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Why is ADSC in Singapore?

Enhance Singapore's position as a hub for cutting-edge & 4&
research in information technology. 2
Provide lllinois with unique collaborative and funding

opportunltles for research W|th hlgh potentlal |mpact
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What impact has ADSC had?

Best paper award nominations, other honors
Conference papers accepted last year
Journal papers accepted last year

ADSC technologies licensed
Startups facilitated in Singapore
Patent, trade secret applications

Interns
BS holders
PhD holders
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Our group at ADSC does analytics.

e Short/long text, web data, sp otemporal
data, data streams, video

e Deep learning, topic modeling, queuing
theory, differential privacy, game theory, ...

¢ Clouds, distributed systems, networking, DBMS
internals, parallelization

e Accelerators




Example recent projects

Predict crowding, travel times in
public transportation
* Analyze the battery behavior on
electric vehicles
*  Optimize chiller plant energy efficiency

Human action detection from video
*  Product text comment analysis (finished)
* Natural language database querying
* Real-time moving vehicle indexing and retrieval
* Privacy-preserving data analytics (finished)

Resource allocation on cloud-based analytical

system
Fast failure recovery of distributed system

* Indexing incoming data stream at 1,000,000 tuples/sec
10+ patches to Apache Storm

Neural network in programmable hardware
* GPU-based real-time EEG analysis hardware
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prototype version is published.
fube:

://www.youtube.com/watch2v=LatgguUa4o0Q

Check the APP
Data

metro, bus, taxi, fransportation
card, weather, road condition

APP

crowdedness prediction for meftro,
bus and faxi (i0S, Android supported)

System

distributed streaming system
(Spark, Storm)

Model

deep learning model for prediction
(recurrent neural network)

Commercialization
location-based recommendation

Optimization

improvement of model accuracy &
user experience
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PROBLEM:

EVERY MORNING

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

We have to face:

202 :
65% crowded metro tfrains

‘ unavailable taxis
slowly moving buses

-&;ﬁ- too many private cars



number of
bassengers on trains
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APP can answer my
question

A

real-time stream data for
Short-term trend prediction
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24 Apr
Subscribe the Prediction of Crowdedness

metro line
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— metro station

/ metro map

prediction fime




24 Apr
Push the Notification of Crowdedness

It's time to go !

map of metro station F\
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' number of passengers
v in station
v' on platform
v' on train
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y transportation card infer tfraveling path in- ﬁﬁﬁ passengers in station
(only access records) K? between any stations (easy)
metro operation data &R estimate traveling time {1 Passengers on platform
(including waiting and =Gl (hard)
interchange)

csde.  passengers on train
G & (very hard)



@ passengers with incomplete
access records

One Way

6.85%

passengers come in / out
at the same station

g passengers in closed
hours

0.28% 0.31%
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Subscribe the Prediction of Availability
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24 Apr
Push the Notification of Availability

map of taxi stand F\

| should wait for
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taxi data
(Only GPS, indication)

L A |

@

build a city grid at
granularity of 300m

recognize operating
& off-service taxi

estimate velocity,
heading and distance

2 ﬂ" # of passengers picked
up in each grid

ﬂ_@_ # of passenger dropped
off in each grid

éﬂ? # of available taxis in

each grid

average velocity in
each grid

A



Status of available / busy taxi is incorrect

@ incorrect Status of off-service taxi

\

Q\ Incorrect velocity

&
=

Sparsity of available taxis in suburbs
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Subscribe the Prediction of Driving Time
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24 Apr
Push the Notification of Driving Time

bus route F\

~ driving time between
departure and destination

It's too slow |
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ous data
records of arriving &
eaving stop)

atmxin

(=

correct bus route
by arriving fime

calculate driving tfime
iNn-between stops

correct the records of
skipping stops

4

compute driving time
during off-peak hour

compute driving time
during peak hour

A



» skipped stops by the buses

- L incomplete bus arriving records

\J
*

l% incorrect direction of bus operation

010/ c .
(ool encoding error of Chinese
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24 Apr
Real-time Onsite Recommendation

)

onsite recommendation ] o
\ ercury 17
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‘ advertisement is information.
| based on user’s
subscriptions and current
traffic conditions
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A Solution for City Management

reward passengers who travel
during off-peak hours

REWARDS:
TAGGERED SHIFTS




pre-process massive
data on Hadoop

train deep learning
model offline on Spark

compute near-future
trend online via Storm

Notification to App
A |
|
: Model Real-time Analysis :
I
{ A Storm :
Output trained model Online updating
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. 24 Apr
Integration of Road and Weather Information to

Improve Model Accuracy

b \weather p

¥ accident on road ‘

s
(v
o’

\ traffic index of city road

closure of ramp

Consider other
factors?

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

IJULTIPLE FACTORS




24 Apr

C\,) [ )
J { Comfortable Travel }

|| { Efficient Business}

{ Safe Driving }

i‘i\{ Green City }

,))) { Smart Transportation}

A new day coming
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Crowd Information

' Collection

Staff Management

; Guest Engagement

Unable To Capture Tram & Bus Ridership
Information

Two earlier considerations made were not workable:

U People counting mats: guests
front or back door making col

O RFID tags/wearable: no prac
are free

Using Queue Marker As Proxy For Ridership Inform:

Duty personnel manually observes which queue marker t
last person in the queue is at via CCTV,

Waiting time is estimated by the last queue marker’s pos

Data is manually entered into an excel file and analysed ft
average waiting time

Cycle is repeated every 10 minutes;

Lack of Effective Perception

Lack of Prediction Capability

Lack of Contact Channel
and Personalized
Recommendation

Real-time Video
Analyfics

Predictive Analysis
integrating data

Targeted Incentives
on smart phones



ERe’rrieve Video ~ Crowd ~ Crowd
Feeds Evaluo’rlon Pred|c’r|on
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redictive Analytics
'ideo Analysis
)ensity Evaluation
)ensity Prediction

taff Engagement
'ideo Sharing
ocation Tracking

>uest Engagement

—oupon Recommend
~oupon Redeem

Predlchve Analytical System Engagement System
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Data Cleaning
pre-process
massive data
on Hadoop

Model Training
train deep
learning model
offline on Spark

Real-time Predicting
compute near-
future trend

online via Storm
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Redeem

o & Coupon Rebate
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Server for video processing,
predictive analysis and app hosting

=

Software on analyfics and mobile
apps

(; Electricity on computation

')‘,. Software maintenance

Coupon
(Il

Each coupon charges the vendo
dozens of cents






