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Trajectory Data Management and Mining
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Yu Zheng. Trajectory Data Mining: An Overview. 
ACM Transactions on Intelligent Systems and Technology. 2015

Yu Zheng, XiaofangZhou. Computing with 
Spatial Trajectories, Springer Press 2011

http://research.microsoft.com/apps/pubs/?id=241453
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Agenda

1. Why Deep Learning meets ST data

2. Deep Neural Networks for ST data

ÅSpatio -Temporal Neural Networks

¸ST Point Data, ST Gridded Data, ST Networks, ST Sequence Data

ÅAdvanced ST Neural Networks

¸ST Meta Learning, ST Network Architecture Search

3. More Spatio -Temporal AI Applications



Part 1. Why Deep Learning meets Spatio- Temporal data



Big Spatio -Temporal Data in Cities
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Taxonomy of Spatio -Temporal (ST) Data

ÅData Structures

ÅSpatio- temporal (ST) Properties

Spatio-temporal
Static Data

Spatial Static 
Temporal Dynamic Data

Spatio-Temporal 
Dynamic Data

Road/Transportation
Networks

POI Distributions

Trajectory Data

Spatial-temporal
Crowd Souring DataWeather/AQI Station Data

Road Traffic Data
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Foursquare, Geo-tweets, Dianping

TAXI, DD, Uber,
China Mobile, China Telecom

US EPA,  China MEP, IOT

GaodeMaps, Traffic 
management Bureau 

Bing, Google, Gaode, 
Baidu Maps
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Why Spatio -Temporal Data Is Unique

ÅDistance 
ÅSpatial closeness

ÅTriangle inequality: 
ȿὨ Ὠȿ Ὠ ȿὨ Ὠȿ

ÅHierarchy
ÅDifferent spatial granularities

ÅCity structures
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Junbo Zhang, Yu Zheng, et al. Deep Spatio-Temporal Residual Networks for 

Citywide Crowd Flows Prediction, AAAI 2017

https://arxiv.org/abs/1610.00081
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Why Spatio -Temporal Data Is Unique

ÅTemporal properties
ÅTemporal closeness

ÅPeriod

ÅTrend
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Junbo Zhang, Yu Zheng, et al. Deep Spatio-Temporal Residual Networks for 

Citywide Crowd Flows Prediction, AAAI 2017

https://arxiv.org/abs/1610.00081
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Why Deep Learning meets ST Data

ÅWhat Deep Learning can do for ST Data
ÅEncoding a (single) ST dataset
ÅFusing multiple ST datasets

ÅWhat ST data can provide to Deep Learning
ÅMassive and diverse Data
ÅComputing infrastructures are ready
ÅApplication scenarios requiring 
ÅInstantaneous responses at large spaces 

ÅCollective computing
Å(traditional machine learning models many not be able to handle)
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Taxi Trajectory Data of Shenzhen
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Encoding Spatio -Temporal Properties

CNN is able to model spatialproperties
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Trajectories of taxis, trucks and buses
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Fusing Multiple ST -Datasets

Urban Air Urban Flow

DNN

Urban Anomaly

DNN

Taxi WeatherTruckCoil Bus Temp Wind POI RoadNet

...

MeteorologyTraffic Map

Data

Middle-level 
Representations

Applications



1 frame/min, one year: 3TB
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Why Deep Learning for ST Data

ÅBig ST- Data 5G + IoT

6MBTaxi TaxiBus Truck

1City: 9TB

120Cities: 1PB

Traditional ML algorithms cannot model 

spatial and temporal properties of such a live 

and large-scale data



ÅDeep Learning for ST -Data

ïCannot fit raw spatiotemporal data into a deep learning 

model Ą Data transformation

ïTexts and images Ą spatial and spatiotemporal data; 

(Encoding spatiotemporal properties )

ïMining a single data source Ą Mining data across 

different domains

Challenges

Data transformation
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Raw ST Data
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Part 2. Deep Neural Networks for Spatio- Temporal data

2.1 Spatio- Temporal Neural Networks



Spatio -Temporal Neural Networks

ÅST Point Data: GeoMAN

ÅST Gridded Data: ST- ResNet

ÅST Network (Graph) Data:MVGCN, MDL

ÅST Sequence Data: DeepTTE



Spatio -Temporal Neural Networks

ÅST Point Data: GeoMAN

ÅST Gridded Data: ST- ResNet

ÅST Network (Graph) Data:MVGCN, MDL

ÅST Sequence Data: DeepTTE



ST Point Data (Geo -sensory Time Series)

ÅThere are massive sensors deployed in physical world
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Volume: 32

Speed: 50km/h

ÅProperties

ÅEach sensor has a unique geospatial location

ÅConstantlyreporting time series readings about different 

measurements

ÅWith geospatial correlation between their readings

Sensors
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pH: 7.1 
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Insight

ÅAffected by many factors
ÅLocal information
ÅSensor correlations
ÅExternal factors, e.g., weather, time and land use
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Challenges

ÅAffected by many factors
ÅReadings of previous time interval

ÅReadings of other sensors in nearby regions

ÅExternal factors: weather, time and land use

ÅDynamic Inter- sensor correlations

ÅDynamic temporal correlation

DAY 1DAY 2
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TimeWeather

POIs Sensor Network



LSTM

Spatial Attn

LSTM
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Spatial Attention

ÅCapture the dynamic inter- sensor correlation

ÅLocal spatial attention
ÅAdaptively capture the dynamic correlation between target series

and each local feature

ÅGlobal spatial attention
ÅAdaptively select relevant sensors to make predictions

Local Attn Global Attn
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Local Spatial Attention
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Global Spatial Attention
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Temporal Attention

ÅSelect relevant previous time slots to make predictions 
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Datasets

ÅWater quality data
ÅResidual chlorine, turbidity, pH, flow, etc.
ÅFrom 14 sensors in Shenzhen
ÅUpdate each 5 minutes

ÅAir quality data
ÅPM2.5, PM10, NO2, SO2, O3, CO, etc.
ÅFrom 35 sensors in Beijing
ÅHourly updates

ÅWeather forecasts

ÅPOIs data

ÅSensor networks



Results



Attention Visualization

ÅCase study over air quality dataset
ÅDiscuss on sensor Ὓ
Å4:00 to 16:00 on Feb. 28, 2017

(a) Air quality stations in Beijing
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Demo



Spatio -Temporal Neural Networks

ÅST Point Data: GeoMAN

ÅST Gridded Data:ST- ResNet

ÅST Network (Graph) Data:MVGCN, MDL

ÅST Sequence Data: DeepTTE



ST Gridded Data
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DNN -Based Urban Flow Prediction

ÅImportant for:

ÁTraffic management

ÁRisk assessment

ÁPublic safety

Predict In-flow and out-flow of crowds in each region at next time interval 
throughout a city 

Junbo Zhang, Yu Zheng, et al. DNN-Based Prediction Model for Spatial-Temporal Data. ACM SIGSPAITAL 2016 

Junbo Zhang, Yu Zheng, et al. Deep Spatio-Temporal Residual Networks for Citywide Crowd Flows Prediction, AAAI 2017

http://ubigdataplatform.chinacloudsites.cn/demo/CaseUrbanFlow.html
https://www.microsoft.com/en-us/research/publication/dnn-based-prediction-model-spatial-temporal-data/
https://arxiv.org/abs/1610.00081
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Many Applications

Phone
Signals 

Card 
Swiping 
Data

Trajectories
& 
Request

Food
Orders

Trajectories

Public Safety Crowd flow

Metro/bus flow

Traffic flow

Supply & demand

Orders & dispatch

Intelligent Scheduling

Anomaly Detection
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Challenges

ÅUrban crowd flow depends on many factors
ÅFlows of previous time interval

ÅFlows of nearby regions and distant regions

ÅWeather, traffic control and events

ÅCapturing spatial properties
ÅSpatial distance and hierarchy 

ÅCapturing temporal properties
ÅTemporal closeness

ÅPeriod and trend
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Trajectories
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Converting Trajectories into Video - like Data

Junbo Zhang, Yu Zheng, et al. Deep Spatio-Temporal Residual Networks for 

Citywide Crowd Flows Prediction, AAAI 2017

https://arxiv.org/abs/1610.00081
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ST-ResNet Architecture: A Collective Prediction

Conv

ResUnit 1

ResUnit L

cl
os

e-

ne
ss

Conv

ResUnit 1

ResUnit L

pe
ri
od

Conv

ResUnit 1

ResUnit L

tr
en

d

recentneardistant

Junbo Zhang, Yu Zheng, et al. Deep Spatio-Temporal Residual Networks for 

Citywide Crowd Flows Prediction, AAAI 2017

https://arxiv.org/abs/1610.00081
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Residual Deep Convolutional Neural Network

Capturing spatial correlation of both near and far

Using residual network framework to help training 
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Junbo Zhang, Yu Zheng, et al. Deep Spatio-Temporal Residual Networks for 

Citywide Crowd Flows Prediction, AAAI 2017

https://arxiv.org/abs/1610.00081
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Junbo Zhang, Yu Zheng, et al. Deep Spatio-Temporal Residual Networks for 

Citywide Crowd Flows Prediction, AAAI 2017

ÅA Collective Prediction

ÅCapture temporal closeness, 
period and trend

ÅCapture external factors

ÅCapture spatial correlation of both 
near and far distances

Å Fusing factors differently in 
different regions

‫ȟȟ‫ȟȟ‫ȟ Ễ

ể Ệ ể
Ễ ‫ȟȟ‫ȟȟ‫ȟ

46

ST-ResNet Architecture

https://arxiv.org/abs/1610.00081
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Experiments

> 700GB

Datasets
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Results

ST-ResNet[with 4 residual units]

Closeness

Period

Trend

External

Baseline
Spatia

l
Tempor

al

Intra -
region

dependenc
e

External
Factors

HA �q

ARIMA �q

SARIMA �q

VAR �q �q

RNN/
LSTM/
GRU
(3, 6, 12, 
24, 48, 336)

�q �q

ST- ANN �q �q

DeepST �q �q �q �q

ST- ResNet �q �q �q �q

12 residual units

TaxiBJ

4 residual units

BikeNYC

Multi-step prediction

ST-ResNet


