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CX083914

7th October 2021

Red markers: cell towers

Number: number of connections

?
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A

B

C

CX083914

?

Start time End time Location

00:00 11:00 A: Tiong Bahru 

11:00 12:00 B: Orchard 

12:00 13:00 C: Chinatown

14:00 Next day A: Tiong Bahru

Daily itinerary
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Benefits for Transport Planning

• Proxy to people’s location and 
movement

• Extensive coverage of the population 
(cross-sectional data)

• Data collected continuously (longitudinal 
data)

• Infrastructure already in place

• High mobile phone penetration rates in 
developed and developing countries

• Understand travel demand at an 
unprecedented level of detail 

1. Mobile Network Signalling Data 3/39



But …



A

B

C

CX083914

?

Start time End time Location

00:00 11:00 A: Tiong Bahru 

11:00 12:00 B: Orchard 

12:00 13:00 C: Chinatown

14:00 Next day A: Tiong Bahru

Daily itinerary

De Montjoye, Y. A., Hidalgo, C. A., Verleysen, M., & 

Blondel, V. D. (2013). Unique in the crowd: The privacy 

bounds of human mobility. Scientific reports, 3(1), 1-5.
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A

B

C

Temo

Start time End time Location

00:00 11:00 A: Tiong Bahru 

11:00 12:00 B: Orchard 

12:00 13:00 C: Chinatown

14:00 Next day A: Tiong Bahru

Daily itinerary
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Can mobile phone data be used for 

(disaggregated) transport planning without compromising users’ privacy?

2. Motivation 5/39
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Synthetic population height (cm)

Real population height (cm)

…

…
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Real population itineraries
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Real population itineraries
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Real population itineraries
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Real population itineraries
Multidimensional distribution 

• Start times
• Durations
• Locations
• Tours
• Etc.
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User-aggregated
mobile phone data

Input Output

?

Individual travel demand

Digital Twin Travellers
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Research questions

1. Can we synthesise realistic and individual mobility demand 

from aggregates of mobile phone data?
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Research questions

2. How can we validate that the synthetic mobility population

behaves similarly to the real population?
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4. Digital Twin Travellers

𝑓𝑿 𝒙 = 𝑃(𝑿1 = 𝒙1 , 𝑿2 = 𝒙2 , … , 𝑿𝑛 = 𝒙𝑁) True distribution of daily itineraries

𝑿𝑘 = [𝑆𝑘 , 𝐷𝑘 , 𝑍𝑘 , … ] Daily itinerary random variables: 

Start time, Duration, Location, …

𝑔𝑿 𝒙 ≈ 𝑓𝑿 𝒙 Generative model as an approximation

𝑔𝑿 𝒙 = 𝑃 𝑿1 ς𝑘=2
𝑁 𝑃(𝑿𝑘|𝑿𝑘−1) Individual mobility as a Markovian system

Setting

1st step Extend a typical Markov model using Dynamic 
Bayesian Networks to model individual mobility 

11/39



Why choosing a Markov model and Dynamic Bayesian Networks?



1. Obtain Likelihood 
Function

2. Minimize negative 
log-likelihood 
subject to 
parameters of 
random variables 
sum to one

3. For categorical and 
fully observable
random variables a 
closed-form solution 
is obtained.

𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝚯 =
𝑃 𝑫𝒂𝒕𝒂|𝑀𝑜𝑑𝑒𝑙(𝚯)

4. Learning is counting 
the occurrences in the 
data (i.e. frequencies).

Learning a Dynamic Bayesian Network

via Maximum Likelihood
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User-aggregated
mobile phone data

Input Output

?

Individual travel demand

Digital Twin Travellers
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User-aggregated
mobile phone data

Input Output

Modified 
Markov 
Model

Adapted
Rejection 
Sampling

Individual travel demand

Digital Twin Travellers

1 2

Generative
Model g(x)

Strategy to get closer to 
true distribution f(x)
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Digital Twin Travellers
Modified Markov Models of Urban Mobility



BM: Baseline Markov model

1. Graphical model
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BM: Baseline Markov model

1. Graphical model

Zones

4. Digital Twin Travellers 13/39



BM: Baseline Markov model

1. Graphical model

Start times
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BM: Baseline Markov model

1. Graphical model

Durations
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BM: Baseline Markov model

1. Graphical model

End times
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BM: Baseline Markov model

𝑷 𝒁𝟏:𝑵,𝑺𝟏:𝑵, 𝑬𝟏,𝑫𝟐:𝑵 = 𝑃 𝑆1 𝑃 𝑍1 𝑆1 𝑃 𝐸1 𝑆1,𝑍1 ෑ
𝑘=2

𝑁

𝑃 𝑍𝑘 𝐸𝑘−1, 𝑍𝑘−1 𝑃 𝐷𝑘 𝑍𝑘 ,𝑆𝑘 𝑃 𝑆𝑘|𝑍𝑘−1 ,𝐸𝑘−1

CPD Histogram

1 𝑃(𝑍1|𝑆1) Initial location

2 𝑃(𝐸1|𝑍1,𝑆1) Initial departure time given zone

3 𝑃(𝑍𝑘|𝑍𝑘−1 ,𝐸𝑘−1) Dynamic OD matrix

4 𝑃 𝑆𝑘 𝑍𝑘, 𝑍𝑘−1 ,𝐸𝑘−1) Start time given OD pair and origin end time

5 𝑃 𝐷𝑘 𝑍𝑘,𝑆𝑘) Duration given zone and start time

2. Joint Probability Distribution

1. Graphical model 3. Histograms required
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BM

Z1 Z2 Z3

E1 S2 S3

D2 D3

S1

E2 E3

Z1 = Tiong Bahru

S1 = 00:00

E1 = 08:00

Z2 = Raffles Place

S2 = 09:00

D2 = 4 hours

E2 = 13:00

Z3 = Maxwell

S3 = 13:00

D3 = 1 hour

E3 = 14:00

......
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BM

?!
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XR: Explore and Return model

𝑷 𝒁𝟏:𝑵,𝑺𝟏:𝑵, 𝑬𝟏,𝑫𝟐:𝑵, 𝑿𝑹𝟑:𝑵

= 𝑃 𝑆1 𝑃 𝑍1 𝑆1 𝑃 𝐸1 𝑆1 ,𝑍1 𝑃 𝑍2 𝑍1 ,𝐸1 ෑ
𝑘=2

𝑁

𝑃 𝑆𝑘 𝑍𝑘 ,𝑍𝑘−1, 𝐸𝑘−1 𝑃 𝐷𝑘 𝑍𝑘 , 𝑆𝑘 ෑ
𝑘=3

𝑁

𝑃(𝑋𝑅𝑘|𝑍𝑘−1,𝐸𝑘−1)𝑃 𝑍𝑘 𝐸𝑘−1 ,𝑍𝑘−1 ,𝑋𝑅𝑘

CPD Histogram

1 𝑃(𝑍1|𝑆1) Initial location

2 𝑃(𝐸1|𝑍1,𝑆1) Initial departure time given zone

3 𝑃(𝑍𝑘|𝑍𝑘−1 ,𝐸𝑘−1) Dynamic OD matrix

4 𝑃 𝑆𝑘 𝑍𝑘, 𝑍𝑘−1 ,𝐸𝑘−1) Start time given OD pair and origin end time

5 𝑃 𝐷𝑘 𝑍𝑘,𝑆𝑘) Duration given zone and start time

6 𝑃(𝑋𝑅𝑘|𝑍𝑘−1 ,𝐸𝑘−1) Explore or return

2. Joint Probability Distribution

1. Graphical model 3. Histograms required
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TX: Tour Explicit model

CPD Histogram

1 𝑃(𝑍1|𝑆1) Initial location

2 𝑃(𝐸1|𝑍1,𝑆1) Initial departure time given zone

3 𝑃(𝑍𝑘|𝑍𝑘−1 ,𝐸𝑘−1 ,k) Dynamic OD matrix per number of staypoint

4 𝑃 𝑆𝑘 𝑍𝑘, 𝑍𝑘−1 ,𝐸𝑘−1) Start time given OD pair and origin end time

5 𝑃 𝐷𝑘 𝑍𝑘,𝑆𝑘, tc) Duration given zone, start time, tour code

6 𝑃(𝑇𝑘|𝑍𝑘−1 ,𝐸𝑘−1 , 𝑡𝑐) Tour: next digit given tour code, zone, time

𝑷 𝒁𝟏:𝑵,𝑺𝟏:𝑵, 𝑬𝟏,𝑫𝟐:𝑵, 𝑻𝟑:𝑵

= 𝑃 𝑆1 𝑃 𝑍1 𝑆1 𝑃 𝐸1 𝑆1 ,𝑍1 𝑃 𝑍2 𝑍1 ,𝐸1 , 𝑘 ෑ
𝑘=2

𝑁

𝑃 𝑆𝑘 𝑍𝑘 ,𝑍𝑘−1 ,𝐸𝑘−1 𝑃 𝐷𝑘 𝑍𝑘 ,𝑆𝑘 , 𝑡𝑐 ෑ
𝑘=3

𝑁

𝑃(𝑇𝑘 |𝑍𝑘−1 ,𝐸𝑘−1 , 𝑡𝑐)𝑃 𝑍𝑘 𝐸𝑘−1 ,𝑍𝑘−1 ,𝑇𝑘 ,𝑘

2. Joint Probability Distribution

1. Graphical model 3. Histograms required
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TX
Tour network:  01

Options:

0 Tiong Bahru

1 Raffles Place

2 Any other
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TX
Tour network:  012

Options:

0 Tiong Bahru

1 Raffles Place

2 Maxwell

3 Any other
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Digital Twin Travellers
Finding traveller archetypes from mobile phone data



Finding traveller archetypes from mobile phone data

Traveller type X1

Traveller type X2

Traveller type Xn

socio-demographics

activity/trip information

one-day mobile data locations and timings

1. Train a generative model per type of traveller 2. Feature Engineering

1 Activity durations mean

2 Activity durations std

3 Bias morning / night

4 First departure

5 Last arrival
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1

T-SNE representation
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1

DBSCAN results

16 types of travellers

in Singapore 

in the given day

4. Digital Twin Travellers 21/39



1

Cluster 11: The Commuter

Departure times
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1

Cluster 13: The Commuter with multiple evening activities

Departure times
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1

Cluster 7: The Commuter with a late-night activity

Departure times

4. Digital Twin Travellers 24/39
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BM Baseline Markov

XR Explore and Return

XR-C Explore and Return with clusters

TX Tour Explicit

TX-C Tour Explicit with clusters

DITRAS External benchmark

Experimental setting

Real Mobile users’ staypoint data

Generate a synthetic mobility population with …

5. Experiments and results

… and compare with …

Pappalardo, L., & Simini, F. (2018). Data-driven generation of spatio-temporal 
routines in human mobility. Data Mining and Knowledge Discovery, 32(3), 787-829.
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Results: Activity start time

Model Error (%)

BM 1.20

XR 1.11

XR-C 0.92

TX 0.81

TX-C 0.59

DITRAS 4.98

5. Experiments and results 26/39



Results: Tour networks

Model Error (%)

BM 65.32

XR 35.87

XR-C 21.98

TX 1.36

TX-C 0.32

DITRAS 13.59
BM

Real

DITRAS

XR

XR-C

TX

TX-C
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Results: All

Model OMPAS (%)

BM 79.19

XR 89.79

XR-C 93.32

TX 97.65

TX-C 97.97

DITRAS 83.05

10 distributions validated

1.    Activity start time

2.    Activity duration

3.    Number of trips

4.    Tour network

5.    Dynamic spatial error

6.    Total distance travelled

7.    Radius of gyration

8.    Mobility entropy

9.    Activity space

10. Semantic similarity (new)

One-day Mobility Population Accuracy Score

Conclusion 1:

XR and TX architectures 
mitigate the first-order 
Markov constraint
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Results: All

Model OMPAS (%)

BM 79.19

XR 89.79

XR-C 93.32

TX 97.65

TX-C 97.97

DITRAS 83.05

10 distributions validated

1.    Activity start time

2.    Activity duration

3.    Number of trips

4.    Tour network

5.    Dynamic spatial error

6.    Total distance travelled

7.    Radius of gyration

8.    Mobility entropy

9.    Activity space

10. Semantic similarity (new)

One-day Mobility Population Accuracy Score

Conclusion 2:

Clustering improves the 
accuracy score 
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Results: All

Model OMPAS (%)

BM 79.19

XR 89.79

XR-C 93.32

TX 97.65

TX-C 97.97

DITRAS 83.05

10 distributions validated

1.    Activity start time

2.    Activity duration

3.    Number of trips

4.    Tour network

5.    Dynamic spatial error

6.    Total distance travelled

7.    Radius of gyration

8.    Mobility entropy

9.    Activity space

10. Semantic similarity (new)

One-day Mobility Population Accuracy Score

Conclusion 3:

If the model designs are 
reasonable, larger 
complexity, higher 
accuracy score 

c
o

m
p
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Results: All

Model OMPAS (%)

BM 79.19

XR 89.79

XR-C 93.32

TX 97.65

TX-C 97.97

DITRAS 83.05

10 distributions validated

1.    Activity start time

2.    Activity duration

3.    Number of trips

4.    Tour network

5.    Dynamic spatial error

6.    Total distance travelled

7.    Radius of gyration

8.    Mobility entropy

9.    Activity space

10. Semantic similarity (new)

One-day Mobility Population Accuracy Score

Conclusion 4:

TX-C model 
outperforms all others
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User-aggregated
mobile phone data

Input Output

Modified 
Markov 
Model

Adapted
Rejection 
Sampling

Individual travel demand

Digital Twin Travellers

1 2

Generative
Model g(x)

Strategy to get closer to 
true distribution f(x)
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Results: Model complexity vs accuracy

Conclusion 5:

The XR model (after RS) is 
the preferred choice if both 
model complexity and 
accuracy are considered

XR

TX-C

complexity

BM
RS not 
practical

5. Experiments and results 30/39
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Application

1. Mode choice

Do the Digital Twin Travellers choose
the same modes of transport than the

real population?

6. Application

2. Agent-based simulation

Do the Digital Twin Travellers congest
the city in a similar way than the real 

population?

31/39



Mode choice 

Model:

Training data:

Modes: 

Feature set: 

Results

Origin: All  Destination: All  Time: All

Main Mode
Digital Twin 

Travellers
Itineraries extracted 

from mobile data

Car 62.03 62.15

Subway 18.60 17.84

Walk 10.07 10.74

Road 4.76 4.79

Bus 4.53 4.45

1.   Start time
2.   Distance
3.   Travel time
4.   Origin Car share
5.   Origin Subway share
6.   Origin Bus share
7.   Origin Walk share
8.   Origin Road share
9.   Destination Car share
10. Destination Subway share
11. Destination Bus share
12. Destination Walk share
13. Destination Road share

Car
Subway
Bus
Walk
Road

Random Forest Classifier

One week of trips extracted from 
mobile phone data (DataSpark)
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Mode choice 

Model:

Training data:

Modes: 

Feature set: 

Results

Origin: All  Destination: Raffles P.  Time: 8 am

Main Mode
Digital Twin 

Travellers
Itineraries extracted 

from mobile data

Car 62.38 62.93

Subway 18.18 17.56

Walk 10.58 10.48

Road 4.66 4.64

Bus 4.18 4.37

1.   Start time
2.   Distance
3.   Travel time
4.   Origin Car share
5.   Origin Subway share
6.   Origin Bus share
7.   Origin Walk share
8.   Origin Road share
9.   Destination Car share
10. Destination Subway share
11. Destination Bus share
12. Destination Walk share
13. Destination Road share

Car
Subway
Bus
Walk
Road

Random Forest Classifier

One week of trips extracted from 
mobile phone data (DataSpark)
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Road counts
Geylang Rd (between KPE and Lor 22 Geylang)

Digital Twin TravellersUsers mobile data

6. Application 34/39



Road counts
MCE Tunnel

Digital Twin TravellersUsers mobile data

6. Application 35/39



Road counts
BKE (Between Bukit Panjang Rd and Diary Farm Rd)  

Digital Twin TravellersUsers mobile data

6. Application 36/39



East-West Line occupancy
Joo Koon – Pasir Ris
Morning peak

Digital Twin TravellersUsers mobile data

6. Application 37/39
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Conclusion

7. Conclusion

Digital Twin Travellers: 

framework to synthesise 

realistic and individual travel 

demand from aggregates of 

mobile phone data

Integrates mobile phone 

data into disaggregated 

travel demand models and 

simulations

Privacy-by-Design

approach and inline with 

data privacy regulations 

enables the framework to be 

used in practice

Baseline Markov (BM), 
Explore and Return (XR), 
Tour Explicit (TX) generative 
models for individual travel 
demand

Method to find types of 
travellers based uniquely 
on their daily itinerary 
extracted from mobile 
phone data

Two new metrics to measure 

the similarity between two 

populations consisting of 

one-day itineraries: OMPAS

and SS

Digital Twin Travellers 
compared with users’ 
itineraries extracted from 
mobile phone data in a 
mode choice model and an 
agent based simulation

A transport modeller 
requires only 7 different 
types of histograms from 
the TSP

Digital Twin Travellers for 

future/alternative scenarios

Digital Twin Travellers with 

socio-demographic and trip 

purpose information

Contribution Contribution Contribution Future research

Application
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