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MapR Converged Data Platform
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Agenda

 What's the point of data in motorsports?
* Live demo

* Architecture

* What's next?
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How data plays in F1 motorsports
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Data in Motorsports
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Race Strategy

Race Strategy Option Comparison

Time diff between Option-A versus Option-B
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F1 Framework - http://f1framework.blogspot.be/2013/08/race-strategy-explained.html
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Got examples?

 Up to 300 sensors per car
 Upto 2000 channels
« Sensor data are sent to the paddock in 2ms

* 1.5 billions of data points for a race
* 5 billions for a full race weekend
* 5/6Gb of compressed data per car for 90mn
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Got examples?

 Up to 300 sensors per car
 Up to 2000 channels
« Sensor data are sent to the paddock in 2ms

* 1.5 billions of data points for a race
* 5 billions for a full race weekend
» 5/6Gb of compressed data per car for 90mn

US Grand Prix 2014 : 243 Tb (race teams combined)

©2017 MapR Technologies  [\[\/N[PR. 17



So how does that work?
Especially for real-time data?
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Production System Outline
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Simplified Demo System Outline
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TORCS for Cars, Physics and Drivers

The Open Racing Car Simulator
http://torcs.sourceforge.net/

Car racing game
Al & Research Platform

RS
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Demo time!
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loT : Racing Cars
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loT : Racing Cars
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Where/How to store data ?
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Big Datastore

rr 1

OO0

Distributed File System
HDFS/MapR-FS

@tgrall

NoSQL Database
HBase/MapR-DB
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Data Streaming
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Data Streaming
Moving millions of events per h|mn|s
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What is Kafka?

» http://kafka.apache.org/

* Created at LinkedIn, open sourced in 2011
* Implemented in Scala / Java

* Distributed messaging system built to scale




Big Picture

Producer

Producer

Producer

@tgrall

Consumer

Consumer

Consumer
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Topics and Partitions

« Split topics into partitions for scalability

Partition O

Partition 1

Partition 2
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Consumer Groups

« Single cor
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 Any numkt
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More real life Kafka ...

.............................

Producer ; Consumer

Producer : 5 Consumer

Producer : Consumer
Zookeeper
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NVAIPRSTREAMS

» Distributed messaging system built to scale
« Use Apache Kafka APl 0.9.0

 No code change

* Does not use the same “broker” architecture

* Log stored in MapR Storage
(Scalable, Secured, Fast, Multi DC)

 No Zookeeper
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Produce Messages

ProducerRecord<String []1> rec = ProducerRecord<>(

eventName
value.toString().getBytes())

producer.send(rec, (recordMetadata, e) —> {

CHE ) { . 1)
producer. flush()
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Consume Messages

pollTimeOut = 800
( ) {
ConsumerRecords<String, String> records = consumer.poll(pollTimeOut)
(!'records.isEmpty()) £
Iterable<ConsumerRecord<String, String>> iterable = records::iterator
StreamSupport.stream(iterable.spliterator() ). forEach((record) —> {
// work with record object
. record.value();

})

consumer.commitAsync()
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What'’'s next?
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{ " id":"1.458141858E9/0.324",
Sensor Data V1 ‘Gar® = "carl”,
"timestamp":1458141858,
"racetime”:0.324,

* 3 main data points: S——
» Speed (m/s) -
e RPM "sensors":{
"Speed":3.588583,
 Distance (m) "Distance":2003.023071,
"RPM":1896.575806
« Buffered b

"racetime":0.324,
"timestamp":1458141858

b
{

"sensors":{
"Speed":6.755624,
"Distance":2004.084717,
"RPM":1673.264526

b

"racetime":0.556,

"timestamp":1458141858

b

N
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Capture more data
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Sensor Data V2

« 3 main data points:
Speed (m/s)

RPM

Distance (m)
Throttle

Gear

e Buffered

R

@tgrall

" id":"1.458141858E9/0.324",
llcarll = "Carl",
"timestamp":1458141858,
"racetime”:0.324,

"records":

[
{

"sensors":{
"Speed":3.588583,
"Distance":2003.023071,
"RPM":1896.575806,
"gear" : 2

b

"racetime":0.324,

"timestamp":1458141858

"sensors":{
"Speed" :6.755624,
"Distance":2004.084717,
“RPM":1673.264526,
"gear" : 2

b

"racetime":0.556,

"timestamp":1458141858

}o
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Add new services
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New Data Service

sensors data v
A OND > — > | DRILL
MAIPRSTREAMS
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New Data Service

Stream
Processing

N _J

NVAPRSTREAMS

sensors data
A OND > — > | DRILL
MAIPRSTREAM

Alerts

@tgrall ©2017 MapR Technologies  [\/\/AJP R, 43



Spor‘llzz

Cluster Computing Platform

Extends "MapReduce” with Spoik’

extensions WM... .._
— Streaming - L -
— Interactive Analytics RIS e

Run in Memory
http://spark.apache.org/
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http://spark.apache.org/

Flink

« Streaming Dataflow Engine

- Datastream/Dataset APls ;! 4 {i 1 4

Stream Processing Batch Processing

 CEP, Graph, ML
 Run in Memory

Runtime
Distributed Streaming Dataflow

Local Cluster Cloud
Single JIVM Standalone, YARN GCE, £EC2

Deploy Core APis & Librarie

» https://flink.apache.org/
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https://flink.apache.org/

DEMO

Stream Processing with Flink
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Streaming Architecture & Formula 1

e Stream data in real time

» Big Data Store to deal with the scale
 NoSQL Database, Distributed File System

* Decouple the source from the consumer(s)

* Dashboard, Analytics, Machine Learning
* Add new use case....

@tgrall
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Streaming Architecture & Formula 1

e Stream data in real time

This is not only about Formula 1!

(Telco, Finance, Retail, Content, IT)
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