ; @{%L—d : ‘ .
'
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ACOLLABORATION OPPORTUNITIES

Al am very happy to write specific proposal for an R&D grabased on the
previous golden opportunities. But we would like to applydants with high
possibility of success.

AWe do welcome offers fazarly market representatioror technical follow up
as part of our transportmen.com startup.

AWe also consider dislocation to becomearer to ASIA
A We do have a scholarship offer from SPJAIN to do a GMBA (Singapore, Sydney and Asia)

A We welcome offers to esponsor the scholarship to cover additional fees.

A We will provide new rail related business models and systems as an exchange for this
sponsorship. \\

TRANSPORT
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COLLABORATION 4/4

AOur groupFerasNaser.coris an innovation based startup group and
we have many projects that require talent and investment.
AWe do have limited budget for innovation and R&D.
ABut also we do have limited access to innovation funding due to our location.
ASo we can consider new ways of collaboration.
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Thank You!!
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