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10 MILES 7-13 MILES

LARGE AMOUNT OF CONGESTION 
CAUSED BY TRAFFIC CRUISING

DEADHEADING 
VEHICLES FOR HIRE

PROBLEM

LOOKING FOR 
PARKING

SCHALLER CONSULTING  GOOGLE MAPS



PROBLEM

INTERSECTION 
WITH SENSOR

INTERSECTION 
WITHOUT SENSOR



TECHNICAL CHALLENGES 

INCOMPLETE GRID BIG DATA

SENSORS ONLY COVER

OF THE GRID.

37%
SENSORS PRODUCE 

OBSERVATIONS / HR.

200K

SENSOR DETECTION

38%
SENSORS DETECT

OF DEVICES W/ WIFI ON.



CHALLENGESPRIVACY AND DATA GOVERNANCE

DATA IS 
ANONYMIZED

INEXACT LOCATION

DEPLOYABLE BEHIND 
TRANSPORTATION DATA 

COLLABORATIVE

AGGREGATED VIEWS

RAW DATA NOT 
RETAINED



OBJECTIVES

REPURPOSE 
SENSOR 

NETWORK

1 2 4

VISUALIZE
WITH A 

HEAT MAP

3

SCALE UP AND 
DEPLOY

DIFFERENTIATE 
TYPES OF TRAFFIC

CRUISING



ANONYMOUS
SENSOR

READINGS

APPROACH OVERVIEW

ESTIMATED 
PATHS

AGGREGATE 
HEATMAPMETADATA

25 
MPH

2 
STOPS

0.35 
DISTANCE

RATIO

ETC.

LABELED
PATHS



 

REMOVE FALSE 
DETECTIONS

GROUP 
ANONYMOUS

READINGS

REMOVE SHORT 
PATHS

ESTIMATE 
ROUTE

SEGMENT AND 
LABEL

PIPELINE
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METADATA COLLECTION
PATH FEATURES

NUMBER OF TIMES PATH CROSSED

AVERAGE SPEED

MAX SPEED

STANDARD DEVIATION OF SPEED

NUMBER OF LONG STOPS

PERCENTAGE OF TIME DRIVING

PERCENTAGE OF TIME WALKING
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READINGS
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LABELED
PATHS
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PROBLEM

NO STANDARD DEFINITION OF 
CRUISING

CURRENTLY NO GROUND 
TRUTH

1

2

SOLUTION

MULTI-STEP CLASSIFICATION

LABEL SUBSET OF EXTREME 
CASES

1

2

3 MACHINE LEARNING TO 
IDENTIFY CRUISING 
INDICATORS

DEFINING CRUISING



USING DISTANCE RATIO

5 / 5 = 1.0 14 / 2 = 7.0
PROBABLY NOT

CRUISING
PROBABLY
CRUISING

LABELING



MULTI-STEP CLASSIFICATION

ALL 
TRIPS



MULTI-STEP CLASSIFICATION

PROBABLY 
CRUISING

PROBABLY
NOT CRUISING

39.5 %

12.7 %

47.8 %
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GRADIENT 
BOOSTING

ACCURACY: 96.6% ACCURACY: 91.4% ACCURACY: 97.1%
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A B C D

B C

B C D

A B C D

PATH ONE

PATH TWO

PATH THREE

AGGREGATED COUNTS1 3 2

+

+

AGGREGATION
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QUESTIONS?



APPENDIX



RESULTSVALIDATION



MODEL ACCURACY AUC_ROC PRECISION RECALL F1_SCORE

DECISION TREE 0.966 +/- 0.000 0.933 +/- 0.000 0.993 +/- 0.000 0.868 +/- 0.000 0.926 +/- 0.000

LOGISTIC 
REGRESSION 0.925 +/- 0.001 0.870 +/ 0.001 0.921 +/- 0.001 0.762 +/- 0.001 0.834 +/- 0.001

GRADIENT 
BOOSTING 
CLASSIFIER

0.967 +/- 0.000 0.935 +/- 0.000 0.994 +/- 0.000 0.871 +/- 0.000 0.928 +/- 0.000

CLASSIFICATION



NUMBER OF TIMES PATH CROSSED

AVERAGE SPEED

PERCENTAGE OF TIME DRIVING

0.3442

0.1191

0.1694

FEATURE IMP

HOUR

MAXIMUM SPEED

STD DEV OF SPEED

0.0101

0.0442

0.0556

STOPS 0 - 2 MIN

STOPS 10 - 15 MIN

STOPS 15+ MIN 

0.0323

0.0126

0.0377

TIME PERCENTAGE CHILLING

TIME PERCENTAGE WALKING

0.0906

0.0351



SENSOR DETECTION RATE
2ND AVE SENSOR
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