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Abstract—The decarbonization of freight transport is a major
challenge, particularly with the growing demand for last-mile
delivery. This paper focuses on low-carbon transport modes for
last-mile logistics and presents a comparative analysis based
on environmental and operational performance indicators. The
evaluation highlights differences in emissions across delivery
modes and the impact of factors such as distance and traffic
conditions. In addition, the role of emerging technologies is
discussed, emphasizing how IoT and AI can support real-time
monitoring and decision-making. The results underline the im-
portance of combining low-carbon transport solutions with data-
driven approaches to improve both efficiency and sustainability
in freight operations.
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I. INTRODUCTION

Freight transport is a major component of transportation
systems and a significant source of greenhouse gas emissions.
In the European Union, the transport sector accounts for
approximately 27% of total greenhouse gas emissions '. Re-
ducing the environmental impact of freight mobility therefore
requires the development of low-carbon transport solutions
supported by intelligent transportation systems capable of
improving efficiency through data-driven and computational
approaches [1], [2].

Recent advances in information and communication tech-
nologies have enabled the deployment of smart freight trans-
port systems based on real-time data acquisition and dynamic
decision-making. Technologies such as the Internet of Things
(IoT) facilitate the monitoring of transport operations [3], [4],
while artificial intelligence (AI) enables the processing of
large-scale data for optimization [5], [6], prediction [7], [8],
and system control [9], [10]. In addition, autonomous systems,
including drones, represent emerging transport modes that rely
heavily on embedded intelligence and real-time coordination
[9].

In this context, the selection of an appropriate freight
transport mode can no longer rely only on traditional economic
or environmental criteria. It must also integrate computational
and data-driven dimensions, including optimization, predictive
modeling, and the ability to support real-time decision-making.

'Eurostat, Key Figures on European Transport — 2025 Edition. Available:
https://ec.europa.eu/eurostat/fr/web/products-key-figures/w/ks-01-25-057

This paper addresses this issue by proposing a comparative
evaluation of freight transport modes based on multiple in-
dicators, including carbon emissions. The remainder of this
paper is organized as follows. Section II presents an overview
of eco-friendly and low-carbon freight transport solutions.
Section III introduces emerging intelligent technologies for
freight transport. Section IV reports the comparative analysis
and discusses the results. Section V concludes the paper and
outlines future research directions.

II. ECO-FRIENDLY AND LOW-CARBON FREIGHT
TRANSPORT SOLUTIONS

To cover representative low-carbon options across freight
transport, we consider transport modes operating across differ-
ent logistics layers. While some modes are directly involved in
last-mile delivery, others contribute through multimodal freight
systems that enable low-carbon urban distribution.

a) Electric road freight: Electric Vehicles (EVs) represent
one of the primary solutions for last-mile delivery. They are
widely deployed in urban logistics due to their operational
flexibility and zero tailpipe emissions. In recent years, a
growing body of research has focused on the optimization and
large-scale deployment of electric delivery fleets [11]-[13],
addressing challenges such as routing under battery constraints
[14], [15], charging infrastructure planning [13] and energy
consumption modeling [16], [17].

b) Rail freight: Rail transport is primarily used for long-
haul freight movement and is not directly involved in last-
mile delivery. However, within multimodal logistics chains,
rail systems supply urban consolidation centers and intermodal
terminals that support last-mile distribution networks [18],
[19].

¢) Maritime and inland waterways: Waterborne freight
transport operates primarily in upstream logistics for bulk
and containerized flows. In multimodal configurations, goods
transported via maritime shipping or inland waterways are
transferred to low-carbon urban fleets for final delivery [20]-
[22].

d) Urban micro-mobility freight: Cargo bikes and e-cargo
bikes are specifically designed for last-mile delivery in dense
urban environments [23], [24]. They offer high maneuverabil-
ity and near-zero emissions.

e) Multimodal solutions: Integrated logistics systems com-
bining rail or waterways with green vehicles (e.g. electric
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Fig. 1: Multimodal Low-Carbon Freight Distribution Process

vans) enable low-carbon freight distribution, where the final
delivery segment is performed by zero-emission modes. In
these multimodal architectures, the freight is first transported
over long distances using energy-efficient infrastructures such
as electrified rail networks or inland waterways. Goods are
then transferred at urban consolidation centers or intermodal
terminals located at the periphery of cities, where they are
consolidated and dispatched for last-mile delivery [19], [21].

From these hubs, last-mile delivery is carried out using
electric vans or low-emission hybrid vehicles for suburban
and medium-distance distribution (typically short-to-medium
distances from the urban distribution center) [11]. In dense
urban areas, where traffic restrictions, low-emission zones,
and limited parking constrain conventional vehicle access
[25], cargo bikes and electrically assisted cargo bikes [26]
are increasingly used due to their operational flexibility and
minimal space requirements.

More recently, in countries such as the United States,
projects have introduced delivery drones for small parcels?,
particularly in suburban or peri-urban areas where road con-
gestion or geographical constraints limit the efficiency of
conventional vehicles [5], [27].

As illustrated in Fig. 1, such multimodal configurations
generate several operational and environmental advantages:

« First, they reduce urban road congestion by shifting long-
haul freight flows to rail or maritime transport before
entering metropolitan areas.

¢ Second, hub-based transshipment improves load consol-
idation rates and vehicle utilization, particularly when
shipments from multiple origins are aggregated at the
intermodal terminal.

o Third, the progressive substitution of conventional diesel
trucks with EVs and, increasingly, hydrogen fuel-cell

2Walmart Takes Flight With Drone Delivery Expansion to Five New
Cities, Redefining Fast, Flexible Retail, Jun. 5, 2025.
https://corporate.walmart.com/news/2025/06/05/walmart-takes- flight- with-
drone-delivery-expansion-to- 5-new-cities-redefining-fast- flexible-retail

trucks for medium- and long-haul segments significantly
reduces greenhouse gas emissions across the logistics
chain.

Recent research highlights the growing interest in hydrogen-
powered freight fleets, particularly for applications in which
EV solutions face limitations related to range, payload, or
charging time [28], [29]. Hydrogen fuel-cell vehicles can
refuel quickly and provide long driving ranges, making them
attractive for regional and heavy-duty freight operations. How-
ever, infrastructure constraints and high capital costs remain
significant barriers to large-scale deployment. From a system
coordination perspective, the architecture shown in Fig. 1
requires synchronization between upstream transport schedules
(rail or maritime arrivals) and downstream last-mile routing
operations. This coordination is typically enabled by digital
freight management platforms, real-time tracking systems, and
optimization algorithms that support dynamic routing and
efficient cross-docking at the urban distribution center.

The reviewed transport modes highlight that no single
mode dominates across all objectives. Electric vans provide
practical decarbonization for last-mile delivery but depend on
charging infrastructure and electricity carbon intensity. Rail
and waterways offer strong emission performance for long-
haul transport but require intermodal integration for last-mile
distribution. Cargo bikes are highly effective in dense urban
environments yet remain constrained by payload and range.
Emerging solutions such as drones can address specific last-
mile scenarios but introduce new constraints related to payload
capacity, safety, and regulatory requirements.

Coordinating these diverse transport modes requires balanc-
ing service reliability, cost efficiency and environmental per-
formance within a unified decision-making framework. These
coordination challenges highlight a main research question of
this work:

How can intelligent and data-driven technologies support
the integration and optimization of multi-modal low-carbon



freight systems while addressing operational, infrastructural
and environmental constraints?

III. EMERGING SMART TECHNOLOGIES FOR FREIGHT
TRANSPORT

The digital transformation of freight transport is driven by
the rapid development of smart technologies that enable real-
time monitoring, intelligent decision-making and system-wide
optimization [30]. This section presents the main emerging
technologies supporting the transition toward intelligent and
low-carbon freight transport systems.

A. IoT for Real-Time Freight Monitoring

The IoT enables real-time visibility across freight transport
operations. Connected sensors and tracking devices continu-
ously collect data on vehicle location, cargo status, environ-
mental conditions, and operational performance [31], as illus-
trated in Figure 2. The figure presents the main components of
an IoT-based freight transport system, including GPS tracking,
temperature monitoring, vehicle telematics (CAN bus data),
and connectivity through a SIM-enabled IoT platform. These
technologies support real-time data collection, enhance oper-
ational visibility, and enable data-driven decision-making for
more efficient and low-carbon freight transport management.

Al techniques are increasingly used to process large-scale
transport data and support optimization tasks [32], [33].
Machine learning and predictive analytics enable demand
forecasting, travel time estimation and route optimization
under dynamic conditions. Al-driven decision systems can
continuously adjust transport plans based on real-time inputs,
improving operational efficiency while reducing fuel consump-
tion and emissions. Such approaches are particularly relevant
for last-mile delivery, where uncertainty and variability are
high.

B. Digital Twins and Blockchain for Intelligent Freight Sys-
tems

Digital twin technology enables the creation of virtual repli-
cas of freight transport systems for real-time simulation and
performance analysis. These models support scenario testing,
infrastructure planning, and operational optimization before
physical deployment. In parallel, blockchain technologies en-
able secure and transparent data exchange among logistics
stakeholders, improving trust, traceability, and data integrity
in connected freight systems [34], [35]. Figure 4 illustrates a
digital twin-based freight transport system that integrates real-
time data such as driver status, location tracking, turnaround
times, and customer orders. The digital twin interacts with
human planners by providing recommendations and receiving
feedback, while optimizing operations and generating instruc-
tions for drivers and assets.

These emerging technologies constitute together the digital
backbone of next-generation freight transport systems and are
particularly relevant for improving the performance indicators
analyzed in Section IV, including emission efficiency and
congestion sensitivity.

C. Al for Freight Transport Optimization
IV. COMPARATIVE ANALYSIS AND RESULTS

This section presents a comparative evaluation of freight
transport modes using a multi-criteria analysis. The objective
is to assess the performance of conventional and emerging
last-mile delivery solutions with respect to environmental and
operational indicators. The analysis is statistical and based on
aggregated delivery observations derived from a public dataset.

A. Dataset Description

The analysis is based on a publicly available dataset ob-
tained from Kaggle®. The dataset contains approximately
12,000 delivery records and is designed to support the en-
vironmental assessment of urban freight transport systems.

Each record corresponds to a delivery operation and in-
cludes key attributes such as delivery distance, package weight,
transport mode, and traffic congestion level. Carbon emissions
are expressed in kilograms of COs equivalent (kgCOqe) and
are estimated using a physics-based modeling approach based
on emission factors.

More specifically, each vehicle category is associated with
an average emission coefficient (in gCOs/km), which is com-
bined with delivery distance and operational conditions to
estimate total emissions per trip. For instance, diesel vans
typically emit around 200 gCOs/km, while EVs generate
approximately 50 gCOs/km when accounting for electricity
generation.

B. Evaluation Criteria

To evaluate the sustainability and operational performance
of delivery modes, a set of key performance indicators (KPIs)
is defined.

Let M denote the set of delivery modes and m € M a
given mode. Let D,,, be the set of deliveries performed using
mode m, with N,,, = |D,,| the number of deliveries. Each
delivery 7 € D,, is associated with:

e FE;: carbon emissions (kgCOqe)

e d;: delivery distance (km)

The following KPIs are computed:

Average Emission per Delivery

1
AngOg(m) = Ni Z Ez' (])
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Emission Intensity per Kilometer
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3Green Logistics Carbon Footprint for E-commerce Dataset:

https://www.kaggle.com/datasets/bertnardomariouskono/green-logistics-
carbon-footprint-for-e-commerce



Monitoring

GPS Tracking Temperature Vehicle Telematics ( r” Q

(CAN Bus Data)

Connectivity
(SIM / loT Platform)

Fig. 2: IoT-enabled freight vehicle monitoring system

where AvgCO,*"*(m) and AvgCO,'¥(m) denote the
average emissions computed over deliveries under severe and
low congestion conditions, respectively. Table I summarizes
the computed KPIs for each delivery mode. The columns
report the average carbon emissions per delivery (in kgCOoe),
the emission intensity per kilometer (kg/km), and the CSR,
which measures the relative increase in emissions under severe
traffic conditions compared to low congestion levels. The CSR
is not defined for cargo bikes due to their negligible operational
emissions.

TABLE I: Measured KPI Results by Delivery Mode

Mode Avg CO2 (kg) CO2/km CSR
Cargo Bike 0.00 0.000 -

Drone 0.06 0.008 1.09
Electric Van 4.06 0.051 1.20
Motorcycle 2.51 0.112 1.86
Diesel Van (Euro 6) 17.12 0.214 1.76
Diesel Van (Euro 4) 2591 0.317 1.75
Heavy Truck 463.14 1.036 1.70

C. Discussion

The results reveal substantial environmental disparities
across last-mile transport modes. Electric vans reduce average
emissions by approximately 84% compared to Euro 4 diesel
vans (4.06 vs 25.91 kgCOs per delivery), while maintaining
comparable delivery distances. Micro-mobility solutions such
as cargo bikes and drones exhibit near-zero operational emis-
sions, making them highly suitable for short-distance urban
delivery. However, their applicability remains limited to small
payloads and short ranges. Combustion-based vehicles show
strong sensitivity to traffic congestion. Diesel fleets experience
emission increases exceeding 70% under severe congestion
conditions (CSR = 1.75), whereas electric vans demonstrate
significantly lower sensitivity (CSR ~ 1.20).

Figure 3 shows that carbon emissions increase with deliv-
ery distance for all transport modes, with clear differences
depending on the vehicle type. Figure 5 confirms this by
comparing average emissions across modes. The dispersion
observed at longer distances reflects variations in payload and
traffic conditions, which further affect energy consumption.
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Fig. 3: Carbon emissions as a function of delivery distance

The delivery mode strongly influences carbon intensity, while
distance remains the main driver of emissions. Congestion and
operational variability further impact performance, particularly
for combustion-based vehicles. This highlights the importance
of efficient routing and transport management.

Electrified fleets significantly reduce emissions compared
to diesel vehicles, while micro-mobility solutions achieve
near-zero emissions for short-distance deliveries. No single
transport mode optimizes all criteria. These results support
the use of hybrid and multimodal strategies combining low-
carbon solutions with data-driven optimization to improve both
environmental and operational performance. In this context,
emerging technologies such as IoT and Al enhance visibil-
ity, traceability and decision-making, contributing to reduced
emissions, improved efficiency, and more reliable freight op-
erations.

V. CONCLUSION

This paper presented a comparative analysis of low-carbon
transport modes for last-mile delivery based on environmental
performance indicators.



g

& @ =)

Job/Driver Location  Turnaroun Customer
Statuses tracking times QOrders
v v v
System DT Fog Node

Recommendation

Feedback

Human Agent
(Transport Planners)

o) * ode
S wm

Deep Q-Network

Job

Orders/Instructions *

5
LIl

Driver/Asset

~ -
- -
A

5 v
—_»
gt
Pickup/Drop-
off Site
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Fig. 5: Average CO4 emissions per delivery mode

The results show that EVs significantly reduce emissions
compared to conventional diesel fleets, while micro-mobility
solutions such as cargo bikes and drones achieve near-zero
emissions for short-distance deliveries. However, their appli-
cability remains limited by payload, range, and infrastructure
constraints. No single transport mode optimizes all criteria.

The analysis also highlights the impact of operational fac-
tors such as delivery distance and traffic congestion, with
combustion-based vehicles showing higher sensitivity com-
pared to electric alternatives.

These results support the need for hybrid and multimodal
last-mile delivery strategies combining complementary trans-
port modes. The integration of data-driven technologies further
enhances operational efficiency and emission reduction.

Future work will extend the analysis using larger datasets

and develop optimization models for dynamic last-mile trans-
port mode selection under real-world constraints.
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