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A traffic analyst wants to determine when is the busiest hours of 
a traffic intersection based on recorded traffic camera footages.
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Autonomous Vehicle Traffic Camera Drone Camera

An engineer wants to develop an application that reports 
realtime parking spots availability from drone camera footages
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(Manual)

Manually watch and annotate

😫⏳
Time-consuming Tedious & 
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The users only need to describe “what” their videos 
of interest look like instead of “how” to get them.

Spatialyze leverages users’ description of their videos 
of interest and the geospatial metadata to optimize 
for faster video processing.

1
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Programming

VisualWorldDB: A DBMS for the Visual World. Brandon Haynes, Maureen Daum, Amrita Mazumdar, Magdalena Balazinska, Alvin Cheung, and Luis Ceze. CIDR, 2020.

“A car at an 
intersection”

“A car on 
a lane”
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V I D E O  P R O C E S S O R

Object Detector

Object Tracker

Runtime depends on

o1 Road Visibility Pruner

*

*

o1# of video frames

ML inference time on 
each video

o2 3D Location Estimator (                         )with geospatial 
metadata

o2
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o1 Road Visibility Pruner

"Geographic constructs' visibility is a proxy for objects' visibility"

1.25x Speed up
Prunes out 21% of total frames
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Camera

Camera View 
Image Plane

Bounding Box

(x, y, z=0)

Optimization Techniques
S YS T E M  O P T I M I Z AT I O N# 3

o3 3D Location Estimator (                         )with geospatial 
metadata

"If objects of interest are on the ground, we can recover their 3D location 

based on their 2D pixels bounding box and camera parameters"

2x Speed up
Speeds up 3D location estimation by 190x
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Experiment Setups
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Ablation

VIVA

SkyQueryCompare with no Optimization

End-to-End video analytic system

Q1 A pedestrian at an intersection 
moving perpendicularly to the camera

Q2 A car turning left with a 
pedestrian at an intersection.

Q3 A car stopped in a cycling lane.

c = w.object(); p = w.object(); i = w.geoConstruct(‘intersection’) 
w.filter(c.type==‘car’ & p.type=‘people’ & turnLeft(c) 
         & contains(i, [c, p]))

c = w.camera(); b = w.geoConstruct(‘bike-lane’) 
w.filter(p.type==‘car’ & contains(b, c)) 

Geospatial video query processor

p = w.object(); c = w.camera(); i = w.geoConstruct(‘intersection’) 
w.filter(p.type==‘person’ & perpendicular(p, c) 
         & contains(i, p))
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Ablation VIVA SkyQuery
Compare with no Optimization End-to-End video analytic system Geospatial video query processor

5x 1.7-6.3x 1.17x



In Summary
S PAT I A LY Z E

Constructing geospatial video 
analytics workflows is tedious 
and error-prone, let alone 
constructing them efficiently.

Spatialyze offers simplified 
data model and programming 
model; users analyze geospatial 
metadata together with videos.

Based on users' queries, 
Spatialyze accelerate video 
processing using geospatial 
metadata.

🐌😓 🚀😎
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Next Step: User-Centered Design for Video Analytics Tools
We're starting a new research project!

Studying real-world video analysis workflows

Your insights will shape our design!

*

*

*




