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Leituras previas

e Panorama do setor de transportes diante da mudanca climatica
o Jaramillo, Paulina, et al. Climate Change 2022: Mitigation of Climate Change. Contribution of
Working Group Il to the Sixth Assessment Report of the Intergovernmental Panel on Climate
Change ( Chapter 10: Transport ). IPCC, 2023. ( IPCC Executive Summary )
e |A para os transportes
o Transportation Research Board Executive Committee, Transforming Transportation:
Leveraging the Power of Artificial Intelligence, Digitalization, and Automation . Washington,
D.C.: National Academies Press, 2026. doi: 10.17226/29350. ( PDE )
e |A para o clima (foco em transportes)
o Sandalow, David B. et al., Artificial Intelligence for Climate Change Mitigation Roadmap

( Chapter 6: Road Transport ), 2nd Ed. Academic Commons, 2024. ( PDF )
o D. Rolnick et al., “Tackling climate change with machine learning” ( Section 2:
Transportation ), Jun. 2019. Available: http://arxiv.org/abs/1906.05433v2




Objetivos de aprendizagem

Esta aula busca esclarecer as seguintes questoes:

e Por que é dificil descarbonizar os transportes?

e Quais intervencdes sao importantes para a mitigacao?

e Onde a |IA realmente ajuda, e onde € uma distracao?

e Quais sao os riscos éticos e de equidade das estratégias de mitigacao?



Roteiro

e Panorama do setor

Emissodes dos transportes: retrato e metas

Por que é dificil descarbonizar os transportes

Arcabouco de descarbonizacao

Panorama da IA nos transportes

|A para a mitigacao da mudanca climatica nos transportes

e Aprofundamento

o Melhorar: |A para a eletrificacao

o Mudar: |IA para a mudanca modal

o Melhorar: IA para a eficiéncia dos transportes
e (Consideracoes finais

o Sintese, pontos de entrada e proximos passos

o O O O O
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Estados Unidos: retrato e metas de GEE

Emissoes totais de GEE dos EUA

e Metas do Acordo de Paris [1] por setor econdmico em I2022
Agricult
o Redugao de 45% em relagdo a 2010 até 2030 il

o Zero liquido até 2050
e Estados Unidos [2]

o Pico nacional de GEE em 2005
o Meta: reducao de 50-52% em relagao a 2005 até 2030
o 2025: GEE 18% abaixo de 2005.

e Os transportes sao o maior setor emissor E—
de GEE nos EUA [3] &

Commercial
13%

Fonte: Inventory of U.S. Greenhouse Gas Emissions and Sinks, US EPA, 2026.

[1] Rogelj, J., D. et al, 2018: Mitigation Pathways Compatible with 1.5°C in the Context of Sustainable Development. In: Global Warming of 1.5°C. An IPCC Special Report on the impacts of global warming of

1.5°C above pre-industrial levels and related global greenhouse gas emission pathways, in the context of strengthening the global response to the threat of climate change, sustainable development, and

efforts to eradicate poverty. Cambridge University Press, Cambridge, UK and New York, NY, USA, pp. 93-174, doi:10.1017/9781009157940.004.

[2] U.S. Department of State. (2021). The United States of America's Nationally Determined Contribution: Reducing Greenhouse Gases in the United States: A 2030 Emissions Target. Submitted to the United
Nations Framework Convention on Climate Change (UNFCCC) in 2021. 8
[3] "Inventory of U.S. Greenhouse Gas Emissions and Sinks." US EPA, 10 June 2026,_ur| .



Contribuicao do setor de transportes para a mudanca climatica

CO, emissions from transport

Emissions are measured in tonnes. Domestic aviation and shipping emissions are included at the national level.
International aviation and shipping emissions are included only at the global level.
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23% das emissoes globais de
CO.ligadas a energia, em alta

8.9 Gt

B Indirect CO,
Road
Bl nternational shipping
B nternational aviation
B Other (transport)
I Domestic aviation
Inland shipping
Rail

Maior parte do transporte rodoviario

Jaramillo, P., et al., 2022: Transport. In IPCC, 2022: Climate Change 2022: Mitigation of Climate Change. Contribution of Working Group Il to the
Sixth Assessment Report of the Intergovernmental Panel on Climate Change. Cambridge University Press. doi: 10.1017/9781009157926.012



On track

Como estamos indo? B et e

DN

Tracking Transport

E— ® Transport
In 2022, the rebound in passenger and cargo transport activity Cars and Vans
following the coronavirus (Covid-19) pandemic led to a 3% increase in
transport CO, emissions compared to the previous year. Transport ® Trucks and Buses
emissions grew at an annual average rate of 1.7% from 1990 to 2022, Rail
faster than any other end-use sector except for industry (which also —
grew at around 1.7%). To get on track with the Net Zero Emissions (NZE) ® Aviation
by 2050 Scenario, CO, emissions from the transport sector must fall by
more than 3% per year to 2030. Strong regulations and fiscal ® International Shipping
incentives, as well as considerable investment in infrastructure to . .
enable low- and zero-emission vehicle operations, will be needed to Electric Vehicles

achieve these emissions reductions.

Ver: relatério de 2026 Tracking Transport. International Energy Agency (IEA), 2023



Emissoes associadas aos transportes (as definicdes importam)

e “Setor de transportes” = emissdes operacionais
o Emissdes de GEE pelo escapamento

e Excluidas: emissdes associadas aos transportes, incluindo o setor industrial

(emissdes incorporadas)
o Fornecimento de combustivel e eletricidade: extracao/refino de petroleo, producao de hidrogénio, geracao

de eletricidade.
o Ciclo de vida dos veiculos: fabricacéo, baterias, manutencdo, descarte/reciclagem.
o Ciclo de vida da infraestrutura: estradas, pontes, ferrovias, aeroportos, portos, concreto, asfalto, aco.
o Efeitos do uso do solo: espraiamento, estacionamento, trafego induzido, viagens mais longas.
o Efeitos digitais/da automacao: computacdo, sensores, data centers, reposicionamento vazio,

trafego induzido.
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Por que € dificil descarbonizar os transportes

InUmeros mecanismos de inércia e resisténcia:

A demanda cresce com a renda, a urbanizagao e o comércio eletrénico;

As viagens dependem do uso do solo, da moradia, do emprego e da logistica

Os ativos se renovam devagar (décadas): veiculos, vias, garagens, portos, carregadores, redes
As decisoOes sao fragmentadas entre familias, empresas, cidades, concessionarias e governos
Beneficios e danos sao distribuidos de forma desigual

Ganhos de eficiéncia podem gerar mais viagens, mais km ou viagens mais longas (paradoxo de Jevons)

Diferentes sistemas de transporte tém estruturas de decisao diferentes:

Fator Transporte de passageiros Carga / transporte pesado

Principal gargalo Uso do solo + opgoes de mobilidade — custo/conveniéncia | Densidade energética + logistica — custo operacional
— comportamento

Estrutura de decisao Bilhdes de familias e viajantes Menos empresas, frotas, embarcadores, transportadoras, portos

Caminho da eletrificacdo | Mais facil para viagens leves Mais dificil para pesados e longas distancias

Risco de demanda induzida | Viajar mais barato/facil — mais km rodados Logistica/bens mais baratos — mais carga 13




A descarbonizagao néo é o unico objetivo (mU|tiObjetiV0)

Reflita: esses objetivos competem ou se complementam? Até que ponto podem se
alinhar?

Objetivos dos transportes, sem ordem especifica:

Seguranca energética
Economia local

Eficiéncia / custo
Saude publica

® Descarbonizacao ® Conforto / habitabilidade
® Acesso ® (Qualidade do ar

® Acessibilidade financeira ® Seguranca publica

® Mobilidade ® Privacidade

® Seguranca viaria ® Resiliéncia

o o

o o
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Arcaboucos de descarbonizacao

15



Lente 1: arcabouco Evitar-Mudar-Melhorar (ASI)

km rodados

e uso do solo compacto,

e teletrabalho,

e encadeamento de viagens,
e reforma do estacionamento,
e pedagio urbano,

e consolidacao de

carga.

mais emissores para modos
menos emissores

e planejamento multimodal e
navegacao (a pé, bicicleta,
trem, transporte publico),

e desenho de ruas
completas,

e transporte intermodal,

e prioridade a veiculos de
alta ocupacao,

e mobilidade como servigco (MaaS).

emissoes por quilometro

e eletrificacao,

e veiculos eficientes,

e conducao econdmica e anti-
marcha lenta,

e gestao do trafego,

e programas de sucateamento
de veiculos
poluentes,

e combustiveis mais limpos e

de baixo carbono.

[1] P. Jaramillo and et al., “Transport,” in Climate Change 2022: Mitigation of Climate Change. Contribution of Working Group Il to the Sixth Assessment Report of the Intergovernmental
Panel on Climate Change, 2024. doi: 10.1017/9781009157926.012.
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Lente 2. uma transicao rapida, justa e equitativa

WORKERS' PROTECTION ECONOMIC INSTITUTIONAL
& EMPOWERMENT . SUCCESS SUPPORT

R
oo 838

ENVIRONMENTAL
SOCIAL CONSCIOUSNESS & PARTICIPATORY

PROGRESS RESPONSIBILITY GOVERNANCE

United Nations Economic Commission for Europe (UNECE), "About Just Transition,” 2025, unece.org/sustainable-energy/just-transition/about-just-transition. 17
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Artificial intelligence

Al involves machine-based systems that can,
for a given set of human-defined objectives,
make predictions, recommendations, or
decisions influencing real or virtual
environments.

Definicao de

Machine learning

Machine learning is a subset of Al that uses
advanced algorithms and statistical models to
detect patterns in large datasets, allowing
machines to learn, adapt, and draw inferences
from data patterns.

Deep learning

Deep learning is a subset of machine learning that uses
neural networks—a specific category of algorithms that
are loosely inspired by biological neurons in the human
brain—to extract high-level features from raw data.

Generative Al

Generative Al is a subset of deep learning that, when
prompted by a user, can create text, images, audio, video,
and other novel content based on patterns learned

from datasets.

Source: GAO analysis and illustration. | GAO-25-107653

[1] C. Wright and K. Walsh, “Artificial intelligence: Generative Al use and management at federal agencies,” United States Government Accountability Office, Report to Congressional
Requesters GAO-25-107653, 2025. [Online]. Available: https://files.gao.gov/reports/GAO-25-107653/index.html
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Aplicacoes comuns da |A nos transportes

\

Technologies and Innovations for Transportation
(G )
Autonomous and
Connected Vehicles ‘
(AVs) '\ A )
. Smart </
Traffic Parking Automated Project
Management Automation Vehicles and Delivery and
and Autonomy Vessels Evaluation
Security and
Detection
o& Al, ML, DL in 7 :' Systems
©O—— Advanced -
s £ i Real Time Work Zone
: : o~ Transportation Sustainability Daclise: o Safety Tools
Public Transit Artificial Support Tools {6} /
Optimization SyStemS Intelligence 4
Predictive
N Analytics and
é Forecasting
Asset
.y e Management
- Infrastructure Pichcsoron -
Safety Monitoring \_
Enhancements
Freight and
Logistics

Fig. 1. Key applications of Al, ML, and DL in advanced transportation systems.

FIGURE 1. Artificial intelligence, advanced automation and autonomy, and digitalization are

separately and jointly producing innovations in transportation.

[1] S. Saki and M. Soori, “Artificial intelligence, machine learning and deep learning in advanced transportation systems, a review,” Multimodal Transportation, vol. 5, no. 1, p. 100242,
Mar. 2026, doi: 10.1016/j.multra.2025.100242.

[2] Transportation Research Board Executive Committee, Transportation Research Board, and National Academies of Sciences, Engineering, and Medicine, Transforming
Transportation: Leveraging the Power of Artificial Intelligence, Digitalization, and Automation. Washington, D.C.: National Academies Press, 2026, p. 29350. doi: 10.17226/29350.
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Caminhoes e 6nibus: 8% dos veiculos, mas 35% da

M Od OS d e tra n S po r‘te energia do transporte rodoviario (AlE, 2026)

Movimento de pessoas Movimento de cargas

Multimodal

Transportation

Fonte: Audirac, Ivonne, et al. "Transportation and Mobility Modes." 2024. Fonte: RXO, 2026.

A A pode ser aplicada a varios modos de transporte

21



Objetivos dos sistemas de transporte

Access to Employment

Freight Mobility

A IA pode ser aplicada a Varios [ bee mtearation
P P g
objetivos de transporte

Preservation &

Maintenance Safety & Security

Multimodal

Connectivity System Reliability

Environment & Air Quality Congestion Mitigation

Fonte: Plan RVA. "What is Transportation Planning?", 2019.



Ciclo de vida de um projeto de transporte

A |A pode ser aplicada em varias etapas do
ciclo de vida de um projeto de transporte

Fonte: US DOT. "Transportation Planning and Project Delivery." 2023.
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Os transportes como sistema multiescala
A 1A pode ser aplica daTRANSPORTATION: A MULTI-SCALE SYST

EM

%
em varias escalas de O
i MACRO SCALE: ) Corridors Y T e
um sistema de REGIONAL SYSTEM Sl
transporte ! e — V
- Metropol p
ZO0OM OUT / ,_;_:}> 75
—ABusy S S il
\'-/.nterc ange N\ > :;aliway line
ﬁ MESO SCALE: —_ ~ _~ \>/f = etro
mANsPoRTATION ~(QRIE R ine
(LEVEL 2) / : \*\\> Y =

ZOOM ouT

Bridge over river
Urban Fabric

Bl —— ]
Free flow Congestion

e @, MICRO SCALE:
ROAD USERS & VEHICLES
(LEVEL 1)

Fonte: gerado pelo Gemini 3 (Nano Banana), 13/07/2026.
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|A e niveis de maturidade tecnologica (TRL)

. . TECHNOLOGY READINESS LEVEL (TRL)
e Compara a maturidade das tecnologias

e Criado pela NASA nos

anos 1970 para tecnologias
de exploracao espacial

ACTUAL SYSTEM PROVEN IN OPERATIONAL ENVIRONMENT

SYSTEM COMPLETE AND QUALIFIED

SYSTEM PROTOTYPE DEMONSTRATION IN OPERATIONAL
ENVIRONMENT

TECHNOLOGY DEMONSTRATED IN RELEVANT ENVIRONMENT

Categorias de casos de uso:

TECHNOLOGY VALIDATED IN RELEVANT ENVIRONMENT

TECHNOLOGY VALIDATED IN LAB

e Avaliar a maturidade de

tecnologias de |IA (LLMs, RL profundo etc.
e Usar |A para avaliar a maturidade

de outras tecnologias (VAs, VEs etc.)

EXPERIMENTAL PROOF OF CONCEPT

TECHNOLOGY CONCEPT FORMULATED

RESEARTH” DEVELOPMENT DEPLOYMENT

BASIC PRINCIPLES OBSERVED

Fonte: TWI Global.

US DOT Federal Highway Administration, What Is A Trl? - Technology Readiness Level Guidebook , 2017, www.fhwa.dot.gov/publications/research/ear/17047/001.cfm.




Visibilidade e decisoes fragmentadas

Beneficiaries

Desafio: a IA deve ser aplicada £ 2 &

a partir da perspectiva de um do o £l
grupo de atores e -

A . " City Agency
/ l[r b @ 1 =N

Public Safety " 'CINCINNATI State Agency

Adaptado de S. S. R. Bonthu, et al., 2022.

A

: y { ! ) Federal Agency
\\. . wejo INRIX Data Providers "/‘/' (.Dg? (.Dg? C?g? % %
Dat Dat ¥ ding Provide Polcy Makers
ting Telemat Academia J
i . \ /
. Trucking \ Universidades /
Services ) /
7
/
il .
. .,
N Contractors Contracts ////

Figure 2. Complex transportation ecosystem with interview count highlighted across government agencies, data providers, and contractors.
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Ciéncia de dados nos transportes

Raciocinar e analisar informagoes
Previsio — Previsdes de viagens

Simulagdo — Gémeos digitais do trafego com IA

Business
Understanding

Personalizagdo — Planejamento de viagens para pessoas com deficiéncia

Transform, Binning
Temporal, Text, Image
Feature Selection

Feature
Engineering

A |A em varias

etapas de um pipeline e e I Modeling
Retraining Training

Model management

de ciéncia de dados
em um caso de uso
de transporte

Cross Validation Model
Model Reporting

Evaluation
A/B Testing

Deployment

Aprender com a experiéncia
Otimizacgao — Rotas para atendimento de emergéncias
Descoberta— Materiais inovadores

Scoring,
Performance

Recuperacao de informagaderramentas de apoio a decisdo
Melhoria de desempenho — Gestao do trafego
Monitoramento — Cameras ou sensores de seguranca Fonte: Eric Mihail. "What is the Data
Science Life Cycle?" 2026.

monitoring, etc.

Escolha um modo, uma etapa do ciclo de vida, uma
medida de desempenho, uma escala, um TRL,
um grupo de atores etc.

Perceber o ambiente

Deteccao — Inspecdo da condigao da infraestrutura
Fusio de dados Estimativa do estado do trafego
Sintese de contetido — Analise da participagao publica
Analise de imagem / audio— Analise de seguranga

On-Premises vs Cloud
Database vs Files

Data Source

Streaming vs Batch

Pipeline Low vs High Frequency

Acquisition &
Understanding On-premises vs Cloud
Il I (T3 1 4l Database vs Data Lake vs ..

Small vs Medium vs Big Data

\WUETTALTA Structured vs Unstructured
[SGIIET R AW Data Validation and Cleanup
Cleaning Visualization

Customer
Acceptance

Decidir, comunicar e agir

Recomendagéo — Preparacgao para eventos climaticos extremos
Diagndstico — Inspecgao da condigcao da infraestrutura
Criacao de contelido — Visualizagdo de dados de viagem

Assisténcia digital — Atendimento ao cliente

[1] Transportation Research Board Executive Committee, Transportation Research Board, and National Academies of Sciences, Engineering, and Medicine, Transforming
Transportation: Leveraging the Power of Artificial Intelligence, Digitalization, and Automation. Washington, D.C.: National Academies Press, 2026, p. 29350. doi: 10.17226/29350.
[2] M. Vasudevan et al., “Identifying Real-World Transportation Applications Using Artificial Intelligence (Al)- Real-World Al Scenarios in Transportation for Possible Deployment,” FHWA-

JPO-20-810, Jul. 2020. Accessed: Jan. 07, 2024. [Online]. Available: https://rosap.ntl.bts.gov/view/dot/50752.
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A |A apoia varios tipos de automacgéao nos transportes

Automacéo veicular — carro ou 6nibus SAE nivel 4

AU tO m a Qé O n O S tra n S p O rte S : Automacéo robdtica  — atividades de manutengéo

e Automacao de processes registro de acidentes em campo

s

Factor Decomposition Prompt @ ChatGPT g Grok
B You are a traffic safety expert specializing in accident
Crash Dlagrams analysis. Your task is to analyze the given accident report . .
text and accident scene image (if provided) to determine Gem|n| @ deepseek

the root causes of the accident. You should first identify
relevant causal evidence from the report by extracting key
behavioral, spatial, and contextual cues and organizing
— Base64 them into a keyword-guided reasoning chain that
distinguishes immediate crash-triggering behaviors from
underlying contributing conditions. You must quantify the

influence of five key contributing factors. Direct Causes
s \ Driver loss of control, Adverse road condition
' / Contributing Factors Indirect Causes

Tire or vehicle damage. Ramp curve geometry
1. Human Factors (HF) - Driver-related errors such as

distraction, misjudgment, speeding, fatigue, or failure to
+ yield.
2. Road Factors (RF) - Issues related to lane width,
intersection design, sight distance, pavement conditions,
or the absence of necessary road infrastructure.
3. Traffic Signal Factors (TSF) - Problems with traffic

O transporte publico recorre a robética | Fonte: Sandalow, David B. et al., 2024.

. K S — > | 1 o= { Crash Narratives lights, unclear signals, missing left-turn signals, or PI‘OpOI’tIOﬂ of Root Cause
e\ ™ | improper signal timing.
1A o OP MV 1 STATED HE WAS TRAVELING 495 S/B 4. Environmental Factors (EF) - Conditions like rain, snow,
‘ E AND TOOK EXIT 67 TO BERLIN. WHILE ON THE fog, glare, or poor lighting that may have contributed to [ Human(0.3) ]
OFF RAMP, HE STATED HE LOST CONTROL the accident.
BECAUSE OF THE ROAD CONDITIONS CAUSING 5. Vehicle Factors (VF) - Mechanical failures such as
HIM TO GO INTO THE EMBANKMENT, CAUSING brake failure, tire issues, or large vehicle blind spots. [ Road(0.4) ]
HIS FRONT RIGHT TIRE TO BE INOPERABLE.
Instructions
- Only return the following structured output in plain text. [ Environment(o‘ 1 ) ]
No additional explanation is needed.
- The percentages must add up to 100%.
- Use the exact format below: :
Human Factors: XX% [ Vehlcle(0.2) ]
Road Factors: XX%
Traffic Signal Factors: XX% " .
Environmental Factors: XX% [ Trafflc S|gnal(0) ]

Vehicle Factors: XX%

Fig. 4. Structured Prompting Pipeline for Root Cause Decomposition Using Vision-language Model.

:g
Robd mével de limpeza e desinfecgéo | Fonte: Fraunhofer IFAM, 2022. Fonte: Wu, G., et al., “From crash reports to safer roads: a multimodal framework integrating vision-language models and streetview analysis,” 2026.
[1] Transportation Research Board Executive Committee, Transportation Research Board, and National Academies of Sciences, Engineering, and Medicine, Transforming 28

Transportation: Leveraging the Power of Artificial Intelligence, Digitalization, and Automation. Washington, D.C.: National Academies Press, 2026, p. 29350. doi: 10.17226/29350.
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da mudanca climaticg
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Transportes

Mudanca climatica
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Eletrificacao de veicu

Charging station
supply at different

Electric vehicle Dispatching
charging demand power demand

Power supply at
different power

1%\‘9

.

location load and emission
b
e Descoberta de materiais para baterias Demand Side
e motores EV Charging Behavior Ti Flexible Scheduling =——p  Future Prediction
o Veja a aula da Escola de verao virtual CCA Hore Thur 2200 g pocuing i, COForowh
“Al for Accelerated Materials Science” Wori’t?:ize'oo;— e :‘&:‘_ Population growth
de Francisco Martin-Martinez, 813 i N 4
qui., 13 de agosto, 14h—16h UTC over gy Jocn iinsove M——— g £V gt
e Carga/descarga assistida por IA para domand :'—O:m % Crosngsaen
gestdo de energia [aprofundamento] - :
o Veiculo (gestao da bateria) Supply Side
e Rede (Carga b|d|reC|Ona|, Infrastructure Planning — Power Mix — Environmental Impact

V2G/V2H/V2B)
e Previsao/gémeos digitais para
saude, reciclagem e
reuso de baterias

Current Station
r=
Current Station
New Station
W

@ Wind power

% Solar power
é Nuclear power -

Transmission

Line loss

AL ]
"~

Total

. dispatching

&

power

Total
carbon dioxide
emission

[1] Sandalow, David B. et al., “Artificial Intelligence for Climate Change Mitigation Roadmap (Second Edition),” Nov. 2024, doi: 10.7916/2J4P-NW61.
[2] Liao, Chenlei, et al. "Optimizing electric vehicle charging patterns and infrastructure for grid decarbonization." Commun. Sustain., 2026, doi:10.1038/s44458-026-00037-7.
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Combustivels alternativos

e Melhor uso: veiculos pesados, longa distancia, casos proximos a aviagao/navegacao
e Combustiveis: biocombustiveis, combustiveis sintéticos, hidrogénio, gas natural comprimido/liquefeito

(GNC/GNL)

e Papel da IA: otimizar a producao de combustiveis, catalisadores, eletrolise, células a combustivel,

a combustao, a logistica e o planejamento da infraestrutura
e Ressalva: biocombustiveis podem ter impactos via mudancga no uso do solo;

0 gas natural € de transi¢ao, nao carbono zero

Fonte: US Department of Energy. "Federal Fleet Alternative Fuel Resources." Energy, 2026.
[1] Sandalow, David B. et al., “Artificial Intelligence for Climate Change Mitigation Roadmap (Second Edition),” Nov. 2024, doi: 10.7916/2J4P-NW61. 32



|A para projeto e operacao de veiculos

Efl CI e n CI a d OS Ve I CU IOS Fatores que afetam o consumo de combustivel
e No projeto, a |A pode apoiar:

= O
& = A
Weather
o ==
projeto de motores a combustao Cold Aggressive
reducdo de peso ou da resisténcia ao rolamento \\Dy

estratégias de gestao de energia hibrida
[ m
?‘\_r_fvlﬂ @?

aerodinamica: modelagem substituta e
GoodTire Cruise
Performance

carregamento ineficiente em trens de carga
e Manufatura assistida por IA
Control
A
A/C + Other

e Na operacao, a |IA pode apoiar a conducao
Fonte: US EPA, “Your Mileage May Vary,” 2026.

econdmica, um trafego mais fluido, comboios
e controle energético [aprofundamento]
e Ressalva: ganhos de eficiéncia podem ser anulados

pelo trafego induzido, sobretudo com VAs

Mostly City
Driving

[1] D. Rolnick et al., “Tackling climate change with machine learning,” Jun. 2019, [Online]. Available: http://arxiv.org/abs/1906.05433v2 33



Sistemas inteligentes de transporte (IT.3%":

|A para infraestrutura e operacoes

e Prever congestionamentos e anomalias a partir
de sensores, GPS, cameras e dados de trafego.
e Otimizar semaforos, rotas, resposta a incidentes,

horarios do transporte publico e manutencao

para reduzir atrasos, congestionamento, combustivel e emissoes.

e A simulacao com IA pode avaliar a localizacao de carregadores,

ciclovias, politicas de trafego e demanda de energia.

e Desafios: infraestrutura de dados (sensores, V2V/V2I,

analise na borda, integragcdo em nuvem)

e Ressalva: sensores e computagao tém custos de
privacidade, viés e emissoes.

[1] Sandalow, David B. et al., “Artificial Intelligence for Climate Change Mitigation Roadmap (Second Edition),”
[2] INRIX U.S. Signals Scorecard: 2022 Annual Summary. INRIX. https://inrix.com/signals-scorecard/.
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20" CENTURY: HOW MANY CARS
CANWEMOVE DOWN THE STREET?

Mudanca modal

A IA pode facilitar a escolha de modos de baixo carbono

e Planejamento de servigos e do sistema

a. Planejamento do transporte publico: prever a demanda

CHANGE THE QUESTION

b. Planejamento multimodal: integrar caminhada, bicicleta, transporte publico, trem,

mobilidade compartilhada, transporte publico autbnomo e
micromobilidade [aprofundamento]

e Operacao e manutencao
a. Manutencao preditiva e previsao do horario de chegada para

melhorar a confiabilidade
b. Rotas, precos e recomendacdes para transferir viagens.

21" CENTURY: HOW MANY
CANWE MOVE DOWN THE STREET?

[1] Sandalow, David B. et al., “Artificial Intelligence for Climate Change Mitigation Roadmap (Second Edition),” Nov. 2024, doi: 10.7916/2J4P-NW61. E%ﬂ:ia%‘j}’,\jl’l‘(gae?‘é@ﬁIgfr'%’;rsen ors S0



Veiculos autonomos (VAs),

Promessa climatica ou risco de rebote?

e Vantagens: conducao econbmica, comboios, estacionamepte
inteligente, trafego mais fluido, frotas elétricas
compartilhadas, transporte de primeira/ultima milha.

e Risco: viajar mais barato/facil aumenta os km.

e Risco: VAs substituem caminhada, bicicleta e
transporte publico.

e Melhor cenario climatico: elétricos + compartilhados +

complementares ao transporte publico + regulados.
o  Até agora, os usuarios nao optam por compartilhar viagens
e Em suma: VAs nao sao intrinsecamente bons

para o clima.

[1] Sandalow, David B. et al., “Artificial Intelligence for Climate Change Mitigation Roadmap (Second Edition),” Nov. 2024, doi: 10.7916/2J4P-NW61. 36



Rotelrizacao e consolidacao de cargas

Um caso de uso IA + PO de alto impacto— reduz
km vazios, veiculos mais cheios

e A consolidacao agrupa cargas
parciais — Menos viagens

THE BASICS OF FREIGHT CONSOLIDATION

e Rotas melhores reduzem retornos — Sl
. . — [
vazios, desvios, marcha lenta e perdas — - M
de tempo de espera [aprofundamento] CnREGHT S SHAREDFULL

FACILITY ~

e Casos de uso de IA: previsdo do horario de chegada, previsao
de demanda, previsao de interrupcoes,
agrupamento de fornecedores, rotas ecologicas,
rotas dinamicas, aceleracao da otimizacao
e apoio a leildes de frete

Fonte: Zipline Logistics, 2019.

[1] D. Rolnick et al., “Tackling climate change with machine learning,” Jun. 2019, [Online]. Available: http://arxiv.org/abs/1906.05433v2
[2] World Economic Forum, “Intelligent Transport, Greener Future: Al as a Catalyst to Decarbonize Global Logistics.” Jan. 2025. 37



4 08 kg COZQ

Solugoes de imobilidade |8

3.9 kg CO.e

|A para estratégias de “Evitar”: reduzir a necessidade de viajar

e A telepresenca pode substituir parte dos deslocamentos ao trabalho
e viagens de negdcios

e Modelos de acessibilidade identificam onde as necessidades diarias
Sa0 acessiveis sem carro

e Plataformas de entrega podem consolidar viagens

e Papel da |A: previsao de demanda, mapeamento de acessibilidade, |
agrupamento, rotas e agendamento com foco em emissdes - >

° Resgal\?a: o tempo poupa(?o e a conveniéncia podem gerar 6“‘"" Mea‘ "'f

mais viagens, mais entregas ou viagens mais longas E§ @

Kits de refeicdo podem reduzir emissdes quando a logistica de entrega
substitui idas individuais as compras. Fonte: MinuteFood, 2023.

[1] P. Jaramillo and et al., “Transport,” in Climate Change 2022: Mitigation of Climate Change. Contribution of Working Group Il to the Sixth Assessment Report of the Intergovernmental

Panel on Climate Change, 2024. doi: 10.1017/9781009157926.012.

[2] A. Nikolaeva, Y.-T. Lin, S. Nello-Deakin, O. Rubin, and K. C. von Schdnfeld, “Living without commuting: experiences of a less mobile life under COVID-19,” Mobilities, vol. 18, no. 1,

pp. 1-20, Jan. 2023, doi: 10.1080/17450101.2022.2072231. 38



Electric vehicle Dispatching 4 ]
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Por que eletrificar?

1. Seguranca energeética

TRTWERLD

Strait of Hormuz:

Iran temporarily closes key route for global oil
and liquefied natural gas (LNG) trade

IRAN

IRAQ =
Strait of
Hormuz

Shipments through

the stroit

%

31%

of global seaborne

oil trade

20%

of global LNG trade
Saudi Arabia is
the largest
exporter of ol
through the stratt,
while Qator leads
in LNG exports

YEMEN

Fonte: TRT World, March 2, 2026

Crude oll
and oll products

19.5M

barrels
LNG

50

bem

Exports through the strait over
the first five months of 2025
(daily average)

809‘
to ASI'Q
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Electric Buses: Catalyzing China's Booming New Energy Vehicle Industry

10,000 Buses
80

RMB/kWh
4500
2009-2015: Launch Phase 2015-2018: Rapid Scale-Up
"Ten Cities, Thousand Vehicles" pilot program. Blue Sky Action Plan targets + operational subsidies

Purchase subsidies introduced nationally. drove penetration from 10% to nearly 100% by
2022. Over 542,600 NEV buses in service by 2023.

Post-Subsidy Era (2018-Present): Rapid Scale-Up

From 2012 to 2022, the penetration rate of new-energy buses in China
increased ninefold, rising from 10% to nearly 100%.

2023, the total number of NEV buses in operation reached 542,600.

Battery cost fell from ~4,000 to ~1,350 RMB/kWh (2013-2018)

2010 2011 2012 2013 2014 2015 2016 2017 2018

SEAZLY (HF) wmFEERATEE (AW AR THE (HR) —e—dBr \TEHE (W) Bith ZRFEAARM (57t/kWh)
Total Buses Nationwide (in 10,000s) NEV Buses (in 10,000s) Pure Electric Buses (in 10,000s) Pure Electric Buses (in 10,000s) Cost of Battery (RMB/kWh)

Z o g 0 ‘\' nstitute for Transportatior
Crédito: Daizong Liu, ITDP VE@ITDP & Development Pty




Por que eletrificar?

2. Reduzir o consumo de energia

Gasoline powered vehicle:

, , 75-84%
Around 80% of the energy is lost to various of original energy
B 68-72% :
inefficiencies Engine lossts is lost

4-6%

Parasitic ~ 3-5%

losses Drivetrain

losses 02%
Auxiliary

electricity
use

100% of original fuel

iy

16-25%
of original energy
goes to wheels

Data from FuelEconomy.gov
Image by Karin Kirk for Yale Climate Connections

Electric vehicle: 31-35%
Around 11% of the energy is lost of original energy is lost,
but 22% is recaptured
ch:mi‘n 1% 3%
I;gs ? Drivarain Josses Power train cooling and
steering 0-4%
Auxiliary
electricity use

iz 87-91%
Energy re-captured by brakes and fed 2
backto battery of original energy
goes to wheels

Data from FuelEconomy.gov
Image by Karin Kirk for Yale Climate Connections
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Por que eletrificar?

3. Aproveitar as renovaveis

Replacing gasoline-powered cars with EVs saves energy,
regardless of the energy source used to recharge the EVs.

GASOLINE:
us. d"f"l.y consumption Internal combustion vehicle
8.9 million barrels per day inefficiency loss 80%

8.9 million barrels of Energy to wheels:
gasoline 1.8 million barrels of
gasoline equivalent

How much energy is needed to replace 8.9 million barrels of gasoline with electricity?
It depends on the efficiency of the electricity generation.

REPLACING GASOLINE WITH COAL:
Reduces energy use by 29%

Power plant loss 68% EVinefficiency loss 11%

6.3 million barrels of

gasoline equivalent Energy to wheels:

1.8 million barrels of
gasoline equivalent

REPLACING GASOLINE WITH METHANE GAS:
Reduces energy use by 48%

Power plant loss 56% EVinefficiency loss 11%
4.6 million barrels of g A »._ Energy towheels:

gasoline equivalent ! 1.8 million barrels of
gasoline equivalent

REPLACING GASOLINE WITH HYDROPOWER:

Reduces energy use by 77% BV ineficencylos 1%
2.0 million barrels A |0$$770 : - - Energy to wheels:
of gasoline equivalent 5% g% 18 Tillion b§rr(|als;)f
gasoline equivalen
Does not include electric transmission losses, Data from ElA.gov and FuelEconomy4 @3

which are around 5% Image by Karin Kirk for Yale Climate Connections




Ressalvas a eletrificacao

e Até 92% menos emissdes no ciclo de vida em relacao a veiculos a combustao [1]
o Quando fabricados e abastecidos com eletricidade limpa e reciclados

e EmissOes operacionais
o Arede elétrica ainda nao € limpa

o O aumento previsto da demanda de viagens pode anular a reducao
o Congestionamento persistente, grande consumo de solo por vias e estacionamento

e EmissOes incorporadas e impactos

o A frota global se renova em ciclos de 15-20 anos

o O carbono incorporado dos VEs e da infraestrutura de recarga transfere o
problema para outro setor: a industria
o E preciso muita inovagéo e esforgo para uma fabricaco limpa

o Grande demanda por minerais criticos (com seus proprios problemas de sustentabilidade)

[1] "Lifecycle Emissions Study: EVs vs. Conventional Vehicles." Great Plains Institute, 1 July 2025, betterenergy.org/electric-vehicle-lifecycle-analysis.
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Scenario projections Stated Policies Scenario

EV market EV charging EV energy impact

[OFIEW 2 and 3 wheelers | Vans | Buses | Trucks | (2

EV sales projections

EV sales, cars

2025 2035
million sales million sales

EV sales share, cars

100%

2010 2015 2020 2025 2035

EV fleet projections

EV stock, cars

2025

75

million vehicles

EV stock share, cars

100%

50%

2035

450

million vehicles

. = China
Europe
ksl et @— World
é:f‘.’.'f.t ............... — USA
0% 1 1 I | |
2010 2015 2020 2025 2035

"Global EV Data Explorer — Data Tools - IEA." IEA, May 2026, www.iea.org/data-and-statistics/data-tools/global-ev-data-explorer.
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Desafios da eletrificacao de veiculos nos EUA

5 Major Roadblocks in EV Adoption

\

3- Uncertain U.S. Policies
Slow EV Growth \

2- Housing Limitations

1- EV Charging Infrastructure

Still Faces Major Gaps Restrict Home EV \
Charging |
Limited availability, outdated Renters lack access to Incentives reduced, adoption E
chargers, reliability concerns private charging momentum weakened !
s, R
‘l’ o o * /’,‘
5 - Slow Charging and Grid

4~ Electric Vehicles Remain
Costly for Buyers
% Higher upfront prices limit affordability

Compatibility Challenges
Long wait times strain local grids -~~~

-

I
I
I
J
L}
)
]
1

Fonte: SolarSME, 2026

[1] M. Liu et al., “Tariffs on electric vehicles deepen woes of U.S. electrification stagnation,” npj Clim. Action, 2026, doi: 10.1038/s44168-025-00330-6
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Eficiéencia e vida util das baterias

e Ampliar autonomia e vida util da bateria alocando energia com aprendizado por reforco (RL)
e A abordagem poderia aproveitar a plataforma chinesa de monitoramento de VEs, que coleta em tempo real

dados operacionais de mais de 20 milh6es de VEs

a Rule-based EMS Prediction-based Simulation-based Our approach
\ w l = Online Learning Real-world data-driven EMS
| RS /\/‘\N i
G - A Learning
Driving cycle £ Prediction O 8 o
. Driving condition m DRL | 4" ’ 0o
el 2 oe®
_ W
T Optimal control (DP, MPC) | Simulator Agent ' EV data Offline RL Agent

Por que o problema se presta ao RL profundo

e Condigbes de trafego dinamicas —s decisdes sequenciais
e Trens de forca hibridos complexos (bateria, célula a combustivel, combustao), aprender com os dados

* Aplicagao emtemporeal  _, inferancia rapida de modelos de AM

[1] X. Hu et al. Reinforcement Learning for Hybrid and Plug-In Hybrid Electric Vehicle Energy Management: Recent Advances and Prospects. IEEE Industrial Electronics Magazine 13,
16-25 (2019). https://doi.org/10.1109/MIE.2019.2913015 .

[2] Y. Wang, J. Wu, H. He, Z. Wei, and F. Sun, “Data-driven energy management for electric vehicles using offline reinforcement learning,” Nat Commun, vol. 16, no. 1, p. 2835, Mar.
2025, doi: 10.1038/s41467-025-58192-9.



Eficiéencia e vida util das baterias

Urban Road FCEV powertrain model
g:;iiii“ (ZBDC) i -
"i’ ’ | N Y N - E
_ _ a q’u o / DC/DC §
Simulacao aumentada 5
: " Highway | Hydrogentank  FC stack ol $
por dados (HWDC) - — g | i
e _,_// Battery / lnﬁm il i
D Charger 2 DC/AC
» Mechanical flow ~ Electrical flow » Gas flow
Real world data Simulated FCEV environment

120
. . 98 Resultado: o RL reduz o custo
: - 820 837 Q ' /As\ aso (984 total em 13% em l:el_ag.éo
O RL atinge desempenho  _ « .2  ao controlador original
quase otimo g 60 25 B57.6 [WBes 9| B8 | B s 92§ Ressalva: o método original
calculado por proaramacio 2 : nao considera a vida util
( d.pA p 9 ¢ i “¢  da bateria, o RL sim
inamica) < 88 (penaliza a inclinacio de poténcia)
0 PPO -

i ORL-D1 ORL-D2 ORL-D3JORL-D4 BC-D1 BC-D2 TD3

[11Y.Wang, J. Wu, H. He, Z. Wei, and F. Sun, “Data-driven energy management for electric vehicles using offline reinforcement learning,” Nat Commun, 2025.
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Recarga inteligente / bidirecional (V2G)

‘ Ca SOC Distribution
e VEs podem atuar como EVH . +
. . ’ eterogenel
armazenamento distribuido para

_ Travel heterogeneity ~ Charging heterogeneity

N
N

Distance travelled

e Usa Q-learning profundo (DQN)
para aprender politicas de
carga/descarga sob precos e
restricdes de mobilidade { RECoNS e pid

. different travel patterns technologies

I

e 1 milhao de km de dados S

de conducéao de VEs chineses = — History electricity prices
e A politica DQN economizou 98% ' |q|4 ﬁ

no custo de eletricidade em relacgewer Gria '

a carregar o quanto antes *

(referéncia fraca) s

Probability

e

deslocar a carga urbana §

Grid structure

Different electricity prices

Different charging |

Deep Q-Learning Frame

1 )

) ]

i : W, 7 W, i Learning goal:

% e 'O

' i » Lower cost

1 1

¥ () Q(s, a)) | . @
& ! » Meeting travel needs \A

1 y 1

E L @ O E Reward: r(t)

] )

i : Q(s, a1 sCF
] . ? - argmax Q(s, a)

i ( , E a€A @
! * O

1 )

i ( N Q(S’ a}) i

: ' i Output: Charging profile
i[nput layer Output layer E © a0 Cl.largmg.

i Hidden layer t |* a<0 Discharging

1 |

* a=0 Neither of above

Fully-connected Neural Network

Value of Information (VOI)

Hao, Xu, et al. "A V2G-oriented reinforcement learning framework and empirical study for heterogeneous electric vehicle charging management." Sustainable Cities and Society, vol. 89,

1 Feb. 2023, p. 104345, doi:10.1016/j.scs.2022.104345.
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20" CENTURY: HOW MANY CARS
CAN WE MOVE DOWN THE STREET?

Aprofundamento: Mudap s sss

|A para a mudanca modal
¢

it

21" CENTURY: HOW MANY
CANWE MOVE DOWN THE STREET?

Fonte: Copenhagenize Design
Company/Mikael Colville-Andersen, 2018.
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Carbon footprint of travel per kilometer, 2022 Our World

The carbon footprint of travel is measured in grams of carbon dioxide-equivalents per passenger kilometer. This includes the
impact of increased warming from aviation emissions at altitude.

F Table L« Bar # Edit countries and regions

Domestic flight 246 g

Petrol car 170 g

Short-haul flight 151¢g

Bus (average) 978

o
(o0]
]

Plug-in hybrid

Electric car 47 g

National rail

w
(9]
o

London Underground 28¢g

Coach (bus) 27¢g

Data source: UK Government, Department for Energy Security and Net Zero (2022) - Learn more about this data

Note: Official conversion factors used in UK reporting. These factors will vary across countries depending on energy mix, transport
technologies, and occupancy of public transport. Data for aviation is based on economy class. 3 -
-

OurWorldinData.org/transport | CC BY

)
LJd
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T . . Em 2024, 45,5% dos domicilios dos EUA nao
Acessibilidade financeira e acesso ganhavam o suficiente para fechar as contas.

50.0% Cost component
Average Monthly Household Expenses in the U.S. ® Fuel
g Maintenance
Housing S M Insurance
£ 40.0% B Purchase
l Transportation 'o'
b=
Taxes (]
9]
B
Utilities and household costs 3 30.0%
»
Food 2
0
Social Security contributions, etc. (%] -
e 9
Health care S 20.0%
B
g ]
Entertainment $243 g
N o ,
Cash contributions $190 % 10.0% _ Acess |Ve|
Clothing and services -$120 % ‘
]
>
Education -31 06 -
Alcohol and tobacco -366 0.0%

<$25,000 $25000- $50,000-  $75,000- > $150,000
$50,000 $75,000 $150,000

Household income

Personal care .354

Va|uepenguin® I lendfgtree Figure 1. Total cost of vehicle ownership as percent of income, by annual household income.

implications of electric vehicle adoption." International Council on Clean Transportation. Working Paper 6 (2021). 55




Mobilidade urbana multimodal

e Definicao: uma abordagem de transporte que apoia
todos os modos de deslocamento (veiculos particulares,
City Taxi /’_’__‘:&Raivhﬁetm
.
—\

a pé, bicicleta, transporte publico, mobilidade compartilhada,
combinagdes de modos etc.).

e Estratégias
©  Transporte publico

Walking path Feeder bus

o  Desenho viario: ciclovias, reducao de faixas, prioridade semaférica &
o  Pedagio urbano (Bloomberg sobre o pedagio urbano de Nova York) “ wasas Multimodal
o  Planejamento de viagens e orientagcdo em tempo real — Transportation |
. . . Rickshaw ( f{‘
o  Mobilidade como servico (MaaS), incl. pagamento integrado \ " City water bus

e Por que é dificil ‘ y

Integragéo fisica: as conexbes devem ser rapidas, seguras e convenientes
o  Coordenacdo institucional: muitos érgdos publicos e

operadores privados

Interoperabilidade de dados: horarios, tarifas, rotas e atualizagbes

em tempo real precisam se conectar

Modelo de negécio: quem paga, quem Sé beneficia, quem compartilha Fonte: Audirac, Ivonne, et al. "Transportation and Mobility Modes." 2024.

os dados?

Equidade e privacidade: um servigo integrado ngo deve excluir usuarios

©  de baixa renda ou com pouco acesso a dados

Biking path

[1] StreetLight, "Multimodal Transportation: What Is It, and How Does It Benefit Everyone?", 2024, www.streetlightdata.com/what-is-multimodal-transportation. o6



|A para simulacao de transportes
baseada em agentes
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Previsao da demanda de viagens

A previsao da demanda de viagens € essencial para avaliar e

planejar os sistemas de transporte
* Por que, quando e como as pessoas viajam?

National Highway Freight Network (NHFN)

ACTIVITY PATTERNS e
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Impacto da previsao da demanda de viagens

A previsao da demanda orienta decisOes cruciais de planejamento e
iInvestimento dos orgaos publicos, do nivel federal ao local.

ACTIVITY PATTERNS
e | H-A-W-H-L-0-H |
ACTIVITY LIST :
P r W (WORK) y | H-A-O-H-W-H-L-H |
O 1. (LEISURE)
v -
q L] A(ACCOMPANYING) > | H-W-A-O-L-H |
. 1 | O(OTHER)
. - - .~ W A-H
Imagem: Bifulco et al—1 1 iome, ol H-O-H-A-1] |
[ | H-W-H-L-O-H-A-H |
3am.on First Tour
day d Activity Pattern Home-Stay
u a n o Morning Home- Duration before
J___ Stay Duration i 2nd Tour
AT il TS ST - TR e ] [ERTRND
. I Colel O Rl RS AI T TEgr v v A[ IIIIIIIII A
Imagem: Pinjari ¢ Bhat S, S,
Departure for First Return- Departure for
First Stop (S,) Home Episode Third Stop (S;)

oT. + BM, + ¢,
aly + BMy + 6,Y + ky + €

Como

Imagem: Train

Slides adaptados de Tianming Liu (tianmliu@umich.edu)
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2045 Regional Transportation |

Plan for Southeast Michigan

S

Transportation Improvement Program F
(TIP) for Southeast Michigan, |

”~
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Trawal Patterns 2045
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e

s
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Modelagem da demanda baseada em atividades

O paradigma mais avancado de Q

modelagem da demanda

Trabalhos recentes usam sobretudo < *»
simulagdo baseada em agentes . @4___....«“ ¢

Sintese d'e populacap

Escolha de longo praz
v Modelos

Agendas diarias de escolha
Y

hierarquicos

/arvores de

Viagens didriag ) decisao
Simulagdo DTA

Slides adaptados de Tianming Liu (tianmliu@umich.edu)

Os agentes seguem regras condicdo-acao
codificadas para programar atividades e

viagens. Podem aprender, adaptar-se e melhorar
suas interagcées com outros agentes e

com o ambiente dinamico.
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Limitacoes das abordagens existentes

 As limitacOes se devem sobretudo as premissas € a
complexidade de montar um bom modelo

Necessidade de premissas de modelo Calibracao complexa

-

\

~

Exemplo: modelo MNL

Assumption 1:
* We assume that the error terms each follow the Type-2 extreme
value distribution (Gumbel distribution):
* ey ~Gumbel(n, i)
¢ exp~Gumbel(n, 1)

Assumption 2:
* We assume that €,,, and €;,, are independent and identically

distributed (i.i.d.) across individuals, and independent of the
attributes x,,.

Os modelos exigem premissas
a priori para funcionar /

Exemplo: um ABM tipico

Model System Application of the Scheduling Model System

Work and school activity participation and timing decisions Work-1o-home/Mhome-to-work commute characteristics for each worker
(Models GA1 -GAS of Table 1 are applied in this step) odels WS1- WE3, s WE10 - W13 of Tukie 2 are sppiled bn s shepi
eds esponsd '_
A iod in thi step)
| de p decision: | ‘f’m l
bed in th )

\ para modelar o comportamento de viage

Demanda de dados complexa

-

Census

Bureau

National Household
Travel Survey

Understanding How People Get from
Place to Place

Slides ada@dos de Tianming Liu (tianmliu@umich.edu)

E preciso muitos dados A

para montar o modelo
(senao os parametros
sao emprestados)

4 )

Ao todo, 49 modelos precisam ser calibraj:s
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Agentes LLM e suas aplicacoes em simulacao

Simulacros de comportamento humano @ % Gemini .
SO

& @ Qwend

I join you for coffee?
[Klaus): Not at all, Abigail.

: interpretacao de papéis

How are you?

[John] : Hey, have you heard
anything new about the

. £ 2 L LY}
P ey (0T
r ‘ i ; 3 upcoming mayoral election?
13 A [Tom] : No, not really. Do you
a‘ Eq'., i I know who is running?
- - . [ . g <

o HA¥®9d 2ol o e

Figure 1: Generative agents are believable simulacra of human behavior for interactive applications. In this work, we demonstrate
generative agents by populating a sandbox environment, reminiscent of The Sims, with twenty-five agents. Users can observe
and intervene as agents plan their days, share news, form relationships, and coordinate group activities.

J. S. Park, et al., “Generative agents: Interactive simulacra of human behavior,” in Proceedings of the 36th annual acm symposium on user interface software and technology, 2023.
62

Grossmann, et al., Al and the transformation of social science research, Science, 2023, 380 (6650).

Slides adaptados de Tianming Liu (tianmliu@umich.edu)



O LLM como substituto do comportamento humano

» Hipotese-chave: LLMs podem atuar como “amostras de silicio”
O principal motivo € que os LLMs tém trés propriedades-chave:

Imitacao no aprendizado Interagdao semelhante a humana Seguir instrucoes e
interpretar papéis

Pergunta critica: até que ponto se alinham ao comportamento de viagem humano?

* Grossmann, et al., Al and the transformation of social science research, Science, 2023, 380 (6650).
** Hutson, M., Can Al chatbots replace human subjects in behavioral experiments. Science, 2023, 381(6654).

Slides adaptados de Tianming Liu (tianmliu@umich.edu) 63



LLMs parecem humanos, mas nao sao autenticamente humanos

Speed Turning Steering
at (| [ [\ m<i~A ) .
i A\ \ \
— DysiNigh = f:o Right s Dusk
Day C
Freeway Fres
herseact e
s \ S ocoi gt
| /—‘I (Vl J o @;ﬁ' o) L;/ Jiot
Qe = = amp R
Dk DuskNi 0 b
D Day
— GPT-40 = GPT-40 mini Gemini 2.0 Flash Claude 3.5 Haiku Llama 4 Scout
= GPT-03 mini Gemini 2.5 Flash == Claude 3.7 Sonnet Llama 4 Maverick
Condugao autdbnoma: mais alinhados
a motoristas agressivos
Income Elasticity
Purpose Binsuwadan  Shires and de
uspor etal. (2023)*  Jong (2009)** G40
Commute 1 0.37 0.67 0.24
Business 1 0.53 0.47 0.21
Leisure 1 0.53 0.52 0.22
Personal 1 0.53 0.52 0.22

Decision-makers of participants

Statgs quo Naive Strategic mm Exploratory ya .

O i E preciso
c == .
poF alinhamento
O 0.6 =
Q
o
? 0.4+
2
< 0.24

0.0~ T T

Human GPT3.5 GPT4

Jogos de congestionamento: aprender
a adaptacao da escolha de rota

tragic Hlnlnl’lhb fewer llveS
option="risks fewer

. hitting p a4

mlnlmlzlng overall
“barrieri risk Yowsr: fasatity
overall harm i

harm Crashlngpl loritize minimizing
Seses SN ,vehicle

Valor do tempo: elasticidades menores Etica na conducao: viés nos principios

Wang, P., et al. "LLM agents can partially mimic human driving behaviors...." Transportation Research Part C: Emerging Technologies 186 (2026): 105606.
Xu, Z. et al.. (2025). Where is morality on wheels? .... Travel Behaviour and Society, 40, 101039.

Wang, L. et al. (2025). Comparing Al and human decision-making mechanisms in daily collaborative experiments. Iscience, 28(6).

Yan, Y. et al. (2026). Valuing time in silicon: Can large language models replicate human value of travel time. Travel Behaviour and Society, 44, 101245.

Slides adaptados de Tianming Liu (tianmliu@umich.edu) 64



Desenvolvendo LLMs e agentes mais humanos

-
-
-
P

L+ e

Models ¥

. Agent ‘

Make;sdecisions

]

~.
~
~.
~~.
~.
~
..

Existing / Storage &

Retrieval '«

Reflection iiii

Short-term
memory

Long-term
memory

Identity

Multi-modal Crash Data

Satellite Image & Infrastructure Data

B
V —
S| v —

Crashworthiness Data

State Driver
Licensing Files

)

SafeTraffic Event Prompt

You are a helpful assistant designed to predict the task target of a traffic
crash. You need to make prediction based on the information below:

Assume the crash is expected to occur in the following infrastructure:

+ [Roadway Info:] The road width is 56, the road surfoce is made of
osphalt ..

* |Infrastructure Condition:] This road is not median-separated ...

Event Information

Assume the crash has the following settings:

+ [Entity Involved Info:] There are no pedestrians involved, and 2 vehicles
are involved.

* |Alcohol Involved Info:] The accident involves no influence of alcohol or
drugs.

Unit Information

Assume the following units are involved in this crash:

» |Vehicle Info:] The wnit 1, is an unknown type, non-commercial vehicle.
The vehicle had no defects...

* [Driver Bahavior:] The driver is going straight ahead, is totally ejected,
and is operating recklessly ..

<5

Prediction Targets
Injury (4 categories): <zero>, <ones, <two>, ...
Severity (5 categories): <no opporent injury>, <possible injury>, ...
Type (14 categories): <rear-end>, <angle impacts right>, ..

SafeTraffic LLM Fine-tuning

Special Tokens

AN General Information <possible injury>
Assume a crash is expected to occur at the given time and location: < minor injury > 1
TraVe I p I an * [Location and Time:] This time is June 9, 2022, at 6:00 PM... The Severity is:
* |Roadway Class:] The location is an urban - principal arteral at a Confidence < possible injury >
drivewoy... 1
4 Police Crash Report
I Infrastructure Information

)
( Output Embedding Layer ¢, J

um

Feed Forward
Notwork

Multi-head
Attention

{ Input Embedding Layer (,1" ]

Add Special Tokens
Model Settings =% Prediction Data Flow

Pés-treinamento para que os

Agentes e otimizagao de
prompts para imitar a tomada
de decisao humana

LLMs imitem respostas humanas

Liu, T. et. al. (2025). Toward LLM-agent-based modeling of transportation systems: A conceptual framework. Artificial Intelligence for Transportation, 1, 100001.
Zhao, Y, et al. (2025). SafeTraffic Copilot: adapting large language models for trustworthy traffic safety assessments and decision interventions. Nature Communications, 16(1), 8846.

Slides adaptados de Tianming Liu (tianmliu@umich.edu) 65



Observacoes da comunidade até agora

O conhecimento interno e a interpretacao de papéis dos LLMs podem facilitar a previsao
do comportamento de viagem e o planejamento de transportes

Input Information

Mode Choice Example

Avainiiw
afavmnatves

{ravel
chavactonsdos

Soaw
demoganhcs

Prompt Engineering

Tran Car Moo | -

Trarew! tir Travel costt | e

Traest use Pass holder | <o

Carefully designed prompt including task
descripbion, structural data, descriptive data,
and guide-of-thinking with domain knowledge

Trip Purpose Example

T

i

Travel =
P s
chamcteriatcs |  Stan time Olstance
SOow o 1cn te cycle
X0 e CyC
demographics ok v

Other tasks / examples

PUIPORES Work Sooca Shop | e

D Method 2: Learned Prompt via
Textual-Gradient Optimization

Starting from a minimal prompt, the LLM
CribQues errors using a small labeled budget
and automatically rewrites the prompt.

% Policy Info [”}' Voting

Transportation Agency

ro‘rO{c% Representative Agents

Chicago Representative in community
(with external statistical facts)

Average person in the city

‘O: Winning Policy

For the best interest of the community

27 Policy Alternatives
* salestaxrate

* transit fare

¢ driver fee

5-Approval Voting
* All-Approval Voting
Ranked-Choice Voting

(&R
. j; Output \@ r} Reasoning

In JSON format Disposable income
Discretionary consumption

* Accessibility

* Instant Runoff Voting

* Most Voted Policy * Rationale
* Resulting vote

Agentes LLM podem atuar como agentes representativos no planejamento
de transportes para reduzir o viés de participagao

LLMs podem usar o conhecimento interno para simular o comportamento de viagem

Mo.B. et al. (2026) Large language models for travel behavior prediction. Transportation Research Interdisciplinary Perspectives, 38, 102124.
Yan, X., Dai, T., & Nie, Y. M. (2026). Addressing the alignment problem in transportation policy making: an LLM approach. Transportation Research Part C: Emerging Technologies, 188, 1
Cho, J. H., & Wu, C . (2026). AGORA: Can Deliberation and Governance Gates Absorb Participation Bias in Transit Planning?. IEEE Intelligent Transportation Systems Conference.

Slides adaptados de Tianming Liu (tianmliu@umich.edu)
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Observacoes da comunidade até agora

Treinados com poucos dados humanos, agentes LLM podem prever a demanda de viagens
melhor que os modelos existentes.

JETEEEEEY ¢« Agentes LLM precisam de poucos dados

Detaled detaset Dy Genehldamaset Dy i bl humanos para simular bem as escolhas
gty @i = 7.[;» gel &a) * Ao relaxar premissas de comportamento,
= um|@ agentes LLM se adaptam a viajantes
Lo demogrophics B4 comen: | & com comportamentos diversos
« Com memoria, arquétipos comportamentais
/" Persona|inferencelE  [Prompt generator G o b e pos-treinamento com dados humanos,
prom = agentes LLM diagnosticam padrdes e
e intencdes em rastros de mobilidade e
Persci |ibram D T preveem bem as trajetorias

997 lo—@
: “» ’ o
\ 0 D Q Loaded persona LLM prompt/

Learning framework | @frozen #ytrainable & theory-informed ‘

Liu, T. et. al. (2026). Aligning LLM with Humans for Travel Choices: A Persona-Based Embedding Learning Approach. TransportationScience, Articles in Advance.

Liu, T. et al. (2026). Aligning LLM agents with human learning and adjustment behavior: a dual agent approach. TransportationResearch Part C: Emerging Technologies, 191, 105818.

Qin, Z. et.la. (2026). A foundational individual mobility prediction model based on open-source LLMs. Transportation Research Part C: Emerging Technologies, 185, 105562.

Wang, J. et al.. (2024). Large language models as urban residents: An llm agent framework for personal mobility generation. Advances in Neural Information Processing Systems, 37, 124547-124574.

Slides adaptados de Tianming Liu (tianmliu@umich.edu) 67




|dentificar o melhor caso de uso e os trade-offs dos LLMs: onde mais ganham e

quando € melhor aplica-los
Desenvolver abordagens e procedimentos unificados para aplicar LLMs em diferentes contextos

Avaliacao sistematica das capacidades e do desempenho dos LLMs

Ir alem do comportamento observado para o alinhamento de valores

Reduzir custo computacional, consumo de energia e laténcia em aplicagdes de larga escala

Slides adaptados de Tianming Liu (tianmliu@umich.edu) 69



Aprofundamento: Melhorar
|A para a eficiéncia

dos transportes

Fatores que afetam o consumo de combustivel

Fonte: US EPA, “Your Mileage May Vary,” 2026.
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INRIX U.S. Signals Scorecard

2022 Annual Summary

U.S. Signals Scorecard - Full Year 2022 Performance Summary

Based on Data Gathered and Averaged over 4 weeks in March,
June, September, and November 2022

INRIX

A | DOMaps | Bpata

BRITISH

COLUMBIA SASKATCHEWAN ONTARIO QUEBEC

MEXICO

Mexico City
.

INRIX U.S. Signals Scorecard: 2022 Annual Summary. INRIX Jhitps:dinsix.com/signalssscorecardi.

R < Q a ©

Address Search

RIS

a J/

St-Pierre

Map Legend

Control Delay - LOS Values

@® A<10sec
B >10-20 sec
C>20-35sec
D> 3555 sec
@ r5580sec

. F >80 sec

Lower Volume (< 100 samples/day)

Inputs

Results
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~5 Billion

Total Number of Observed
Crossings Used to Generate
Results

~10 Million

Number of Connected
Vehicles Providing Location
and Movement Data

2022
Quarterly
Data
Collection

242,757

Signalized Intersections
Analyzed

All 50 States

(Plus District of Columbia)

400* 1,150*

Regions Counties

23,308

Intersection Avg Daily Traffic

18.1

Seconds of Delay Per Vehicle

63.5%

Arrival on Green

1174

Total Hours of Daily Delay

2.53P

Days to Generate 1 Metric
Tonne of Carbon Emissions
From Delay

0.97Pa

Days to Consume 1 Barrel of
Oil From Delay

Average
— Traffic
Signal




Project Green Light (Google Al)

e Big data para a temporizagado de semaforos e I
o Langado em 2023; ativo em 20 cidades = T e
o Até 30% menos paradas e 10% =N Q9. &
menos emissdes de GEE* a naieds. Q

e Usa |A para inferir os parametros atuais

de semaforos de tempo fixo
o Duracéo do ciclo 8
©  Tempo de transigao = e (D) () (e
o  Divisédo do verde (tempo e ordem

de passagem) e ’
o Coordenagéo Estrada do Monteiro - Rua Esculipio ompleted  18:00-21:00
©  Funcionamento dos sensores (atuacéao)
e Faz recomendagdes aos engenheiros B R,
de trafego das cidades sobre ajustes T
nos parametros dos semaforos o |
* Nenhuma auditoria independente disponivel R b Catos Tor- R M de IOV oy 1002000

Google Al's Green Light. sites.research.google/gr/greenlight.

Cabugy

72



|A para a otimizacao de semaforos

nature communications

Article https://doi.org/10.1038/541467-025-56701-4

Big-data empowered traffic signal control
could reduce urban carbon emission

Received: 14 June 2024 Kan Wu', Jianrong Ding ®2, Jingli Lin? Guanjie Zheng?, Yi Sun', Jie Fang', Tu Xu*®,
Yongdong Zhu® & Baojing Gu®°®

Accepted: 27 January 2025

Published online: 27 February 2025

Urban congestion is a pressing challenge, driving up emissions and compro-
mising transport efficiency. Advances in big-data collection and processing
now enable adaptive traffic signals, offering a promising strategy for conges-
tion mitigation. In our study of China’s 100 most congested cities, big-data
empowered adaptive traffic signals reduced peak-hour trip times by 11% and
off-peak by 8%, yielding an estimated annual CO; reduction of 31.73 million
tonnes. Despite an annual implementation cost of US$1.48 billion, societal
benefits—including CO, reduction, time savings, and fuel efficiency—amount
to US$31.82 billion. Widespread adoption will require enhanced data collec-

% Check for updates

The Real Deal: A Review of Challenges and
Opportunities in Moving Reinforcement
Learning-Based Traffic Signal Control Systems
Towards Reality

Rex Chen, Fei Fang and Norman Sadeh

Institute of Software Research, School of Computer Science, Carnegie Mellon University

Abstract

Traffic signal control (TSC) is a high-stakes domain that is growing in importance as traffic volume
grows globally. An increasing number of works are applying reinforcement learning (RL) to TSC; RL
can draw on an abundance of traffic data to improve signalling efficiency. However, RL-based signal
controllers have never been deployed. In this work, we provide the first review of challenges that must
be addressed before RL can be deployed for TSC. We focus on four challenges involving (1) uncertainty
in detection, (2) reliability of communications, (3) compliance and interpretability, and (4) heterogeneous
road users. We show that the literature on RL-based TSC has made some progress towards addressing
each challenge. However, more work should take a systems thinking approach that considers the impacts
of other pipeline components on RL.

[1]1 K. Wu et al., “Big-data empowered traffic signal control could reduce urban carbon emission,” Nat Commun, 2025, doi: 10.1038/s41467-025-56701-4.
[2] R. Chen, F. Fang, and N. Sadeh, “The real deal: A review of challenges and opportunities in moving reinforcement learning-based traffic signal control

systems towards reality,” arXiv preprint arXiv:2206.11996, 2022.

73



Energy Policy 38 (2010) 762-769
Contents lists available at ScienceDirect =
\ ENERGY
& POLICY
e Energy Policy

KA W :
ElI SEVIER journal homepage: www.elsevier.com/locate/enpol
Eco-driving: An overlooked climate change initiative
Jack N. Barkenbus
Climate Change Research Network, Vanderbilt University, 131 21st Avenue South, Nashville, TN 37203, United States
ARTICLE INFO ABSTRACT
Article history: The actions individuals can take to mitigate climate change are, in the aggregate, significant. Mobilizing
Received 11 June 2009 individuals to respond personally to climate change, therefore, must be a complementary approach to a
Accepted 2 October 2009 nation’s climate change strategy. One action item overlooked in the United States has been changing
Available online 28 October 2009 driver behavior or style such that eco-driving becomes the norm rather than the exception. Evidence to
Keywords: date indicates that eco-driving can reduce fuel consumption by 10%, on average and over time, thereby
Climate Cha}'lge reducing CO, emissions from driving by an equivalent percentage. A sophisticated, multi-dimensional
TT?PSPW“'O“ campaign, going well beyond what has been attempted thus far, will be required to achieve such savings
Mitigation on a large scale, however, involving education (especially involving the use of feedback devices),

regulation, fiscal incentives, and social norm reinforcement.
© 2009 Elsevier Ltd. All rights reserved.
[1] J. N. Barkenbus, “Eco-driving: An overlooked climate change initiative,” Energy Policy, 2010, doi: 10.1016/j.enpol.2009.10.021. 74
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Implicacoes para politicas dos veiculos conectados e automatizados?

Video: Audi

Possibilidade dos VCA: conducao econdmica em cruzament

f

al,

Audi Traffic Light Information
with Green Light Optimized
Speed Advisory

. 0 . . ~ 2 ] 7 ]
cruzamentos, em escala urbana, faria diferenca nas metas de mitigacao climatica?

* Estimated using Google Scholar
[1] Mintsis et al. Dynamic eco-driving near signalized intersections: Systematic review and future research directions . Journal of Transportation Engineering)/Pait 2020



Economia de energia / emissogs

Table 3. Evaluation methodologies of existing dynamic eco-driving models and corresponding impacts

[ ] ~NS Speed advisory model /N (] Energy Travel time  Real-time
N " &’ ) t network configuration Vehicle type savings (%) Emissions savings (%) | savings (%) ready
(] Mamino Real test site Single-vehicle 2 7 (CO) - —
(2.5L 4-cylinder) (all trips) 18 (HC) 13 (NOy)
Jiang et al. (2017) Dynamic eco-driving Simulation (Excel VBA, Hypothetical intersection —_ 2.02 1.97 10.80 Yes
under partially connected MATLAB, and VISSIM)
d vehicles
Field experiment DRIVE C2X test site 10 retrofitted prototype — — — Yes
m (real-world traffic) (Gothenburg, Sweden) vehicles
endation  Field experiment Virginia Smart Road Test 2014 Cadillac SRX 19 — 10 Yes
mf facility
riving Field experiment Signalized arterial corridor 340 taxis — 9 (compliant versus — Yes
(real-world traffic) (Thessaloniki, Greece) noncompliant)
1 i 1 H H MATLAB —_ 30 t Id vehicles i — - - Y
Dynamic Eco-Driving near Signalized Intersections: b mdson =
H H H : model Simulation (EstiNet) 3.7 km urban arterial road in — — 213 8.15 —_
Systematic Review and Future Research Directions Beijing
Numerical evaluation Hypothetical intersection - 3-12 5-20 (CO) — Yes
Evangelos Mintsis'; Eleni |. Vlahogianni, Ph.D.?; and Evangelos Mitsakis, Ph.D.3 il
x
. Controlled experiment Palmyrita Avenue, 2008 Nissan Altima 5-27 — — Yes
g Riverside, California
o S 5 i : . FRRR . dynamic  Simulation Cross intersection — 13 13 (CO, HC, 38 ——
g Abfstl.'act. Advancements in the flelfi of telemau.cs have empowered the development otf connected vehicle (CV) apphcanons,. which (INTEGRATION) (Blacksburg, Virginia) CO,, and NO,)
£ optimize the energy and traffic efficiency of vehicular traffic. Over the past decade, various research groups have proposed different Simulation s - = s - _
E" methodologies for the implementation of dynamic eco-driving near signalized intersections. This paper reviews the proposed methodol- MATLAB (GPOPS) — —_ 29 — -9 Yes
E’. ogies laying emphasis on the control logic, optimization objectives, assumptions, and constraints of these models. The strengths and sistant Field experiment Urban network 5 different vehicles 49 — — Yes
g limitations of existing dynamic eco-driving models are discussed, and future research directions are proposed in relation to the oppor- i;e:ln‘:’x%d (:;fgfi)v“y . (m"es'Pmﬂcum) . 50 NOL) o _
-3 tunities emerging in the field of transportation and the technological barriers that may exist. Further, the methodologies implemented for the analysis) x
| assessment of the impacts of dynamic eco-driving are critically reviewed. DOI: 10.1061/JTEPBS.0000318. © 2020 American Society of ving for Simulation (PARAMICS)  Hypothetical intersection Single and multivehicle 31 — —_ Yes
Z Civil Engineers. hicles
-] 8
2 Xia et al. (2013a) Dynamic eco-driving Simulation (PARAMICS)  11-signalized arterial Single and multivehicle 125 13 (COy) 0.7 Yes
8 Author keywords: Cooperative-intelligent transportation systems (C-ITS); ) ) B ) ) corridor ) o
. Energy efficiency; Connected vehicle (CV); Signal phase and timi (\;’(e)??; and Wrinclker ~ Dynamic eco-driving Field experiment li:u;hx:d Field Station BMW mid-sized sedan 14 — — Yes
L J S|
El Camino Real test site
Mahler and Vahidi Predictive optimal MATLAB — — - — — Yes
(2012) velocity planning Field experiment (Greenville, South Carolina) —_ — — —_
algorithm
Rakha et al. (2012) —_ MATLAB —_ —_ 30 —_ —_ —_
. N Schuricht et al. (201.1) Predictive driver Simulation (IDM) —_ — 8.7 —_ — —_
ssistagce
conomia estimada de energidFe- um ; S T
( tegdy Field experiment BMW test track (Aschheim,
. ~ Munich, Germany)
e m I S S O e S e nt r e Barth et al. (2011) Dynamic eco-driving Simulation (PARAMICS)  Hypothetical 10-signalized ~ Mid-sized Sedan 12 12 (COy) 2 Yes
arterial
Asadi and Vahidi PCC SIMULINK (MATLAB) Urban road —_ 47 56 (CO,) . —
o (2011) Suburban road
2 e 5 6 / 2 5 e St u d 0 S Tielert et al. (2010) Speed adaptation model  Simulation (VISSIM) Single-lane road segment EURO4 Otto and diesel 22 80 (CO); 35 (NO,): 18 — —_
0 engines (PM)
Karlsruhe's inner city, 8 —_
Germany
Vreeswijk et al. (2010) —_— Simulation (VISSIM) Four-leg intersection —_ —_— 5 (CO, and NO,) —_— Yes
(Rotterdam, Netherlands)
Saust et al. 2010) —_ Field experiment Ring road of Braunschweig, —_ 35 - — Yes
Germany (two-lane arterial
road)
Mandava et al. (2009)  Artenial velocity Stochastic simulation Hypothetical 10-signalized  LDV24 and LDV17 12-14 12-14 (COy) — —
planning algorithm arterial
Li et al. (2009) ADAS Parametric analysis — — 14 —_ — —
Simulation 8

Mintsis et al. Dynamic eco-driving near signalized intersections: Systematic review and future research directions . Journal of Transportation Engineering, Part A, 2020

Wu
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Calculo de impacto (estimativa rapida™)

Impacto na condug¢ao

s A
51 .9% Km rodados (VMT) perto de cruzamentos semaforizados [1]
X [6, 28]% EmissBes evitdveis com condugdo econdmica ( * 1 desvio-padréo segundo [2])
[ 3 ) 1 ; 1 4 ) 5 ]% das emizssﬁes de CO da conducao sao simplesmente “desperdicadas” nos cruzamentos
o J
Impacto nacional Gold standard:
f b -1% global GHG
X 29% GEE do setor de transportes [3] . e . Breakthrough
R Energy
X 81% | |, GEE dos veiculos rodoviérios [4] P Ventures
Led by Bill Gates

[ O ) 7, 3 4 1 ]0/0 das emissc”Jeszde CO dos EUA sao simplesmente “desperdicadas” nos cruzamentos
J

.

[1] U.S. Federal Highway Administration (FHWA). Highway Statistics 2021. 2023.

[2] Mintsis et al. Dynamic eco-driving near signalized intersections: Systematic review and future research directions . Journal of Transportation Engineering, Part A, 2020.
[3] U.S. Environmental Protection Agency, Inventory of U.S. greenhouse gas emissions and sinks . 2023.

[4] U.S. Environmental Protection Agency, Fast Facts on Transportation Greenhouse Gas Emissions . 2023.

* Cdlculos baseados em estatisticas dos EUA. Wu
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Conducao economica em escala regional

qguantificar os beneficios ambientais da
conducao econdmica em toda a rede.

Semaforo de tempo fixo

Sao Francisco

Objetivo: reducao esperada das emissoes da frota

sem impacto relevante no tempo de viagem nem

na vazio do cruzamento Semaforo de tem po fixo
Sujeito a: requisitos de seguranga, limites dos + condu Qé O econOmica

atuadores do veiculo e regras de transito



Todos os cenarios sao modelados em simuladores de nivel industrial

s

s, ) :t‘ll.\,“""~.

ik
.j\\\\“_“&\‘\
e

6.011 cruzamentos baseados em L
dados, modelados no S5 e
simulador microscépico 4
SUMO de nivel industrial

Cruzamento real vs. simulagao

Qu, Valiveru, Tang, Jayawardana, Freydt, Wu, What is a typical signalized intersection in a city? A pipeline for intersection data imputation from OpenStreetMap , Transportation Research Board, 2023.
Jayawardana et al. IntersectionZoo: Eco-driving for benchmarking contextual reinforcement learning . International Conference on Learning Representations (ICLR), 2025.
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Los Angeles
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Todos 0s cenarios sao modelados com dados e ferramentas abertos

Lane lenath Speed limit Vehicle inflow (peak)
; 00% 60%
40%
4 50% -
20%
4 0% - 0%
0 250 500 750 0 10 20 30 0 1000 2000
3 100% 60%
40%
J 50% -
20%
_M. 0% m 0%
0 250 500 750 0 10 20 30 0 1000 2000
100% 60%
40%
50% A
20%
0% - 0%
0 250 500 750 0 10 20 30 0 1000 2000

Goorgia Department of Transportation

CALIFORNIA

GOV

M sFmTA GDQT

Vehicle inflow (off-peak)
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0
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O

Road qrade
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>

Motor Vehicle Emission Simulator

Phase count
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Decomposicao da rede

Requisitos para a decomposicao

da rede

O tempo de espera para A vazao nao Fila / comprimento
entrar no cruzamento deve diminuir dafaixa<é§
nao deve aumentar

7

Cruzamentd J Cruzamento cdn Cruzamentg .
anterior controle ativ{ seguinte

>
Fluxo de trafego

Se a conducio econdmica violar
algum desses requisitos, os
beneficios sdo zerados

Assim, os beneficios sdo um
limite inferior dos
beneficios possiveis



Modelando a conducao economica como um MDP

§ Protocolo de treinamento: RL multiagente com parametros compartilhados, com

treinamento centralizado e execucao descentralizada.
* Processo de decisao de Markov descentralizado parcialmente observavel (Dec-POMDP)

§ Para cada veiculo em conduciao econdmica: Action A . Evinmien

» Observacao: sensores do veiculo, veiculos prg;,axlmos 1 v
informacées dos semaforos e contexto

do cruzamento 9-=
* Acao: aceleracao longitudinal do veiculo [ [ rRewarar ' Rm | |
« Recompensa: combinacao linear de velocidade, State s, :

emissdes e marcha lenta
* Funcao de transicao: | N ’ | reward, g .
§ Comportamento dos demais usuarios, semaforos [ Environment Leam'ng};

yF N

J

§ RestricOes rigidas garantidas por post-shielding 7 L Agent
» Horizonte: 12,5 min (1.500 passos de 0,5 s) observation lactions

com fator de desconto y =0.99 » Shield
. , . safe action

§ Um ciclo semaforico tipico dura 1-3 min

83
Wu
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Emission Benefit %
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Resultados: eficacia geral

Gold standard:
-1% global GHG

Breakthrough
Ener

o A .~ 2 gy .
A condugao econémica pode cortar 11-21% das emissdes de CO nos cruzamentos deuma cid

Isso equivale a 1,34%-2,68% das emissdes de CO dos E

LA

Led by Bill Gates

ade.

Reducao de emissdes
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o
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Lane lenath
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20% 4 50%
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0 250 500 750
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100%

40% -

20% - 30% 1

.N 0% -

0 250 500 750 0
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Por que Atlanta se beneficia mais que Sao Francisco?

Atlanta vs. Sao Francisco

§ Faixas mais longas -
§ Limites de velocidade m%ica,rges
% 0.1 E
Sdo os dois fatores = -f'“"m
mais correlacionados £~
com 0S peneflugs gla Q02
conducao econdmica ==

Temperature Speed limit

Distribuic@o das caracteristicas das cidades

Lane lenath Speed limit
100% -

oVehicle inflow (peak) Voehicle inflow (off-peak)

Road grade

Lane count

H 10% N 50%

. 20%

100%

Signal ratio Vehicle inflow Phase count

%o 60%

40%
40% 40% 50% 1

San Francisco
N
o
R

0 1000 2000 0 1000 2000 0
60% 60%

20% 20% 25% - | I
0% 0% 0% -

40% 40% 50% A

Atlanta
N
o
-3

0% 0%
0 250 500 750 0 10 20 30 0 1000 2000 0 1000 2000 0

2

20% 20% 25% 1 I I
0% 0% 0%

4

6

CAantiivran

Road grade

30%
20% A
10% 1 |

0% -

-0.2 0.0 0.2
30%
20%
10% |

0% -

-0.2 0.0 0.2

Lane count

Phase count

50% 1

0% -

3

50% -

0% -
0
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3
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Correlagdio de Pearson entre beneficios da condugdo econémica e fatores

Lane length

Sianal time ratio

20%

0.0

| dillhus....

0.5

1.0

20% -

0.0

0% .L

0.5

1.0

V. Jayawardana, et al., C. Wu , “Mitigating Metropolitan Carbon Emissions with Dynamic Eco-driving at Scale,” Transportation Research Part C: Emerging Technolcyé‘lb!s , 2025.



Impacto na condug¢ao

51.9%
x[ 11,22 1%
- [5.7,11.41%

/

Impacto nacional

x29%
X 81%

.

[1.3-2.71%

Km rodados (VMT) perto de cruzamentos semaforizados [1]

Emissdes evitaveis com conducao econbmica

das emizssﬁes de CO da condug¢ao sao simplesmente “desperdi¢cadas” nos cruzamentos

Gold standard:
-1% global GHG

3

GEE do setor de transportes [3] ,.0q. . Breakthrough
R Energy

l, GEE dos veiculos rodoviarios [4] . Ventures
Led by Bill Gates

das emissc”)eszde CO dos EUA sao simplesmente “desperdicadas” nos cruzamentos

[1] U.S. Federal Highway Administration (FHWA). Highway Statistics 2021. 2023.

[2] Mintsis et al. Dynamic eco-driving near signalized intersections: Systematic review and future research directions . Journal of Transportation Engineering, Part A, 2020.
[3] U.S. Environmental Protection Agency, Inventory of U.S. greenhouse gas emissions and sinks . 2023.

[4] U.S. Environmental Protection Agency, Fast Facts on Transportation Greenhouse Gas Emissions . 2023.

* Cdlculos baseados em estatisticas dos EUA.

Wu



LIDOT -

Resultados e implicacoes para politicas === s

Impacto nas emissoes: Potencial de curto prazo: Relevancia de longo prazo:
11-22% das a maior parte do impacto vem de uma impacto robusto até 2050
emissdes de CO minoria de motoristas e or efeitos de frota e
2
nos cruzamentos de cruzamentos demanda de viagens

Reducdo de emissoes Aumento da vazao Projecdo até 2050 (LA)

-®- Los Angeles -®- Atlanta -®- Los Angeles -@- Atlanta 25| e EV + Hybrid + Eco-driving (100%)

-®- San Francisco -®- San Francisco e EV + Hybrid + Eco-driving (50%)

o EV + Hybrid + Eco-driving (20%) /
______________ 2 EV + Hybrid + Eco-driving (10%)
® 201 _-=® i > /": ———————————— 3 .§ — EV + szrid ?
= Ba e £l
g1s O B * Es P e > =
c D N S B, 3 I} = o
210 2l T *E, ad 3
is| FFT
) - =1 Iy
YL £ & :
0 u 0 -
0 20 40 60 80 100 0 20 40 60 80 100 ! ) ! ! | ;
Eco-driving adoption % Eco-driving adoption % 2025 2030 2035 2040 2045 2050

Year

Alto impacto, custo relativamente baixo, e

complementa as acoes climaticas existentes

V. Jayawardana et al. , “Mitigating Metropolitan Carbon Emissions with Dynamic Eco-driving at Scale,” Transportation Research Part C: Emerging Technologﬁééu, Apr. 2025.



Rotas ecologicas do Google Maps

)

') _Pittsblirgh

o

12min [ =

, o

14 min (4.7 mi)
N\ Save 10% fuel by driving 2 more min

Fuel-efficient routes usually have fewer hills, less
traffic & constant speeds. Learn more

Steps
® Your location

1+ Head north on Arch St

i= Steps & more

Step 1

Simulate vehicle fuel
efficiency across
vehicle powertrains

NREL's FASTSim technology
simulates fuel efficiency across
various vehicle types and
powertrains, incorporating
second-by-second real-world
driving data to calculate real-world
fuel consumption over different
road types and conditions with
high accuracy.

[1] Google Research, “Google Maps Eco Friendly Routing,” 2021.

Step 2

Predict fuel
consumption across
unique routes

NREL's RouteE is then trained by
the FASTSim-calculated fuel
consumption over different driving
conditions to predict expected fuel
consumption differences among a
set of defined routes.

T Y

Step 3

Integrate
Google’s ML Routing
Algorithm

Google integrates the insights and
modeling from FASTSim and RouteE
across all of Google Maps,
incorporating Google’s predicted
traffic speeds with NREL's fuel
consumption modeling to predict
fuel consumption for all routes in
the U.S., enabling a highly accurate
model to maximize fuel efficiency.

Q

Step 4

Set parameters
to optimize
journey time

Finally, we developed a set of
parameters and time caps to
determine the optimal time vs. fuel
usage trade-off within Google
Maps to avoid increasing travel
time for negligible fuel savings.

In this way, the vast majority of our
recommended routes continue to
be as fast as before.

88



ORION da UPS: otimizacao e navegacao integradas em rota

e Lancado em 2013

e Escolhe rotas eficientes para os motoristas com informacdes em tempo real (tr@
clima, horarios de coleta)

e Reducao estimada do consumo de combustivel de 10 milhdes de galdes por ano,
e da praducao de CO de 100 mil toneladas (Informs)

e Uso de |IA

o Prever o desempenho das rotas
o Recomendar rotas especificas aos motoristas

e A |A é promissora para a eficiéncia do frete quando melhora

decisbes operacionais repetidas: rotas, consolidagcao, casamento de cargas,
reducédo de km vazios, programacgao de frota e resposta a interrupg¢oes

91



|A para enfrentar a cauda longa
da otimizacao dos transportes



Exemplo motivador: problemas de roteamento de veiculos (VRP)

Um dos problemas mais estudados em

otimizacao combinatoria:

« =10.000 trabalhos publicados s6 em 2025 (Google
Scholar), sobretudo heuristicas

» Aplicacao direta em sistemas reais que distribuem
bens e prestam servicos

* Entrega de ultima milha, coleta de lixo, servigos de cai
caronas compartilhadas, transporte sob demanda

~10.000 USS 11 tri+ 65 mi+

artigos em 2025 custos logisticos globais, 2023 encomendas entregues / dia nos EUA

Dantzig, G. B., & Ramser, J. H. “The Truck Dispatching Problem.” Management Science, 1959.
Estatisticas: Statista/Research & Markets (2024); relatorio ShipMatrix de’encomendas nos EUA (2024).
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A cauda longa dos problemas de otimizacao dos transportes

Definigcao: problemas de roteamento de veiculos (VRP)

Dados’ _ Dimensdes classicas
* Deposito _ )
* N clientes (local, demanda) e Capacidade dos veiculos
* Frota de veiculos (capacidade) e Janelas de tempo
® ... Outras restricdes ... e Frotas heterogéneas

Encontrar o conjunto de rotas de menor custo
gue atenda a todos os clientes

e Multiplos depdsitos

e Coleta e entrega, carga de retorno

e Entrega fracionada

e Roteamento em arcos (p. ex. coleta de lixo)

Variantes emergentes

e Roteamento de veiculos elétricos (decisdes de recarga)
e Roteamento de drones (3D, limites de autonomia)
* Roteamento em armazéns (separadores, triagem)

e Logistica multimodal (caminhao + drone, trem + caminhao)

Laporte, G. “Fifty Years of Vehicle Routing.” Transportation Science, 2009.
Dantzig, G. B., & Ramser, J. H. “The Truck Dispatching Problem.” Management Science, 1959.



Resolver a cauda longa é lento e trabalhoso

Exemplo: problemas de roteamento de veiculos (VRP)

A
Desempenho

(aproximado)

LKH-3

A |IA pode mudar issc

Google
OR-Tools

Concorde & 2008.

IA + otimizagao?

HGS
(CVRP) PyVRP
Estende GS a
muitas varightes de VRP.

RouteOpt
(CVRP, VRPTW)

2006 2008 2010 2012 2014 2016 2018

| Solver exato

*Grosso modo, o eixo y corresponde ao desempenho do solver (p. ex. HGS > LKH-3 > OR-Tools).

Laporte, G. “Fifty Years of Vehicle Routing.” Transportation Science, 2009.
Dantzig, G. B., & Ramser, J. H. “The Truck Dispatching Problem.” Management Science, 1959.

2020 2022 2024

Solver heuristico (muitas variantes de VRP)

Solver heuristico (poucas variantes de VRP)

Wu



A cauda longa da otimizacao é transversal

Time-Space Diagram of Velocities - Ground Truth

m/hr)

s

Alocacao dinamica de tréfeg}.xm.

faltham

k 4
i

Otimizacao de redes ]

hr;

Calibragao de modelos de |_;

™o

Operacoes de armazém

Proposed Frequent Service

e Every 15 min or better
5:00°am to 1:00 am, 7 days a week

in some cases this Service is pro
by two overlapping routes.

Wu
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Panorama dos solvers de otimizacao

Eficacia Qo :
do solver * Hibridizar aprendizado
%
desempenho e - e solvers Moo
( veIociZade) Tratar a confiabilidade N
do treinamentQ N N N N " Solvers heuristicos
. W s . especializados

\, Solvers baseados~, * (p.ex. meta-heuristicas)

\
em modelos
(p. ex. MILP, MPC)

---->
- e e e e P

I----’
--->

Solvers de IA
(p. ex. aprendizado por imitacao,

Embasar decisoes de transporte
RL profundo, LLMs?) P

Baixo Esforco de especializacao por variante do problema Alto
(automatico) (horas de pessoas e de computac3o) (manual)

Meu laboratorio W




LKH (Full Re-solve) — Iter 0 LNS (Neighborhood) — Iter 0 99
Re- opt 351/1000 (35%) Re-opt: 62/161 (39%)
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W. Ouyang, S. Li, Y. Ma, and C. Wu, “Learning to Segment for Vehicle Routing Problems,” International Conference on Learning Representations (ICLR), 2026/\0réi %) -



Aprender a reutilizar: evitar calculos redundantes

Contexto: otimizacao com horizonte rolante (RHO)

RHO com partida a quente L-RHO (nosso)
Horizonte de execucgao

Horizonte de planejamento Instancia do problema Instancia do problema
v
1 / S 2S 3S 4S 58  Operations ( ) / X )
: — —y— : : > — Solver — Solver
przzzzz2 | - / \ J
5 } }
' Solucao Solucao
| v
Partida a quente [ Previsao de reﬂso}
L-RHO: até 50% mais rapido ao aprender a reutilizar J
solugoes em subproblemas RHO consecutivos [1] Solugdo parcial

§ Método: treinar uma rede neural profunda para prever se uma variavel da solucao
mudara de um subproblema para o seguinte

§ Rotulos de treinamento: oraculo com antecipacao

S. Li, W. Ouyang, Y. Ma, and C. Wu, “Learning-Guided Rolling Horizon Optimization for Long-Horizon Flexible Job Shop Scheduling,” in ICLR, 2025. Wu



L-RHO para programacao flexivel de oficinas (job shop)

100

80

# of Operations

601

Executed Ops

E Reused Ops (Learned)

]
.

Re-optimized Ops

300

New Ops ——— Horizon Boundary . Execution Zone
Makespan: 218
EX€ L€ Planning: Receiving New Ops Runtime: 11.1s
=50 0 50 100 150 200 250
Time
Subproblem Composition
Planning
80/80
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

S. Li, W. Ouyang, Y. Ma, and C. Wu , “Learning-Guided Rolling Horizon Optimization for Long-Horizon Flexible Job Shop Scheduling,” in ICLR, 2025.

Horizon Iteration
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Aprender a reutilizar em grandes problemas de roteamento

Solver de ponta LKH (meta-heuristica)

LKH-3 (Full Re-solve) — Iter O
Re-opt: 351/1000 (35%)
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W. Ouyang, S. Li, Y. Ma, and C. Wu, “Learning to Segment for Vehicle Routing Problems,” International Conference on Learning Representations (ICLR), 2028V 0fd 7o)
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H. Zheng, Y. Ma, B. Araki, J. Chen, and C. Wu, “Learning-guided Prioritized Planning for Lifelong Multi-Agent Path Finding in Warehouse Automation,” Journal of Artificial Intelligence Research (JAIR) , WHS.
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Otimizacao combinatdria guiada por aprendizado

Aprender a focar e priorizar a busca
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ICLR26 Oral (1%)

Dados e computacao modestos
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Aprender a reparar solugoes

Aprendizado para programagao linear inteira mista
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Consideracoes finais



A |A nos transportes ainda esta no comeco

Public spending on Al-related contracts + OTAs (% of total) in the United States by funding agency, 2013-24

Source: Al Index, 2026 | Chart: 2026 Al Index report
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Sintese das principais consideracoes

e Teoria da mudanca para descarbonizar os transportes

o A descarbonizagao dos transportes ndo tem um defensor econémico central para impulsiona-la
o O sucesso exige uma ampla coalizdo de atores com prioridades alinhadas ao clima

m China — politica industrial — segurancga energética — eletrificacao

m Classes trabalhadora e média — votos — custo e conveniéncia — mudang¢a modal

m Empresas — operagdes — custo — ganhos de eficiéncia
o Reflita: quais ac¢des climaticas coincidem com as muitas prioridades dos transportes?

m Exemplo pessoal: Utah — regular a condugao — qualidade do ar — condugao econémica

e Quando a IA é util?

o A lA pode 1) construir modelos de processos de transporte orientados por dados, 2) otimizar modelos
para encontrar boas solugodes, 3) automatizar fluxos digitais, 4) viabilizar a automacéao robética
o O mais dificil costuma ser descobrir guando um deles € um gargalo-chave e como

se integra ao restante da solugao/sistema
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Pontos de entrada e
Proximos passos
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Participe: transporte sustentavel

e Bridging Transportation Researchers (BTR)
o  Conferéncia de pesquisa em transportes carbono zero, custo zero (virtual, 12-13 de agosto')
e National Association of City Transportation Officials (NACTO)
o  Associacao de cidades e 6rgaos de transporte da América do Norte que promove seguranca,
sustentabilidade, acesso e equidade nas cidades
o  Conferéncia Designing Cities (proxima edicao: Nashville, maio de 2027)
e Transportation Research Part D: Transport and Environment
o  Principal periddico sobre impactos ambientais dos transportes, respostas
de politicas e suas implicagdes para o projeto, o planejamento e i} ' TRANSPORTATION
a gestdo dos sistemas de transporte RESEARCH
e Transportation Research Board (TRB) Annual Meeting b
o O TRB faz parte das National Academies of Sciences, Engineering, and Medicine
o Ecossistema profissional central na América do Norte (Washington DC, todo janeiro)

©  Standing Committee on Transportation Energy Data and Analysis (AED18) (reuniao
anterior) _ _ ) , y
m Foco: pesquisa e inovacido em dados e métodos analiticos para
medir uso de energia, consumo de combustivel e eficiéncia dos

sistemas de transporte. TRB

TRANSPORTATION RESEARCH BOARD 1 1 3

OF THE NATIONAL ACADEMIES




Participe: |A + transportes

e Transportation Research Part C. Emerging Technologies

o Principal periddico sobre desenvolvimento, aplicagdes e implicacdes
em sistemas de transporte e tecnologias emergentes
e |EEE Transactions on Intelligent Transportation Systems

o Principal periédico de pesquisa basica e aplicada sobre todos os
aspectos cientificos e técnicos dos sistemas de transporte modernos
e Transportation Research Board (TRB) Annual Meeting

o Ecossistema profissional central na América do Norte (Washington DC, todo

janeiro)

e |[EEE International Conference on Intelligent Transportation

Systems (ITSC) (proxima edigao: Napoles, Italia, 15-18 de set.)

o A principal conferéncia de IA/ITS da area

TIRIES

TRANSPORTATION RESEARCH BOARD

OF THE NATIONAL ACADEMIES

% TRANSPORTATION
RESEARCH

AN INTERNATIONAL JOURNAL
Part C: Emerging Technologies

IEEE TRANSACTIONS ON
INTELLIGENT TRANSPORTATION
SYSTEMS

A PUBLICATION OF THE 22 INTELUSENT THARSEOITATION STS/EIFS COUNIL

g 2003 voLuwe 4 Nuveen 2 nsre 115N 1525 000

< IEEE
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Awesome RERITE: Uma lista selecionada de conjuntos de dados e benchmarks abertos para pesquisa em transportes

h -[lwww.rerite.orqg/aw me-reri

Tooling & Workflows

e Global Urban Street Networks — updated and published repository

containing street network models for all 10,351 urban areas worldwide

(GraphML, GeoPackages, and node/edge lists), plus indicators and metadata.
Journal article: https://doi.org/10.1177/23998083261446991. Source code:

https://github.com/gboeing/street-network-models.

Tem mais recursos para compartilhar? E facil!
Queremos divulgar e compartilhar

mais com a comunidade!

e OSMnx — award-winning toolkit by Geoff Boeing for downloading, modeling,
Abra uma issue na pagina do GitHub ou

envie-nos um e-mail!

and analyzing street networks.

e« osm2gmns — converts OpenStreetMap data into GMNS format; developed -
by Jiawei Lu and Xuesong (Simon) Zhou. = O RRinTransportation / awesome-rerite

o DTALite — ASU Transportation Al Lab’s macroscopic/mesoscopic AMS <> Code ( Issues [l Pullrequests (© Actions
library that natively reads GMNS.

” e is:i tate:
« DTA — Dr. Ke Han'’s open-source dynamic user equilibrium solver (see [ it

() open (0) Closed (0)

Networks and Spatial Economics, 2019). {
|

e OSRM — C++14 routing engine providing lightning-fast shortest path queries.
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Explorador de ciéncia aberta para pesquisa em transportes

Code Availability

All v

Search abstract (beta)

emissions

® Random Walk

Discover a random paper with open data or code.

How to use?

Hello! This is an interactive website for our LLM-based
measurement of open science practices in transportation
journals. By searching l\('_\‘v.nrd\ (under beta testing)
you can get a sense of the papers on the topic (circles)
and which have available code or data (stars). Feedback

is welcome! Contact junyi.ji@vanderbilt.edu .

y (t-SNE)

50

60

70

80

*

How to define and achieve Zero-Impact emissions in road transport?
Topic: Emissions

Year: 2023

Journal: Transportation Research Part D: Transport and Environment
Code: https://data.mendeley.com/datasets/z4kdp3k6dp/1

Data: https://data.mendeley.com/datasets/z4kdp3k6dp/1

https://www.rerite.org/MOST
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Chamada de interesse: edicao especial sobre
avaliacoes e conjuntos de dados em transportes (TR Part C e T-ITS

Call for Interest:
Transportation Evaluations & Datasets

RERITE is excited to announce a new initiative: In preparation for a Special Issue on
"Evaluations & Datasets for Transportation Research’, please let us know your evaluations
& datasets needs and wish list. The special issue will be published with Transportation
Research: Part C (TRC) and/or IEEE Transactions on Intelligent Transportation Systems (T-
ITS).

You are welcome to fill out the form as many times as you have wishes. Please include as
much context as you can; the more context you provide, the more effectively we will be
able to scope and target the special issue.

Do not worry about whether someone else will submit the same topic. The more a topic is

expressed as a need, the more we can understand the needs of the community! L L
. .

This initiative is modeled after the NeurlPS 2026 Evaluations & Datasets Track Call for L L

Papers. rerite.org



Mudanca climatica

Transportes
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Apéndice



Temas adicionais

e |A para mitigacao na aviagao comercial
o Sandalow, David B. et al., “Artificial Intelligence for Climate Change Mitigation Roadmap
(Second Edition),” (Chapter 7: Commercial Aviation), Nov. 2024, doi: 10.7916/2J4P-NW61 .
e |A para mitigacao no transporte maritimo
o World Economic Forum, “Intelligent Transport, Greener Future: Al as a Catalyst to
Decarbonize Global Logistics.” Jan. 2025. https://seminarleadership.ibo.pe/case-02/ .
e |A para adaptacao e resiliéncia dos transportes
o Costa, Miguel, et al. “Artificial Intelligence for Climate Adaptation: Reinforcement Learning
for Climate Change-Resilient Transport.” arXiv, 2026.

https://doi.org/10.48550/arXiv.2603.06278 .
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