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The billion dollar war over maps
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Report Overview

The future of cars: Self-driving and electric

During a test drive near Ford's Michigan headquarters, the team
The global digital map market size was estimated at USD 6.19 billion in 2019 and is expected to expand at a CAGR noticed something strange with its self-driving cars.
of 13.0% from 2020 to 2027. Increasing adoption of novel technologies in map making and surveying along with

Each car shifted slightly at the same point in the lane "as if they were avoiding a pothole," says
the rising adoption of digital maps across various industry verticals is propelling the growth. The increasing internet Jim McBride, Ford's senior technical leader for autonomous cars.

penetration and rise in connected devices such as smartphones, tablets, and interactive displays for adoption of The problem wasn't the cars -- it was the map.
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Google Maps isn’t only the world’s most used navigation app out there,

Google Maps leads voters to wrong polling place in but also the solution plenty of companies turn to for their services.
Arden-Arcade
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@ 1 photo
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Google to improve urban GPS accuracy

for apps their services, which means the accuracy of data provided by Google is critical

For example, food delivery companies adopt Google Maps to better optimize

| by: Lonnie Wong for their customers.

December 9, 2020 - By Frank Van Diggelen Est. reading time: 5 minutes (O Posted: Nov 4, 2020 / 05:42 PM PST / Updated: Nov 4, 2020 / 05:42 PM PST

A Londoner whose story was recently highlighted by The Guardian reveals just
how troublesome simple Google Maps errors can become, explaining that in
the last three years, Uber drivers, food delivery services, and pretty much
anybody who wanted to reach his flat ended up in the middle of the park.

Originally posted in the Android Developers Blog, the following is SACRAMENTO, Calif. (KTXL) - Technology has helped election officials register voters and tabulate their
reprinted with permission from authors Frank van Diggelen, principal ballots during election cycles.
engineer, and Jennifer Wang, product manager, Google.
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@ recommend routes that take longer

Map shows a location far away from actual drop-off point

traffic

TECHNOLOGY TODAY.COM

Delivery entrance is not the same place as the street address

Maps don't know about road closures

Time estimates are inaccurate

Opdated details are not reflected
ew exits, turn lanes, one-waystreets, etc.)

Road names are incorrect
Other
My mapping apps are always perfect

% o 5 10 15 20 25 30 35
wol
‘ \
Poor maps costing delivery companies USS6bn annually

ADAM FROST ¢ RUARY 1 MAPPING

Based on a survey of delivery drivers in the USA and conducted by an independent
research firm, the first ‘Mapping in Logistics Report’ has revealed that ‘broken maps’

are costing the logistics sector an estimated US$6bn annually.

40

45

https://www.traffictechnologytoday.com/news/mapping/poor-maps-costing-delivery-companies-us6bn-annually.html




Meanwhile, in Academia..

B Shortest Path Queries:

d Too many algorithms:
Implicitly assume road
network is correct

O Either consider Free Flow
max speed) or given edge
weights a

1 Recent techniques use ML
for path recommendation

B Map Making

1 Focus on discovering road
network topology from
satellite data or GPS traces

WS

ON CAMPUS AND AROUND THE WORLD &= SUBS!

Using artificial intelligence to enrich digital maps

Model tags road features based on satellite images, to improve GPS
navigation in places with limited map data.

Rob Matheson | MIT News Office
January 23, 2020

A model invented by researchers at MIT and Qatar Computing Research Institute (QCRI) that
uses satellite imagery to tag road features in digital maps could help improve GPS navigation.

The Science of
Algorithmic Map
Inference

KDD 2018 Tutorial
Abstract:

A necessary condition for autonomous vehicles to become “mainstream” is the availability of highly accurate and updatable geographical road network maps. Several larg

commercial mapmaking efforts by automobile manufacturers and technology companies have been recently announced . The race to build the most accurate maps is “truly on.”
societal concern is that, in the near future, the most accurate maps may not be a public good but a property of private stakeholders. A concerted effort is required to democratiz

mapmaking, and collaborative efforts like OpenStreetMap (OSM) demonstrate the power of the community coming together to create and maintain maps as a public good.

In this tutorial we will review the emerging area of algorithmic map inference (AMI), i.e., the design of algorithms to automatically build and update maps using diverse data source
. primarily GPS data and satellite images. A substantial body of research has now emerged around AMI primarily in KDD and related communities. Thus it is an opportune time t
organize the AM literature in a proper context and introduce it to a wider audience in the research and applications community.

Program:

We will be in ICC Capital Suite Room 2 (Level 3) on 19 August 2018 1:00 pm - 5:00 pm.
= Introduction (1:00 pm)

= Map Inference with GPS Trajectories (1:20 pm)

= Map Inference with Satellite Imagery, (2:15 pm)

= Map Inference with In-Vehicle Cameras (3:00 pm)

Coffee break (3:30 pm)

= Quality.of Maps (4:00 pm)




QARTA: An ML-based System
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KARWA TAXI APP

Make a booking for future or for immediate pickup

the Taxi company
working in Qatar

Too much construction and Commercial maps cannot cope
road changes in town (in with such changes in road
preparation to FIFA 2022) networks, and are not cheap

Peninsula

QATAR'S DAILY NEWSPAPER
3@ Best News Website in the Middle East in 2017

Qatar road network increased three times between
2013-18: Ashghal

© 24 Apr 2018 - 11:58

Al Muhannadi said that the length of the road network increased by about three times between 2013
and 2018 compared to before 2013. He said that the volume of roadworks carried out over the past five
years also increased from 1,700 km to 6,000 kilometers, while sanitation capacity doubled, rainwater

drainage grew 7 times, and pedestrian trails increased 12 times during the same period.
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Traffic Routing in the
Ever-Changing City of Doha

BY SOFIANE ABBAR, RADE STANOJEVIC, SHADAB MUSTAFA, AND MOHAMED MOKBEL

N DECEM-
BER 2, 2010,
Qatarwas
announced to
host 2022 FIFA
World Cup.
That was time for celebrat-
ing the first-ever Middle
Eastern country to organize
the tournament. The 1.8M
population of Qatar then
(2.8M today) neverimagined
the journey their country was
about to embarked. Indeed,
in less than 10 years, the pop-
ulation grew by more than a
half, pushing the available ur-
ban resources and services to
their limit. At the same time,
the country undertook an
ambitious investment plan
of$200B on various infra-
structural projects including
a brand newthree-line metro
network, six new stadiums,
several new satellite cities,
and an astonishing 4,300km
of new roads, which tripled
the size of the road network
in only five years.*

While this enterprise
boosted the socio-econom-
ical life of people in Qatar,
it did disrupt the way they
navigate the urban space
and their mobility patterns
in general. Simple com-
mutes towork, drops and
pickups ofkids toand from
schools, became challenging
and impossible to plan with
daily changes in the road
layout, including temporary
and permanent closures,
deviations, new connections,
conversions of roundabouts
intosignaled intersections,
turn restrictions, to name but
a few. A commute to school

thatlasted 10 minutes yes-
terday, could last 25 minutes
today. Cab drivers in the city
of Doha (Qatar’s capital),
who are mostly foreigners,
alsowish they could rely on
popular navigation services
such as Google Maps, Here,
or Tomtom.

Yet, all such systems
fall short in coping up with
the rapid urbanization and
the ever-changing roads
in Doha. This was actually
depicted ina very popular
caricature in one of the most
widely distributed daily local
newspapers showing Google
maps asa limping turtle that
is helplessly tryingto catcha
bunny representing the road
changes in the city of Doha.’

Besides the general public
who is not happywith the
routes offered by navigation
systems, other stakehold-
ers from publicand private
sectors were struggling with
the poor quality of existing
digital maps. For example,
the Ministry of Transport
and Communication was
facing issues getting access
to the most accurate map of
the road network, needed
for their traffic modeling.
Also, transportation, delivery,
and logistics companies
thatheavily rely on accurate
maps, routes, and travel time
estimates were tired of the
many lost drivers and missed
rendezvous.

Early work: Silent maps
are not enough. The issue of
inaccurate local maps has
triggered an earlywork at
Qatar Computing Research
Institute (QCRI) in collabo-

ration with Qatar Mobility
Innovation Center (QMIC)
to come up with an accurate
map for the city of Doha,
Qatar.” The idea was to use
data collected froma fleet

of vehicles that are continu-
ously tracked, foraccurate
and timely detection of road
changes, such as new roads,
road closures, and detours.
Though that early work was
successful in coming up with
amore accurate map than
what navigation systems
have, itwas not enough to
address the main problem
of routing. Accurate topo-
logical maps do not say
much about the time needed
to go through each road
segment—a main function-
ality needed for any routing
application.

Data access and collabora-
tion. To address the routing
problem in the ever-changing
roads of Doha, we partnered
with the national taxi compa-
ny Karwa. The collaboration
givesusaccess to all taxi data
(both historic and live) that
took place inthe country,
including pick-up and drop-
off locations, time, duration,

APRIL 2021 | VOL.64 | NO.
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speed, fare, route, aswell as
sampled GPS points for each
trip—agold mine for our
research agenda. But most
importantly, we also learned
from our partners about the
real challenges they face,
which helped us prioritize
our projects.

Map enrichments for
traffic-aware routing. Our
first project with Karwa was
toenrich the topological
maps with traffic informa-
tion, that is, accurate edge
weights for each road seg-
ment for each hourof the
day. Inferring traffic informa-
tion froma large number
of vehicles can be relatively
straightforward. However,
the problem is much more
challengingwhen the data
is sparse and does not
cover many roads with large
frequency. We tackle these
problems in Stanojevic et
al.’*and derive a traffic layer
with an accuracy comparable
to the commercial maps us-
ing only sparse data available
tous either from Karwa Taxi
dataas in Stanojevicetal.”
or from using commercial
mapAPIs as in Stanojevic et

COMMUNICATIONS OF THE AcM 67

QARTA: Main Concepts

Supports dynamics in the map

topology and metadata

Map-Centric

d QARTA learns its own map in
terms of topology and metadata

Query Calibration

0 QARTA learns the error margins
of various algorithms and use it
to calibrate its answer
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QARTA in Deployment

59K L N\ QARTA is deployed in all Taxis in Qatar ~4Kvehicles
‘I@ YRS Allocal food delivery company ~3Kmotorbiks

B QARTA rreceives: Routing
d ~235K daily API calls \\ s
Qd ~1 Million daily GPS tracks

B APIs & Services:
In-traffic routes

Travel time estimation
Complex route planning

OD matrices Fare estimation Taxi Dispatching
Search & addresses

COoO00D

Link: https://qarta.io



https://qarta.io/routing
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QARTA Architecture

Answer
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Data Layer

' Query Calibration _ Model Building

I Layer — Query Processing D Artificial queries

Map Map Matching Map Making Map
: Mak".g Match || Fuse
'Layer Match or Make? X :

]ME_'P

DataLaver o E:J;ﬂ@ E_;a :
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Data Layer =

m Storage and retrieval infrastructure for Mg Da;%:s_‘_"“‘f?"""e%
Points of Interest (Pol), trip information, s f
and complete trajectories

B Includes off-the-shelf spatial indexing
methods

Multidimensional~-
S ~

= i)
3 .

B Digests incoming live high traffic data
B Smart Data Crawling

O Can bootstrap its data by crawling some map %o

services with limited number of APl calls that = ;6% .

» Weekday/Weekend future days 06631" Re
.. 0¥0g 5y

> Different times of the day 2 o /

» Pol trips




& MAZIL ANDEZSON W ANDEETOONS.COM

Rule-based Data | — =
Cleaning & Wrangling

+ |afl

/\___C

B Existing efforts for data cleaning
and wrangling do not support
spatial and spatio-temporal data

“After analyzing all your data, I think we can
safely say that none of it is useful.”

s B Deployed Rules in QARTA
O Trajectories with a stop
» Split the trajectory
19% O Unrealistic points
g » Remove the point
O Missing points
» Split the trajectory

Source: CrowdFlower 2016




Trajectory
Imputation

B Dense trajectory
data is needed
for further
analysis

B Need to densify
our trajectories

d Use the wisdom
of the crowd to
impute each
trajectory
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Map Making Layer

' Query Calibration _ Model Building

I Layer — Query Processing D Artificial queries <«

S R

-Map Map Matching Map Making ‘
- Making

' Layer Match or Make?

Map Services APls Trajectories Pol Trips Map
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Edge Weight Inference: Who is doing it?

B Traffic departments: Loop detectors or plate recognition

| ., Q 2

i . -~ 5
;.?'MTWHEC Palice Station
B | reaffc control server
T Local Database
1 - —

Edge Weights are considered as proprietary
information, not to be shared

99 phones and a little red wagon
a The streets were mostly empty, but the map showed a traffic jam

By Jay Peters | @jaypeters | Feb 3, 2020, 5:08pm EST




Edge Weight Inference in QARTA:
High level Idea

B Learning Edge weights per time granularity (e.g., hour)
B Input: Trips (Pickup time/location, Drop off time/location)

(A,F,15) 2> W, + Ws + Ws =15
(B,H,28) 2> w; T W, ~ W+ Wy + W;; =28

X equations in _ Edge weights
Y unknowns Ridge per granularity
»|  Regression >
Analysis
Temporal

Granularity




I
Problem Formulation

B Input: Trips (Pickup time/location, Drop off time/location)
O The lowest common denominator of publicly available trajectory datasets
O For each trip £, &, is the actual trip time as (Drop off time — Pickup time)
d For each trip ¢, a trip path P, [ e,, e,,.....e,;] is a sequence of edges from

an off-the-shelf routing engine
9 eng ©SIRM

O Each edge e has a known length /, (in meters) and unknown unit edge
weight W, (sec/meter).

O Time to travel through e is W,I.. Time to go through P, is Y...p: W L,

B Objective: Given a set of trips T, find the weights W, that
would minimize:




I
Basic Solution

B Objective: Given a set of

. . . 4 )
t”ps T, find the WelghtS X equations in . Edge weights
W, that would minimize: __Yumaowns nidge | pergranderty

e . ' »| Regression >

Analysis
z z Wl -8, N y
Temporal T
teT \ eePt Granularity

B Challenges:

O A direct solution may result in zero or negative weights

O Scalability is a major issue: Hundreds of thousands of edges with
millions of trajectories

O Over-fitting for unreliable edges
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Tuning Step 1: Heavy Edges Inference

B Problem: Each edge in the graph, regardless of its popularity,
acts as a regression feature = Over-fitting & unnecessarily

expensive computations.

B Idea: Distinguish between heavy (popular) edges H, where high
accuracy is needed and light edges. H includes the top-k edges In

terms of number of trips covering them (default K=10,000).

B Objective: All light edges have the same weight ,. Need to only
find weights of heavy edges:

(3 wiewe Y le“*)Z

teT \e € (P,NH) e € (Pt\H)

B Number of regression features is reduced by two orders of
magnitude =» higher scalability and less over fitting
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Tuning Step 2: Heavy Road Detection

B Problem: A long road is usually represented by multiple connected
edges, that are highly likely to have the same weight

B Idea: Group each of such edges together as one Heavy Road with
one weight W . Split heavy edges H into r disjoint sets H, to H,

B Objective:
2
z< Z WL, + W, Z le—5t> L= Z L,
teT \g:P,NHg=+0Q e € (Pt\H) eeHg

B Number of unknowns is reduced to r+7, number of model features
Is reduced by 75% =» higher scalability




.
Tuning Step 3: Enforcing Physical Constraints

B To avoid having W < 0, we use Ridge regression
regularization, where we add a regularization term that
penalizes weights deviating from the average speed:

Regularization strength Average speed

m Objective: 1

2 ( 2 WL, +W, 2 l, - 5t>2 +@;(Wg ~(9)?

teT \g:P,NHg+Q e € (Pt\H)




B Solve the regression equation per time granularity

z» X equations in
Y unknowns

210K equations in

.
Edge Weight Inference in QARTA

B Divide all trips into time granularity (e.g., one hour)

r

500K unknowns

.

Heavy
Edge/Road
Detection

~

X' equations in
Y unknowns

J

=

1K equations in
5K unknowns

Edge weights
per granularity

4 )
Ridge
Regression
Analysis
. J

Granularity']‘
Hour

Edge weights
per hour

B More than 99% of the roads satisfy the physical constraint. For
those that do not, we set edge weight to the minimum possible
value (7 / maxspeed)
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Map Making Layer

' Query Calibration _ Model Building

I Layer — Query Processing D Artificial queries <«

S R

-Map Map Matching Map Making ‘
- Making

' Layer Match or Make?

Map Services APls Trajectories Pol Trips Map



Metadata Inference

B Need rich metadata (annotation) for road networks

Speed limit
Number of lanes
Road type
Traffic lights
Safety
Eco-friendly

OO0 DD

Public maps have very poor metadata coverage

learning problem

3 i)

G
'O;“ > 4
-\'o‘“)"\'

Bk

e

Metadata inference in QARTA is framed as a supervised

d Step 1: Find the best models that would map road features to certain

metadata

O Step 2: Use these models to predict the missing metadata values




I
Metadata Inference

B Feature Engineering
O Structural features (one per road)
» Road length, Number of in/out junctions, Road curvature
O Functional features (one per time granularity per road)

» Speed average, Speed standard deviation, Density, Distance to
center line

B Learning Kernel
O Alist <V, Li> for each metadata L and road segments with known L
O Partition the list to: Training, Validation, and Testing datasets
O We experiment with different machine learning techniques

» Logistic regression, support vector machines, random forests,
boosting gradients, and deep neural networks,

O Models are stored with their Key Performance Indicators
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Map Making Layer

' Query Calibration _ Model Building

I Layer — Query Processing D Artificial queries <«

S R

-Map Map Matching Map Making ‘
- Making

' Layer Match or Make?
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The Science of

Map Makmg Algorithmic Map

B QARTA deploys off-the-shelf techniques for Inverence

constructing map topology from GPS traces

B g he design of lgori
imarly GPS data and satelte images. A substantalbody o rsearch has now emerged around AMI primarily in KDD and related

organize th ture ina proper cont i itto awider audience n t and applications communit

Program:

Wewill beinICC Capital Suite Room 2 (Level 3) on 19 August 2018 1:00 pm- 5:00 pm.

« MapInference with Satellite Imay 5 pm)

» Map Inference with In-Vehicle Cameras

B KDD 2018 Tutorial
» Quality of Maps (4:00 pm)

B Trajectory Imputation significantly boost the accuracy

Sijie Ruan, et al. “Learning to Generate Maps from Trajectories”. AAAI 2020

el
luj\f

Kharita with no Trajectory Imputation Kharita + Trajectory Imputation




Map Matching

by

B Classical topic in transportation

B QARTA deploys off-the-shelf TP S
' = Input: GPS Track e
teChanueS for : Oll.lt[gu't:: 'sEapred' road ., -
O Snapping GPS tracks on L - W—
underlying road network S
O Removing outlier GPS points that ——t —M/ |

do not match the road network

(c) OpenStreetMap contributors

e . - ADC 2020: Databases Theory and Applications pp 121-133 | Cite as

A Survey of Measures and Methods for Matching

Geospatial Vector Datasets , A Survey on Map-Matching Algorithms
in

Authors: Emerson M. A. Xavier, Erancisco ). Ariza-Lépez Manuel A. Urena-Camara Authors Authors and affiliations

Authors Info & Affiliations

Pingfu Chao, Yehong Xu &, Wen Hua, Xiaofang Zhou
Publication: ACM Computing Surveys « August 2016 e Article No.: 39 « https://doi.org/10.1145/2963147




I
Match or Make

B Map Making implicitly assumes that GPS traces are correct

B Map Matching implicitly assumes that the road network is accurate

B Example: A roundabout that
IS recently converted to a
bridge with two new exits:

d  Applying Map making on GPS
traces would make new roads
for points A and B

d  Applying Map Matching would
snap points A and B to a wrong
map

® O O ® 0 O o ®© @ O




I
Match or Make

B Given aroad network R and GPS points P, decide on the part(s) of
the map where R is more accurate than P and vice versa.
O For parts where R is more accurate = Do Map Matching to match P on R.
O For parts where P is more accurate = Do Map Making from P

B |dea: Use ML supervised learning to learn the features of accurate

maps and points, then use it to classify the map and points
0 Step 1: Finding accurate points and roads

» Those that match perfectly
O  Step 2: Inject various forms of errors in some correct roads and points

» Remove a segment, shift road/point coordinates, reduce road resolution
O Step 3: Feature extraction & model building

» Build ML classifier model that maps point features to how good/bad it is.
O Step 4: Decide to Match or Make

» Use the developed ML model to decide about the points we are doubtful

about
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Query Calibration Layer

Answer

________________

Map Matching Map Making

Match or Make?

Map Services APls Trajectories Pol Trips Map



il ATET 3G 6:05 PM 100% B

Estimated Time of Arrival (ETA) IR

NMB.G mi ET%:OB PM

B The accuracy of query answers heavily _
rely on Estimated time of Arrival

ETA: 15MIN

Idea: Can we study the error patterns of each algorithm
under various context, and use to adjust the query answer.

Uber taps ClimaCell to improve ETA estimates

) )
8= f=
E E
1] @ 40 - .
£ £ with hyper-local weather data
§ E 30 A PAUL SAWERS  @PSAWERS ~ FEBRUARY 6, 2020 &:00 AM
o o
% S o 4 Uber is partnering with weather technology company ClimaCell to enable more
g E accurate estimated time of arrival (ETA) predictions for drivers and riders.
'uﬁJ E 10 |
Founded in 2016, Boston-hased ClimaCell specializes in real-time weather
s — . ; r : - 0 T T T
0 10 20 30 40 50 60 0 1o 20 30 40 50 60 forecasts. Rather than relying on government data typically garnered from
GT - travel time (mins) GT - travel time (mins)
OSRM Google Maps



R
Model Building: Feature Engineering

B Trip: (Pickup time/location, Drop off time/location, &)
O ¢ is the difference between actual and estimated time of the trip

Training Data
Trip Data { Feature ] Feature Vector

Extraction v

B Features in V that would impact 6

0 Spatial Zoning
» Origin
» Destination

O Temporal Zoning
» Pickup time
» Drop off time

O Trip Characteristics
» Trip distance
» Trip duration
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Model Building: Training

B Need to find a function F that maps V, to §i while minimizing a loss
function L for all trips in T

1 .

—x Z L(8, F(VD))

T

teT
Training Data
Gradient Model M that maps Vto §
Boosting >
Regressor
B A model M will be built for OSRM Vehicles M,
each ETA algorithm and = OSRM Niebles

M2
driving modality




Query Calibration in QARTA

B Shortest Path queries

oute &
\ =

Origin, Feature Feature Vector O™ Vel m, & n ETA+§ >
Destination, E : "4 -> OSRM  Motobike
Start time xtraction :
J

| Shortest Path | Route & ETA
Algorithm :

Feature Extraction

L OSRM Vehicles M, Answer +ETA
Origin, Range / kNN Answer Feature Extraction z : >
Distance query processor JERdSI-N I _ : OSRM  Motorbike

or K ] : _ 14
Feature Extraction

B Range and kNN queries

Feedback




User Interface & Performance Evaluation

'Map
' Making
Layer

__________

Calibration _ Model Building

— Query Processing D Artificial queries <«

Map Services APls Trajectories Pol Trips Map
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Experimental Evaluation

B Based on real deployment of QARTA oy
Q All taxis in Qatar ~4Kvehicles e TN\
3 Alocal food delivery company ~3Kmotorbikes 1R) 753
U ~235K daily API calls
O ~1 Million daily GPS tracks

B ML Model Building
O 250K trips: 75% for building the model, 25% for testing

B Underlying Algorithms
0 OSRM for shortest path ©9SIrRM
d OSM Map

O Off-the-shelf algorlthms for range and k-NN queries




Spatial and Temporal Zoning for Edge Weight Inference
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QARTA vs Other Map Services: Shortest Path Query

50
45 | 43.7
40

46.34
B Mean M Median

T35
30

75 22.79
20.29 19.68 19.02

B Q-Map: Runs QARTA Map
Making layer without any

calibration , II 1 I
0 OSRM on QARTA map ’
Google Q-Map

0
Q-Calib. QARTA

17.95

Relative Error

[y
L

OSRM

500

B Q-Calib: Runs QARTA 450
calibration without Map
Making layer

 Calibrating OSRM engine ¢ II I

OSRM Google Q-Map Q-Calib. QARTA

B Mean M Median

W
& 8

Absolute Error (sec.)
(W8]
8

g

3
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QARTA vs Other Map Services: Shortest Path Query

[=x]
(=]

e OARTA
e SRV
e (o0gle

i
[=]

B Daytime trips are the
ones affected by traffic,

and QARTA is
consistently better

=
=

[~
(=]

Relative Error (median %)
(%)
=

[y
(=]

01 2 3 45 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23
Hour of the Day

o

B Shorter trips are mostly

70

affected by traffic . o

B Number of long trips is : —d
low, hence QARTS is not 5
doing good fol

m In Doha, a 30KM trip is 2 = —
too long, across the s 10 1w s % » w0 s
whole city g Ditae )
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QARTA vs Other Map Services: KNN Query

" ] [l [l 095
B Precision: Number of items in
. . 09
KNN list that overlap with ~
2. 085
ground truth
G 08
O All very similar performance < —ara
—
K
B NDCG: A ranking quality 0 _—
measure that takes into 3 001 ——
account the order ifitems in ~ 2°o®
the list o —
0.85 — (GO0g|e

6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
K
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QARTA Admin Panel

QARTA MAP
Run Every 7 days
Nb. Models
168
Training Win
30 days

Last Run: 14-03-2021 16:24:51 [OK]

QARTA Calibration

Run Every
Training Win
Temp. Partition
Spatial Partition

Last Run: 12-03-2021 01:15:38 [OK]

1 day

7 days

24

Component: [QARTA Cal ] Date: [1 4-03-2021 ] Metric: [MAPE ]
A
QARTA CALIBRATION &
5
S & 18.9%
% 20 é 18.2%
H 2
g 15 g
H 3
g w0 s
E
g °
B == QantaCalib_T == QartaCalib_ST N N
0 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19 20 21 22 23 (l\g\' ,p/ ’,\‘)'
Hour of the day Q 0 'C)




< BUSINESS . 3 E B Answer

The billion dollar war over maps

by Seth Fiegerman @sfiegerman
@© June 7, 2017:

Routes

The future of cars: Self-driving and electric

During a test drive near Ford's Michigan headquarters, the team
noticed something strange with its self-driving cars.

Each car shifted slightly at the same point in the lane "as if they were avoiding a pothole,” says
Jim McBride, Ford's senior technical leader for autonomous cars.

The problem wasn't the cars -- it was the map.

Edge Weight Inference in QARTA

| Divide all trips into time granularity (e.g., one hour)
W Solve the regression equation per time granularity

Ridge

Heavy :
{ Eaoehoad F ol Edge weights
"7 10K equations in | Detection 1K equations in Analysis per hour

500K unknowns 5K unknowns

T Hour

B More than 99% of the roads satisfy the physical constraint. For
those that do not, we set edge weight to the minimum possible
value (71 / maxspeed)

Query Calibration in QARTA Query | - QARTA in Deployment

B @ @ DJ“":‘?"‘ J?Eh A

m Shortest Path queries =Re——k——Ran unaea A 4 . . L .

4 BT Map . s i A, =9J‘\\ QARTA is deployed in all Taxis in Qatar ~4Kvehicles
RoU6 & = e Nate
Origin, Feature Feature Vector O™ Ve ’ i % Madinat G RAFEEQ i i

Destination, e v T Sz Calibration B \GHIDIIN R A @) L7550 Alocal food delivery company ~3Kmotorbiks

Start time ' =5 RIA. =~ | Lejbailat S &
C) S : :

Lekhwair

B QARTAreceives: Routing
Q ~235K daily AP calls
O ~1 Million daily GPS tracks

Route & ETA
5 Shortest Path
Algorithm

Al Sadd Doha AI;:‘J‘Q <5A"‘-7‘910’;E: —
) e o S
M Range and kNN queries = A= G B APIs & Services: =2
S ooha
e Mehaial  sbeaus e A N N -
- E vasia x  Answer +ETA = < Sl ; Q In-traffic routes Y
Origin, __ [SCHEESN Answer ——— Awasn T e ] Gl \ Q Travel time estimation
istance query processor JISITN : T OSRM  Motorbike  pq, es) P e Joe) I f
S ' N e Old Arport O Complex route planning A Rapyan 4
AlAin Gardens i U OD matrices Fare estimation Taxi Dispatching
e
Feedback Ankhaled N O Search & addresses Link: https://garta.io



< BUSINESS . 3 E B Answer

The billion dollar war over maps

by Seth Fiegerman @sfiegerman
@© June 7, 2017:

Routes

The future of cars: Self-driving and electric

During a test drive near Ford's Michigan headquarters, the team
noticed something strange with its self-driving cars.

Each car shifted slightly at the same point in the lane "as if they were avoiding a pothole,” says
Jim McBride, Ford's senior technical leader for autonomous cars.

The problem wasn't the cars -- it was the map.

Edge Weight Inference in QARTA

| Divide all trips into time granularity (e.g., one hour)
W Solve the regression equation per time granularity

Ridge

Heavy :
{ Eaoehoad F ol Edge weights
"7 10K equations in | Detection 1K equations in Analysis per hour

500K unknowns 5K unknowns

T Hour

B More than 99% of the roads satisfy the physical constraint. For
those that do not, we set edge weight to the minimum possible
value (71 / maxspeed)

Query Calibration in QARTA Query | - QARTA in Deployment

B @ @ DJ“":‘?"‘ J?Eh A

m Shortest Path queries =Re——k——Ran unaea A 4 . . L .

4 BT Map . s i A, =9J‘\\ QARTA is deployed in all Taxis in Qatar ~4Kvehicles
RoU6 & = e Nate
Origin, Feature Feature Vector O™ Ve ’ i % Madinat G RAFEEQ i i

Destination, e v T Sz Calibration B \GHIDIIN R A @) L7550 Alocal food delivery company ~3Kmotorbiks

Start time ' =5 RIA. =~ | Lejbailat S &
C) S : :

Lekhwair

B QARTAreceives: Routing
Q ~235K daily AP calls
O ~1 Million daily GPS tracks

Route & ETA
5 Shortest Path
Algorithm

Al Sadd Doha AI;:‘J‘Q <5A"‘-7‘910’;E: —
) e o S
M Range and kNN queries = A= G B APIs & Services: =2
S ooha
e Mehaial  sbeaus e A N N -
- E vasia x  Answer +ETA = < Sl ; Q In-traffic routes Y
Origin, __ [SCHEESN Answer ——— Awasn T e ] Gl \ Q Travel time estimation
istance query processor JISITN : T OSRM  Motorbike  pq, es) P e Joe) I f
S ' N e Old Arport O Complex route planning A Rapyan 4
AlAin Gardens i U OD matrices Fare estimation Taxi Dispatching
e
Feedback Ankhaled N O Search & addresses Link: https://garta.io



Y&
=



	QARTA: An ML-based System for Accurate Map Services
	Slide Number 2
	Slide Number 3
	Slide Number 4
	Slide Number 5
	Slide Number 6
	Slide Number 7
	QARTA: An ML-based System for Accurate Map Services
	Slide Number 9
	Slide Number 10
	Slide Number 11
	Slide Number 12
	Slide Number 13
	Slide Number 14
	Slide Number 15
	Slide Number 16
	Slide Number 17
	Slide Number 18
	Slide Number 19
	Slide Number 20
	Slide Number 21
	Slide Number 22
	Slide Number 23
	Slide Number 24
	Slide Number 25
	Slide Number 26
	Slide Number 27
	Slide Number 28
	Slide Number 29
	Slide Number 30
	Slide Number 31
	Slide Number 32
	Slide Number 33
	Slide Number 34
	Slide Number 35
	Slide Number 36
	Slide Number 37
	Slide Number 38
	Slide Number 39
	Slide Number 40
	Slide Number 41
	Slide Number 42
	Slide Number 43
	Slide Number 44
	Slide Number 45
	Slide Number 48
	Slide Number 49
	Slide Number 50
	Slide Number 51

