N2
a0

CONECT

Aivars Rubenis

Latvia University of Life

Sciences and Technologies Sciences

The Road to Zero-Emission Fleets: The
Role of Data-Driven Decision-Making

Jelena Tonova
ISMA University of Applied

Your institution’s /
organization’s logo

Vadims Morozovs
Vozorom, SIA

Contact information:
Phone: +371 29 462 363

aivars.rubenis@Ibtu.lv

The application of multi-objective optimization provides a principled method for exploring trade-offs
between total cost of ownership and greenhouse gas emissions, thereby aligning fleet transition
strategies with both economic constraints and sustainability goals.

Despite benefiting from tax exemptions, corporate cars lag in
reducing Europe's transport emissions. In the EU, corporate vehicles
account for 60% of new car registrations and, as they drive twice as
much as private vehicles, they contribute 74% of new car CO,
emissions

While financial considerations play a central role in fleet replacement
decisions, businesses must also assess a broader range of factors
beyond cost alone. A key question is whether the new vehicle
technology—particularly battery electric vehicles (BEVs)—can
reliably support the operational demands of the company.

A structured, data-driven framework for fleet transition enables
organizations to systematically optimize both financial and
environmental outcomes for evidence-based decision-making.

The accuracy and reliability of fleet modelling depend on robust
data preprocessing techniques, which harmonize units, interpolate
missing values, and eliminate anomalous entries across
heterogeneous data sources.

Scenario-based simulation enhances strategic planning.

Introduction

In this paper, we propose a framework for a data-driven decision-
support system that integrates fleet monitoring based on
carmonitor.eu database. scenario simulations, and tailored
recommendations.

The paper outlines key framework parameters and the next steps
toward developing a robust, scalable tool for fleet transition
optimization. Through this approach, businesses can make
informed, strategic decisions that accelerate their path toward zero-
emission mobility while ensuring economic and operational
feasibility.

Methodology

A conceptual foundation is the total cost of ownership (TCO)
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Enhancing TCO with Functional & Behavioural Metrics:

In addition to economic factors, the research examines charging
infrastructure and energy demand considerations, recognizing
these as critical barriers to fleet electrification.

Building modelling functions for system optimisation.
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Cost Function C(ok) evaluates the monetary outlay (in total cost of
ownership terms) for each vehicle or scenario configuration.

C(O'k) =P+ ZZ:l(mi,t + Cfixed,i) + ZZ:l(ﬁ,txpfuel or eler,t) - Res(iT)

emissions function E (o, ) calculates the greenhouse gas output.
E(Uk) = ZZ:l(di,lXEICE or EV) ’
An optimization routine is then invoked separately for each
scenario, producing a scenario-specific optimal solution:
X, = min[a . c(x,@k) +8- E(X,@k)],
X
scenario & can be represented as a vector of assumptions:
6, = (pfuel' Pelec’ €ICE’ ¢EV” Ppolicy’ )k
scenario’s feed into the simulation-optimization stage of the framework:
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