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TSE Thematic Research Profile

Modeling, optimization and simulation of transportation systems
Demand and supply modeling (multimodal, incl. freight)

*Emerging transport modes (autonomous, urban air mobility, efc.—)—--—-j—-—,-

*Optimization, calibration, and validation |

Muobilily Patleris, Big Dala
|  wed Transneel Anniyiics

Data science and data analytics
*Big data acquisition, e.g. via social media

-Data-driven models and machine learning

Human factors analysis
*Road safety modeling
*Behavioral economics applications

*Modeling of factors affecting transportation systems user engagement (adoption,

U@aﬁ&fact@n§t®tmp); Antoniou (TUM) | Francqui Chair Inaugural Lecture | U. Hasselt | 22.05.2023



Chair of Transportation Systems Engineering
TUM School of Engineering and Design

Technical University Munich

O Utl I n e Thanks to many funding agencies, including:
Transport data openness DF Deutsche |
Forschungsgemeinschaft

Opportunistic applications

Scalable processing of drone videography data

Indirect traffic flow estimation from link speeds

IGSSE ™
international lr, .
interdisciplinary # Ilﬂ_‘“l | 1lim) il

gl

TUM TSE at the NeurlPS 2022 Traffic4cast challenge

Some ongoing projects

Outlook and conclusion
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Source: Mahajan, V., N. Kuehnel, A. Intzevidou, G. Cantelmo, R. Moeckel & C. Antoniou (2021)
Data to the people: a review of public and proprietary data for transport models, Transport Reviews, 42 (4), 415-440. DOI: 10.1080/01441647.2021.1977414
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D a‘t a O p e n n e S S Visualisation was inspired by the concentric shell model by Backx (2003), further used
by van Loenen & Grothe (2014), shown on the right: “E
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Source: Mahajan, V., N. Kuehnel, A. Intzevidou, G. Cantelmo, R. Moeckel & C. Antoniou (2021)
Data to the people: a review of public and proprietary data for transport models, Transport Reviews, 42 (4), 415-440. DOI: 10.1080/01441647.2021.1977414
Univ.-Prof. Dr. Constantinos Antoniou (TUM) | Francqui Chair Inaugural Lecture | U. Hasselt | 22.05.2023 8



Chair of Transportation Systems Engineering

TUM School of Engineering and Design
Technical University Munich

Data insufficiency

Commendable open data initiative

Needs vs. availability

Data availability varies

Key (Numbers in the circles represent modelling task):

1: Trip Generation, 2: Accessibility, 3: Trip Distribution/
4: Destination Choice/ Activity Spaces/ Trip Purpose,

OD flows,

5: Departure Time Choice, 6: Mode Detection, 7: Route Choice,

8: Network Modelling, 9: Traffic Speed, 10: Travel-time,

Crowd-sensed GNSS
(POI/ Map data by
Google, Foursquare,
etc.)

AVL data
(Traffic data by
TomTom, INRIX, etc)

MPND
(OD Matrix by telecom
operators)

Social media data
(Premium Twitter API)

Aggregated AVL data
(UBER Movement
aggregated Travel-time
and Speed data)

Social media data
(Standard/ Free Twitter

API)

Commercial (priced) data

Mobile phone
network data
1to 10 )

s

GNSS data
(AVL &
smartphones)

% 2 1,3t07,9,10
2 'uf) 7
3 o
g3
=%

Aggregated data
from personal
sources
1,3,9,10

Gratis (free) and accessible data
with restricted use

Source: Mahajan, V., N. Kuehnel, A. Intzevidou, G. Cantelmo, R. Moeckel & C. Antoniou (2021)
Data to the people: a review of public and proprietary data for transport models, Transport Reviews, 42 (4), 415-440. DOI: 10.1080/01441647.2021.1977414
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Open data licensing >

Inaccessible data

Closed

data

Open data

traffic/ transit

Closed Transit data

(if transit operators do

not adopt GTFS and
hare the data publicly)

losed Traffic data
(if traffic operators do
ot share the detector
ata)

Bluetooth travel-time
(Open Data Toronto)

VGl
(OpenStreetMaps)

Static GTFS data for

public transport in
Germany
(www.gtfs.de)

Traffic counts
(Open Data Paris)
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COVID-19
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Google’s popular time graph

Google’s popular time graph for POls (Place of Interest) POI's popularity graph

=» Live: Busy
Past trend (average over past few weeks) Usually up to 30 mins wait

Live popularity (real-time)
Relative busyness on [0,100] scale
Indication of busyness/ visitation

12D 3b 6D 9o

Image Source: Google Maps

Previous studies https://github.com/m-wrzr/populartimes
 Venue popularity’

 Local business attractiveness?

« Demand expansion factors?®

« Consumer behavior?

Timokhin et al., 2020, 2Capponi et al., 2019, 3MacKenzie & Cho, 2020, “Mohring et al., 2020
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TU
Popularity trend
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Source: Mahajan, V., Cantelmo, G. & Antoniou, C. (2021) Explaining demand patterns during COVID-19 using opportunistic data: a case
study of the city of Munich, European Transport Research Review 13(1), 1-14
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Linear regression

R e S u I tS Dependent variable: P;_q4

1:0LS 2:RLM
Intercept 48.74%** 5337%*
 Variability in the effects of lockdown (6.93) (7.04)
fast-food —2.56 —357
(3.75) (3.81)
 Significant correlation of POI popularity with: lockdown 3.66 —350
(9.82) (9.98)
B POI type lockdown:fast-food —19.47%** —16.73***
— Proximity to a transit stop (5.31) (5.39)
lockdown:monday —16.45%** —16.24%**
— Day of the week - s
lockdown:average stop distance/1000 19.49** 2019
« Focus on popularity dip for transit-close POls (693 007
lockdown:supermarket 4.53%* 4.84**
— Work from home 0.0 05
— Change of travel modes monday 1120 1129
(1.08) (1.09)
average stop distance/1000 —10.52* —11.40%
(6.32) (6.42)
Observations 718 718
R? 0.34
Adjusted R? 032

Source: Mahajan, V., Cantelmo, G. & Antoniou, C. (2021) Explaining demand patterns during COVID-19 using opportunistic data: a case
study of the city of Munich, European Transport Research Review 13(1), 1-14
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From relative to absolute numbers

Figure 12. Photo of the microcontroller setup.

Table 6. The price of each item used in the microcontroller setup (2018, amazon.de).

Item Cost, EUR
Raspberry Pi Zero W 10
Micro SD card (16 GB) 6.49
Power Bank (5000 mAh) 8.99

Timokhin, S.; Sadrani, M.; Antoniou, C. (2020). Predicting Venue Popularity Using Crowd-Sourced and Passive Sensor Data. Smart
Cities, 3(3), 818-841.
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Takumi
Min threshold: 15 min "
Max threshold: 140 min o
Correlation with Google: 0.93 2

Timokhin, S.; Sadrani, M.; Antoniou, C. (2020). Predicting Venue Popularity Using Crowd-Sourced and Passive Sensor Data. Smart

Cities, 3(3), 818-841.
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Timokhin, S.; Sadrani, M.; Antoniou, C. (2020). Predicting Venue Popularity Using Crowd-Sourced and Passive Sensor Data. Smart
Cities, 3(3), 818-841.
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Addressing quality of drone videography data
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Drones for data collection
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Errors: noise and anomalies

Maximum accelerations
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Source: V. Mahajan, E. Barmpounakis, M. R. Alam, N. Geroliminis and C. Antoniou, "Treating Noise and Anomalies in Vehicle

Trajectories From an Experiment With a Swarm of Drones," in IEEE Transactions on Intelligent Transportation Systems, doi:
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Methodology

DATABASE

Select Vehicle

>

i

next vehicle

Methodology:
Noise and
anomaly
removal

Noise filter
(Savitzky-Golay) on
speed with anomalies

Calculate
accelerations

Create anomaly mask
based on
re-construction error

No

Train Gradient
Boosting model with
L2 regularization

Remove anomalous
accelerations

Calculate speed for
anomalous time-
intervals

Re-calculate
accelerations

Last

NO

vehicle?

Gaussian filter on
speed without
anomalies

Source: V. Mahajan, E. Barmpounakis, M. R. Alam, N. Geroliminis and C. Antoniou, "Treating Noise and Anomalies in Vehicle

Trajectories From an Experiment With a Swarm of Drones," in IEEE Transactions on Intelligent Transportation Systems, doi:
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Noise and anomaly removal

1. Denoise
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——SGF with anomalies

2
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. N
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hJ
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2. Remove anomalies
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0 Anomaly Mask
0
0
4. Re-calculate accelerations
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U h‘\’%—r-- — e
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Time (s)

Source: V. Mahajan, E. Barmpounakis, M. R. Alam, N. Geroliminis and C. Antoniou, "Treating Noise and Anomalies in Vehicle

Trajectories From an Experiment With a Swarm of Drones," in IEEE Transactions on Intelligent Transportation Systems, doi:
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Results

20 Motorcycle Car, Taxi, Medium Venhicle Bus, Heavy Vehicle
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Source: V. Mahajan, E. Barmpounakis, M. R. Alam, N. Geroliminis and C. Antoniou, "Treating Noise and Anomalies in Vehicle

Trajectories From an Experiment With a Swarm of Drones," in IEEE Transactions on Intelligent Transportation Systems, doi:
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Indirect traffic flow estimation from link speeds
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Some data are easier to collect

Ease of collection/ availability Ease of demand calibration

Link count data

Link speed data

AltMoqp),

Source: UBER Movement
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Approach

Insufficient data Increased observability

Machine learning model
—

O Observed link counts #;« Estimated link counts

——— Link speeds

Univ.-Prof. Dr. Constantinos Antoniou (TUM) | Francqui Chair Inaugural Lecture | U. Hasselt | 22.05.2023
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Methodology

Link Speeds

| —

ML Model

Link Flows

Mahajan, V., Cantelmo, G., Rothfeld,

R., Antoniou, C.: Predicting network flows
from speeds using open data and transfer
learning. IET Intell. Transp. Syst., 17 (4),
804-824 (2023).
https://doi.org/10.1049/itr2.12305

Univ.-Prof. Dr. Constantinos Antoni
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- visualization
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Data Fusion

Speed from FCD (Uber Movement)
Detector: Flow (Open Data portal)

OpenStreetMaps (OSM)

shst_id osm_id hour day month @ maxspeed  highway oneway length lanes q k |5peed_kph_mean speed kph stddev
de935d5b90bcad1ceci7963 369834796 0 1 1 500 secondary  True 65408 3.0 ||3940 931722 36.718 5.040
Med9a923d64d0484d79590 [‘;?‘;gggﬂ% 0 1 1 50.0 secondary  True 113265 20 ||3940 931722 35.557 14.453
Med9a023d64d0484d79590 84593975 0 1 1 500 secondary  True 30.823 20 ||3940 931722 33.332 8.752

Hourly aggregation

Case studies: Paris and Madrid
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Model Architecture .

1 . 1
Autoregressive feature set: using also time-lagged flow as predictors , - time-lagged flow

Secondary feature set: exogenous features also include occupancy as predictors : - occupancy

Primary feature set: using only exogenous features as predictors

Architecture of the deep learning model || 7---------- e

1 ; B :
1 ! ) s
1 ! -day, D 1 : - length ] : mean speed ]
! 1 1 1

. . - road class, N I
-SD d
using embedding and LSTM layers S {1 _monhM 1 -maxspeed t1_~SDSPeed
’ A
Static .
categorical Dynamic Y
categorical Static Dynamic
[B,N] ) .
B [B,LB,H] continuous continuous
P L Average [B,LB,D] [B,3] [B,LB,2]
[B.D] < [B.LBM]
. [B,M] -
J Expansion
L | Link EL [B,LB,Sq]
concatenate
—> <
[B, LB, Sl+52+83+54+5]
—»| Hour EL [B,LB,S,] +
> Day EL [B,LB,S3] n stacked LSTM layers | B: Batch size :
[B, LB, LSTM-HS] : N: number of link types :
1 EL: Embedding layer I
[> Month EL [B,LB,S4] |— Reshape y ! LB: Lookback length '
. ‘i : 1
Embedding B, LBXLSTM-HS] : !DH. Prediction horizon .
and expansion D | ! m : number of dense layers 1
ropout layer | n : number of LSTM layers :
VL | p : probability of the dropout I
! Sj: Embedding dimension, '
m stacked dense layers 1 minimum(int(feature range/2), s) :
1 . .

. . . . - LSTM-HS: size of LSTM hidden state !
Mahajan, V., Cantelmo, G., Rothfeld, R., Antoniou, C.: Predllctlng LA : FC-HS: size of FC layers :
network flows from speeds using open data and transfer learning. IET ¥ lmmm s s m i mmm
Intell. Trapsp. Syst., 17. (4), 804-824 (2023). Link flow output
https://doi.org/10.1049/itr2.12305 B, PH]
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Results: Deep learning vs. XGBoost

Model Link  Loss Performance Training Test
types criteria Metric data data
XGBoost all SMAPE (%) 45.15+2.02 51.76 +5.28

SMAPE (%) “SMAPE (%) 14.04 £1.39 21.65 £2.93

trunk RMSE 725 +88 862 =157

all SMAPE (%) 40.75 051 40.17 0.90

LST™M SMAPE (%) “SMAPE (%) 14.05 £0.47 16.89 +0.31
RMSE 634 +19 743 114

Note: RMSE is not reported for link types “all”, since the scale of target variable
largely varies across the primary, secondary, and trunk link types.

Mahajan, V., Cantelmo, G., Rothfeld, R., Antoniou, C.: Predicting network flows from speeds using open data and transfer learning. IET
Intell. Transp. Syst., 17 (4), 804-824 (2023). https://doi.org/10.1049/itr2.12305
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Results

—e— True flow

8000 Det. no.: 5169 —— Predicted flow

Model - Input features Lookback Prediction SMAPE RMSE

= %
length horizon (%) (vehicles/hour) 2 0000 A #
(hour) (hour) 24000 .q
6 1 16.89 +0.31 743 +14 2 2000
6 3 20.20 +1.06 919 +42
6 6 27.18 +0.60 1247 +20 0
LSTM _ (exogenOUS) 6 9 7780 :t1645 2602 :t317 8000 Det. no.: 5273
3 1 17.30 +£0.47 751 £24
6 1 16.89 +0.31 743 +14
9 1 18.00 +1.38 815 £73
12 1 17.11 £1.08 777 £56
LSTM - (exogenous, 0) 6 1 9.95 +2.01 466 +92
LSTM - (exogenous, 0,q) 6 1 6.47 + 0.97 321 37 8000  Det. no.: 5432
Note: 0: occupancy, q: time-lagged flow. g 6000
24000
£ 2000
0

0 12 O 0 12 0 12 0 12 0 12 0 12
Time of the day (H)

Mahajan, V., Cantelmo, G., Rothfeld, R., Antoniou, C.: Predicting network flows from speeds using open data and transfer learning. IET
Intell. Transp. Syst., 17 (4), 804-824 (2023). https://doi.org/10.1049/itr2.12305
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Model transfer (from Paris to Madrid)

LSTM Weight Proportion of  Unfrozen/ Test improvement
Model-type initialization target data fine-tuned SMAPE over
for training layers (%) baseline (%)
Baseline random all 22.24 +1.96 - 100 N del
—— New mode
None 65.82 +-2.74 -195 . . .
FC3 46.54 +-0.39 -109 80 — Fine-tuning pre-trained model
SO+ 5 A Giogs
o - : : - N 0
Transfer pre-trained LSTM, FC 21.24 +0.99 4 S 60 95% ClI
LSTM 21.49 +0.90 3 L
E 22.75 £0.73 -2 <
E,LSTM,FC  20.50 +1.10 8 = 40
¥
Baseline random all 55.30 +-16.06 - —
————
None 65.82 +2.74 -19 20
FC3 47.15 +£1.30 15
FC2-3 47.29 +£1.00 15
0-10 FC1-3 47.60 £1.00 14 0
Transfer pre-trained LSTM. FC 59.07 +1.70 47 0.0 0.2 . 0.4 0.6 . 0_-8 1.0
LSTM 27.41 11.68 50 Proportion of data for training
E 29.14 1-1.61 47
E,LSTM, FC  30.92 +1.89 44

Note: FC: fully connected layer, E: Embedding layer.

Mahajan, V., Cantelmo, G., Rothfeld, R., Antoniou, C.: Predicting network flows from speeds using open data and transfer learning. IET
Intell. Transp. Syst., 17 (4), 804-824 (2023). https://doi.org/10.1049/itr2.12305
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NeurlPS 2022 Traffic4cast challenge®

*Predicting the citywide traffic states with publicly available sparse loop count data
*Second-place winning solution to the extended challenge of ETA prediction

*Similarity-based feature extraction method using multiple nearest neighbor (NN) filters

Feature
vector
Data sources Fo r
training :
OSM . > Static features v/ LightGBM Model
S
Loop counter e— Imputation — Node flow features 0—>[ Prediction ]
I / Fk Ell:
Probe vehicle «——— KNN —— Similarity-based features ,
L ) Fo ls inference |

Wu, X., Lyu, C., Lu, Q., & Mahajan, V. (2022). Similarity-based Feature Extraction for Large-scale Sparse Traffic Forecasting. arXiv.
https://doi.org/https://arxiv.org/abs/2211.07031v1

*hosted by the Institute of Advanced Research in Artificial Intelligence (IARAI)
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Big Data and Mobility — DARUMA (2021-2024)

« OD demand estimation using location based social network data
« Evaluating the effectiveness of different policies for mobility peak smoothing

User-side data Activity chains extraction
f ™
TRANSPORT-RELATED GOVERNANCE (G) cha Time 7.8 89
S : &UserU‘l:\H V2 V1. Infer =L
Long-term policies (GI) : Short-term (emergency) policies (Gs) ; g Al A2 5% 10% ..
-) 5
L 'l\ ) 4 4 4 5
GlI-TI Gl-Te\ Gs-Te Venue category hierarchy )
- ~ OD estimator
TRANSPORT OPERATIONS (T) \ Root category (activity) Al p oo |Z, |2, | 25| Z,
Transportation infrastructure (Ti) Transport services under emergency (Te) ; § Z
O Sub-category Z
H TI Te : | 7
@ @ ' . @ - Leaf (venue) @ @ @ @ @ @ @ -
R . S A R ) Input
A h 4
TI M M Ti Te-M M-Te G-M ] ]
AN “ / Venue-side data Venue category aggregation
w 20FT L - z = 1 T 1 ]
MOBILITY (M) - 0 g | 2 «f =TT
Regular Regular 9 XS] %'5
-G R-T ntra-cit nter-cit T-R G-R VenueV1: 2 |/ - A f A o 30T
= 0 25 50 75 100 5
s > 2 ol
5 20FT T T T = |Aggregate S
- - o @ 10t
l * < ks } } 5 4 = of 1
0 25 50 75 100 . s s . " s i | i
[RES||_|ENCE (R) Time (h) 0 25 50 75 100 125 150 175 200

: : Time (h)
==
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Transport MOde Detection and Analysis (MODA, 2023-2026)

WP 2

Mobility detection and Data analysis and Mode detection model Case studies
synthetic data processing development and
_framework evaluation

0 — On

O —

WP 5 Education and result dissemination *
WP 6 Management ) ¢
DR1-TUM — DR2-TUM H DRKPI % CPD-lead

fsiionst .., .,,%*‘hilm This project has received funding from
e W SSSR the International Graduate School of
' Science and Engineering (IGSSE)
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Human Factors — Ethics in the Smart City (2022-2024)

Ethics in Al: Applied socio-technical frameworks to assess the implementation of Al-related solutions.
[https://www.mos.ed.tum.de/en/vvs/forschung/projekte/ethics-for-the-smart-city/]

In this project, funded by the Institute of Ethics in Artificial Intelligence at TUM (IEAI), we
collaborate with the Chair of Business Ethics, to bring together an interdisciplinary approach
looking at Smart City solutions from both a social sciences and an engineering perspective.

Smart City

(Urban) Digital Twin Disruptive (Urban) Mobility Solutions o
pplie

Socio-Technical
Framewaorks
for ethical

Values Social Inclusion and Justice bl v

Urban Governance
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PHOEBE (2021-2026)

PHOEBE project

+ Urban-specific

+ Insights b
. ¥ risk factors

gender and age

.

+ Dynamic

+ Mode shift and Star Ratings

induced demand Safety

assessment

+ New big data
sources

+VRU

+ Human
behaviour
data
+ Standard
safety indicators

+ New mobility modes

Union’s Horizon Europe research and innovation

This project has received funding from the European

programme under grant agreement No 101076963

)

Data capture and analysis
technigues

"

=

Better VRU data and demand
modelling in traffic simulations

Knowledge products (KP)

E
0
o
o
o2
»
=
o
0
=

Results

—
\.

PHOEBE framework
theoretical guide

Sacioeconomic
analysis model

Urban road safety
modelling KP

Human behavioural
modelling KP

Model shift & induce |

demand modelling KP

Traffic simulation
safety module

Dynamic road safety
assessment tool

Better road safety predictions
aligned to global goals

Outcomes

Future scenario testing

Fatal and serious injury
(F5l) predictions to network
level

Socio-economic impacts
modelled to network level

Travel mode, gender and
age-specificimpacts

UN Global Target reporting

Risk factor learnings

Data visualisation
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Predictive approaches for safer urban environments

PHOEBE

Better policy, regulation, investment &
consumer assessment

Impacts

Understanding policy
impacts

Understandingregulatory
impacts

Informed by and for
consumers

Safer urban environments

Confidence in decision
making

Optimised investment

Lives saved and targets met
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Future research

Global Open data Data Fusion Regional Open data

- OpenStreetMaps <« - Traffic and transit data

- Google's travel-times —>  Unified spatial-temporal dimensional data - Demographics/ Census

- UberMovement speeds - Real-time network updates

- Mode share statistics
- Bluetooth data
- Mobility surveys

- TomTom OD matrices

- GTFS feeds

- Google's POI popular times
- Facebook's data for good

- LBSN (Twitter, Flickr)

- Satellite data (SEDAC)

Temporal

- Others (Open data portal)

Open data Real world Closed data
M2 LR <= dR@Emik—> 0
o

=

* Unified mobility data Indirect estimation Surrogate data

—i>

- “'"‘ - -
Theoretical framework, attributes, Synthetic household surveys, network
statistical & machine learning, traffic counts, trip attributes

validation & transferability
% Transport modeling g
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Conclusion

o Open data comes with additional burden for consumers, e.g., data quality
o Open data is potentially useful for opportunistic applications, e.g., COVID-19

o Open data and its quality varies geographically

o Transfer learning can help to bridge the lack of data by knowledge transfer from data-

rich contexts to data-scarce contexts
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