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ABSTRACT

Forecasting carbon dioxide emissions from vehicles is essential for sustainable transportation, climate-aware urban
planning, and intelligent environmental management, as road transport contributes substantially to energy-related
greenhouse gas emissions. Rapid growth in vehicle ownership, mobility demand, fuel use, freight activity, and
congestion has exposed the limits of conventional emission-estimation methods, particularly when nonlinear and
multi-factor relationships must be represented. This review examines how artificial intelligence and machine
learning support vehicle carbon dioxide emission forecasting through data-driven models, deep learning, feature
selection, hyperparameter optimization, and metaheuristic algorithms. It emphasizes the value of integrating traffic
volume, vehicle attributes, fuel type, speed patterns, road conditions, temporal behavior, weather variables, and
energy-consumption indicators to improve prediction reliability under real-world conditions. Optimized forecasting
models can support emission monitoring, mitigation planning, traffic management, and low-carbon mobility policies,
although challenges remain in data availability, interpretability, uncertainty, regional transferability, computational
cost, and transparent validation.

Keywords: Vehicle carbon dioxide emissions; Emission forecasting; Artificial intelligence; Machine learning; Sustainable
transportation.

1. INTRODUCTION

The forecasting of vehicle-related CO2 emissions has become
a central research direction in sustainable transportation, en-
vironmental intelligence, and low-carbon urban governance
because transport systems increasingly operate under the com-
bined pressure of mobility growth, energy demand, conges-
tion, freight expansion, and climate-mitigation obligations.
Vehicle emissions are not produced by a single isolated factor;
rather, they emerge from the interaction between traffic flow,
vehicle type, fuel or energy source, route selection, driving

speed, operating conditions, road geometry, logistics demand,
and broader socio-economic activity. This complexity makes
vehicle CO2 forecasting fundamentally different from con-
ventional static emission accounting, since prediction models
must capture temporal variation, nonlinear relationships, and
region-specific mobility behavior. Within this context, artifi-
cial intelligence-based forecasting provides a promising ana-
lytical foundation because it can learn hidden dependencies
from heterogeneous data sources and transform raw trans-
portation indicators into actionable emission estimates. Re-
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cent work on deep learning and metaheuristic optimization for
CO2 prediction demonstrates the growing movement toward
data-driven emission modeling frameworks that are capable
of handling complex environmental patterns more flexibly
than purely linear or assumption-dependent approaches [1].

The importance of forecasting vehicle CO2 emissions is
closely connected to the transformation of transportation sys-
tems from reactive infrastructure management toward pre-
dictive and sustainability-oriented decision-making. In tradi-
tional practice, emission assessment has often depended on
historical fuel consumption, aggregated traffic statistics, or
predefined emission factors, which may be useful for broad
inventories but are less effective when cities, logistics opera-
tors, or policymakers need dynamic forecasts under changing
traffic and operational conditions. Vehicle emissions vary
across time and space because congestion, speed fluctuation,
route choice, payload condition, driving behavior, and energy
efficiency do not remain constant. Therefore, forecasting
models must be able to represent both short-term operational
variability and long-term structural changes in transportation
demand. Intelligent transportation research has increasingly
emphasized the role of machine learning in route selection
and transport planning, showing that predictive analytics can
support more informed mobility decisions when conventional
optimization alone cannot fully represent complex intermodal
and route-dependent relationships [2].

A major motivation for reviewing artificial intelligence-based
vehicle CO2 forecasting is that modern transportation data
have become larger, more diverse, and more difficult to inter-
pret through classical statistical methods alone. Vehicle detec-
tors, navigation systems, fleet-management platforms, road
sensors, electric vehicle monitoring systems, satellite-based
positioning, traffic cameras, and urban Internet of Things
infrastructures continuously produce high-dimensional data
streams. These data sources contain valuable information
about traffic intensity, route delay, stop-and-go movement,
vehicle operating states, energy consumption, and road-use
patterns; however, they also introduce challenges related to
noise, missing values, temporal dependency, and feature re-
dundancy. Machine learning and deep learning models are
increasingly used because they can approximate nonlinear
relationships between these variables and emission outcomes
without requiring strict assumptions about the form of the un-
derlying system. In electric-vehicle-related studies, optimized
deep recurrent architectures have been used to model energy
consumption patterns, indicating the relevance of advanced
sequence-learning models for transportation systems where
energy use and emissions are shaped by time-dependent driv-
ing behavior [3].

Vehicle emission forecasting also intersects with freight
transportation and logistics, where operational decisions can
strongly influence fuel consumption and carbon output. Truck
selection, shipment consolidation, fleet sizing, routing, and
delivery scheduling are not only economic or logistical prob-
lems; they also determine how many vehicles operate, how
far they travel, how efficiently they are loaded, and how much
energy is consumed across distribution networks. For this
reason, forecasting CO2 emissions from vehicles cannot be
limited to passenger mobility alone, as freight vehicles often
operate under heavier loads, longer routes, and more complex

distribution constraints. Research on truck selection under
consolidated shipment policies reflects the growing need to
integrate vehicle choice, shipment structure, and operational
planning into transportation modeling frameworks [4]. In
an emission-forecasting review, this perspective is important
because it expands the analytical scope from isolated traffic
prediction to the broader operational mechanisms that gen-
erate vehicle-related carbon emissions. The environmental
relevance of vehicle CO2 forecasting is further reinforced
by the need to connect transportation prediction with energy
planning, urban sustainability, and carbon-aware infrastruc-
ture development. Transportation systems do not operate
independently from energy systems; vehicle emissions are in-
fluenced by fuel structure, electric vehicle adoption, charging
infrastructure, renewable energy integration, and the carbon
intensity of electricity generation. As cities move toward elec-
trification and intelligent mobility, emission forecasting must
consider not only tailpipe emissions but also the wider en-
ergy implications of vehicle operation and charging demand.
Research on adaptive hybrid optimization for distribution
network planning with electric vehicle charging highlights
the growing coupling between transport electrification and
energy-system optimization [5]. This relationship is essen-
tial for future emission-forecasting frameworks because the
environmental benefit of electric mobility depends on coor-
dinated planning across transportation networks, charging
infrastructure, and electricity supply systems.

Traffic flow prediction represents another foundational com-
ponent of vehicle CO2 forecasting because emission rates are
closely associated with vehicle movement conditions. Con-
gested traffic, frequent acceleration and deceleration, unstable
speed profiles, and bottleneck formation can increase energy
use and carbon output, whereas smoother traffic operation
can improve efficiency. Forecasting traffic flow therefore pro-
vides a critical intermediate layer for estimating emissions
before they occur. Machine learning-based traffic prediction
for highway vehicle detectors illustrates how decomposition
strategies and data-driven models can be used to extract tem-
poral traffic patterns from sensor-based transportation data
[6]. In the context of CO2 forecasting, such traffic prediction
methods are valuable because they allow emission models
to move beyond static vehicle counts and incorporate the
dynamic operating conditions that directly shape energy con-
sumption.

A complete review of vehicle CO2 forecasting must also
address the role of connected and autonomous vehicle tech-
nologies, since emerging mobility systems may alter traffic
behavior, energy demand, and emission patterns in ways that
differ from conventional vehicle fleets. Connected and au-
tonomous vehicles can influence emissions through smoother
driving, cooperative traffic control, route coordination, pla-
tooning, reduced human driving variability, and improved
road-capacity utilization. However, their environmental ef-
fect is not automatically positive because induced travel de-
mand, empty vehicle movement, additional computational
energy use, and mixed-traffic interactions may complicate
the net sustainability outcome. Research examining the envi-
ronmental sustainability and mobility impacts of connected
and autonomous vehicles on urban highways shows that ad-
vanced vehicle technologies must be evaluated through both
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Figure 1. Full-width comparison of total CO2 emission values across vehicle brands, measured in g/km, with brands arranged from the
lowest to the highest emission level.

mobility and environmental lenses [7]. This review therefore
treats intelligent emission forecasting as a forward-looking
requirement for transportation systems that are becoming
increasingly automated, connected, and data-intensive.

Vehicle routing and speed optimization are also directly rele-
vant to CO2 emission forecasting because they translate pre-
dictive information into operational decisions. Forecasting
alone provides an estimate of future emissions, but its prac-
tical value increases when it supports route planning, speed
management, fleet dispatching, and carbon-aware logistics
control. In fragile goods transportation, for example, vehicle
routing and speed decisions must balance delivery reliability,
product protection, travel efficiency, and emission control.
Research on route and speed optimization with carbon emis-
sion control demonstrates that emission reduction can be
embedded within transportation decision models rather than
treated as an external environmental indicator [8]. This con-
nection is important for the present review because it clarifies
that artificial intelligence-based emission forecasting should
not be viewed only as a prediction exercise; it should also
support prescriptive decisions that guide transport systems
toward lower-carbon operation.

Recent developments in green intelligent transportation sys-
tems further show that emission forecasting is becoming part
of a broader computational ecosystem that includes edge
computing, multi-objective optimization, real-time sensing,
and distributed decision-making. Edge computing can re-

duce latency by processing transportation data closer to ve-
hicles, roadside units, or traffic-control devices, which is
particularly important when emission-aware decisions must
be made quickly. Multi-objective metaheuristic algorithms
can simultaneously consider competing goals such as travel
time, energy use, congestion reduction, service quality, and
emission minimization. Research on optimized green in-
telligent transportation systems using edge computing and
multi-objective metaheuristic algorithms reflects this move-
ment toward integrated, real-time, and sustainability-centered
transportation intelligence [9]. For vehicle CO2 forecasting,
this trend suggests that future models should be evaluated not
only by statistical accuracy but also by their ability to operate
efficiently within intelligent transportation infrastructures.

Despite the rapid growth of artificial intelligence-based meth-
ods, several limitations continue to affect the reliability, com-
parability, and deployment readiness of vehicle CO2 emission
forecasting models. Many studies differ in dataset scale, geo-
graphic coverage, input variables, validation design, emission-
estimation assumptions, and performance metrics, which
makes it difficult to compare results directly across regions or
transport modes. Some models may achieve strong predictive
performance on a specific dataset but fail to generalize when
applied to a different city, road type, fleet composition, or
policy environment. Other challenges include limited inter-
pretability, insufficient uncertainty analysis, dependence on
high-quality sensor data, computational complexity, and the
absence of standardized benchmarking protocols. Broader
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reviews of green location-routing problems show that sustain-
able transportation research involves diverse objectives, con-
straints, and methodologies, reinforcing the need for careful
synthesis rather than isolated model comparison [10]. Ac-
cordingly, this review aims to provide an academic synthesis
of artificial intelligence and optimization-based approaches
for forecasting vehicle CO2 emissions, with emphasis on
predictive modeling logic, transportation relevance, optimiza-
tion strategies, sustainability implications, and the method-
ological challenges that must be addressed to support robust
low-carbon mobility planning.

2. LITERATURE REVIEW

The literature on vehicle-related CO2 emission forecasting
has developed across several connected research streams,
including transportation energy analysis, intelligent mobil-
ity prediction, logistics optimization, electric vehicle energy
management, and data-driven environmental modeling. Ear-
lier approaches to transport emission assessment were com-
monly oriented toward inventory construction, fuel-use es-
timation, and policy-level carbon accounting, where the ob-
jective was to quantify the amount of emissions generated
by a transport system over a defined period. Although such
approaches remain useful for macro-level planning, they are
not always sufficient for forecasting future emission behavior
under rapidly changing mobility conditions. Contemporary
transportation systems are shaped by urban expansion, varia-
tions in vehicle ownership, freight intensity, travel-demand
redistribution, fuel-price sensitivity, traffic congestion, and
the progressive introduction of electric and hybrid vehicles.
These interacting elements make vehicle CO2 emissions a
dynamic output of mobility behavior rather than a fixed envi-
ronmental quantity. For this reason, the literature has increas-
ingly moved toward intelligent nonlinear modeling, where
transportation energy consumption and carbon emissions are
examined through computational approaches capable of rep-
resenting changing temporal patterns and system-level depen-
dencies [11].

A significant part of the reviewed literature emphasizes that
vehicle CO2 forecasting should not be understood only as
a numerical prediction task, but also as a decision-support
mechanism for low-carbon transportation governance. Accu-
rate forecasts can help authorities estimate future emission
pressure before it becomes visible in environmental indica-
tors, allowing earlier intervention through traffic regulation,
route redesign, modal-shift policies, public-transport plan-
ning, and energy-efficiency programs. In this context, fore-
casting becomes a bridge between historical monitoring and
proactive mitigation. This role is especially relevant in ur-
ban environments, where road transport is closely connected
with air pollution, congestion, commuting behavior, land-use
distribution, and infrastructure capacity. Machine learning-
based approaches have been investigated within smart-city
contexts to moderate future CO2 emissions, showing that pre-
dictive analytics can support environmental planning when
urban systems produce large volumes of heterogeneous mo-
bility and operational data [12]. The literature, therefore,
positions artificial intelligence as an enabling layer that can
transform urban transport data into forward-looking carbon-
management knowledge.

The reviewed studies also indicate that the quality of vehi-
cle CO2 forecasting depends strongly on how the modeling
problem is formulated. Vehicle emissions may be predicted
directly from measured or estimated emission records, or in-
directly through intermediate variables such as traffic volume,
speed, fuel consumption, trip length, vehicle load, route type,
and energy demand. Direct forecasting is useful when reliable
emission observations are available, but many transport sys-
tems do not maintain continuous emission measurements at
the required spatial and temporal resolution. Indirect forecast-
ing can overcome this limitation by linking vehicle operation
and energy consumption to carbon output, but it requires care-
ful selection of explanatory variables. A model that ignores
road conditions, driving cycles, congestion states, or vehicle
classes may produce incomplete emission estimates even if it
performs well statistically on a limited dataset. Therefore, the
literature highlights the importance of aligning data inputs
with the physical and operational mechanisms that generate
vehicle emissions, rather than treating forecasting as a purely
abstract regression problem.

Another important direction in the literature concerns the
increasing role of high-dimensional data in transportation
emission modeling. Modern transport networks generate
information from loop detectors, floating-car data, global po-
sitioning systems, fleet-management platforms, toll records,
charging stations, weather sensors, and roadside monitoring
devices. These sources allow researchers to construct more
detailed representations of vehicle activity, but they also in-
troduce methodological difficulties. Missing observations,
inconsistent sampling intervals, outliers, duplicated records,
and regional differences can influence the stability of fore-
casting models. Consequently, data preprocessing is not a
secondary technical step; it is a central part of the model-
ing pipeline. Cleaning, normalization, aggregation, temporal
alignment, and feature engineering affect how accurately the
model can learn the relationship between vehicle movement
and carbon output. The literature, therefore, suggests that
emission forecasting should be evaluated not only by the
final predictive score but also by the reliability of the data
preparation strategy that precedes model training.

Within this data-preparation context, feature selection has
emerged as a particularly important issue because vehicle
emission datasets often contain variables with different lev-
els of relevance, redundancy, and uncertainty. Including too
many inputs may increase computational burden and expose
the model to noise, while excluding influential variables may
reduce the ability to capture emission dynamics. In transporta-
tion forecasting, useful features may include speed-related
indicators, acceleration patterns, stop frequency, trip dura-
tion, vehicle age, engine type, fuel category, road gradient,
ambient temperature, traffic density, and time-of-day effects.
However, not every dataset contains all these variables, and
not every variable contributes equally across regions or ve-
hicle categories. This creates a need for systematic feature
selection methods that can identify the most informative pre-
dictors without relying only on manual assumptions. In this
respect, metaheuristic-based feature selection is increasingly
relevant because it can explore large combinations of candi-
date variables and search for subsets that improve predictive
accuracy while reducing model complexity.
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From feature selection, the literature further shows that differ-
ent predictive model families offer distinct strengths for vehi-
cle CO2 forecasting. Classical machine learning models are
often valued for their relatively lower computational require-
ments, stronger interpretability, and ability to perform well
on structured tabular datasets. Ensemble models can improve
robustness by combining multiple learners and reducing the
instability associated with single-model predictions. Deep
learning models are more suitable when the data contain tem-
poral, sequential, or high-dimensional structures, especially
in cases involving traffic time series, energy-consumption
trajectories, or sensor streams. However, deep architectures
may require larger datasets, careful tuning, and stronger com-
putational resources. This variation means that no single
model type can be universally considered superior across all
vehicle emission forecasting contexts. Instead, the literature
encourages model selection based on dataset size, prediction
horizon, input structure, interpretability requirements, and
deployment conditions.

Temporal modeling is another major concern because vehicle
emissions change according to daily, weekly, seasonal, and
event-driven mobility patterns. Morning and evening peaks,
holiday travel, weather disruptions, freight schedules, school
calendars, and fuel-price changes can all alter traffic intensity
and emission rates. Static models that ignore temporal de-
pendency may fail to capture these fluctuations, particularly
when forecasting short-term emission peaks or long-term car-
bon trajectories. Time-aware models can address this issue by
learning dependencies across previous observations and using
them to estimate future conditions. This is especially impor-
tant for real-time traffic management, where a city may need
to forecast near-future emission levels in order to adjust signal
timing, recommend alternative routes, or manage restricted
zones. The literature, therefore, treats temporal sensitivity
as a necessary property of advanced emission forecasting
systems rather than an optional modeling enhancement.

Vehicle routing and freight distribution research provides
another important foundation for understanding how opera-
tional decisions influence carbon emissions. In logistics sys-
tems, emissions are shaped by the number of vehicles used,
route distance, vehicle capacity, delivery sequence, driver
experience, loading efficiency, and service-time constraints.
Last-mile delivery is particularly relevant because it involves
frequent stops, dense urban movement, customer-specific
routing, and strong dependence on driver knowledge. Ma-
chine learning has been used to enhance last-mile delivery
modeling by capturing operational experience that may not
be fully represented through mathematical rules alone [13].
This line of research is important for vehicle CO2 forecasting
because it shows that emission prediction can benefit from
operational intelligence, especially in delivery environments
where human driving decisions, local road familiarity, and
customer distribution patterns affect actual vehicle move-
ment.

The reviewed literature also demonstrates that routing con-
straints must be incorporated carefully when emission fore-
casting is linked to transport optimization. Limited-capacity
vehicle routing problems show that vehicle capacity, customer
demand, route feasibility, and distribution constraints can sub-
stantially affect distance traveled and energy consumed. Algo-

rithmic advances in limited-capacity routing have expanded
the ability to solve complex vehicle-distribution problems
more efficiently, which is relevant for emission-aware logis-
tics because routing decisions often determine the carbon
consequences of freight activity [14]. Within the forecasting
context, this means that emission models should not only
estimate future carbon output from historical data, but also
account for how operational constraints shape the conditions
under which those emissions are produced. The connection
between forecasting and routing, therefore, strengthens the
practical value of artificial intelligence-based emission mod-
els in real transportation systems.

Electric and hybrid vehicle research adds another layer to
the literature because vehicle CO2 emissions are increasingly
linked to energy-source configuration, charging behavior, bat-
tery management, and grid interaction. Electric vehicles
reduce direct tailpipe emissions, yet their overall carbon im-
pact depends on electricity generation sources, charging tim-
ing, charging-station placement, renewable energy availabil-
ity, and vehicle-to-grid management strategies. Studies on
photovoltaic-aided electric vehicle energy management show
that emission-related transportation planning increasingly
overlaps with renewable energy optimization and intelligent
power control [15]. This perspective is essential for forecast-
ing because future vehicle emissions may not be estimated
accurately if the model treats all vehicles through conven-
tional fuel-consumption logic. As electrification expands,
forecasting systems must distinguish between direct vehicle
emissions, indirect energy-related emissions, and operational
energy efficiency.

The literature on artificial intelligence-based emission fore-
casting also stresses the need for careful hyperparameter opti-
mization. Model performance can change substantially when
parameters such as learning rate, tree depth, number of esti-
mators, kernel configuration, hidden units, batch size, regu-
larization coefficient, and optimization settings are adjusted.
Manual tuning may be insufficient because the search space is
often large and nonlinear. Metaheuristic algorithms are there-
fore widely used to guide the tuning process, especially when
the objective is to improve predictive performance while con-
trolling model complexity. In vehicle CO2 forecasting, this
is important because an untuned model may appear weak
even when the underlying algorithm is suitable for the dataset.
Conversely, excessive tuning without proper validation may
produce overfitting. The literature therefore supports the
use of optimization methods within disciplined experimental
designs that include clear training, validation, and testing
procedures.

Model validation remains one of the most important issues in
the reviewed literature because emission forecasting models
are only useful if their performance remains reliable out-
side the exact data used for training. Many models can pro-
duce strong results on historical datasets, but their practical
value depends on whether they generalize across time peri-
ods, road types, cities, traffic regimes, and vehicle categories.
A rigorous validation strategy should therefore include ap-
propriate data splitting, comparison with baseline models,
multiple performance indicators, and uncertainty-aware inter-
pretation. In emission forecasting, relying on a single metric
may be misleading because one measure may emphasize av-
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erage error while another reflects variance explanation or
extreme-value behavior. For this reason, the literature in-
creasingly favors multi-metric evaluation, especially when
forecasts are expected to support environmental policy or
operational decision-making.

Interpretability is another recurring concern because trans-
portation emission forecasts may influence public policy, in-
frastructure investment, traffic regulation, and environmental
compliance. A highly accurate model may still be difficult to
adopt if decision-makers cannot understand why it produces
a certain forecast or which variables are most responsible
for predicted emission increases. Interpretable modeling can
help identify whether emissions are driven primarily by traffic
density, speed instability, vehicle type, route distance, tem-
perature, or energy-consumption behavior. This information
is valuable because it converts prediction into explanation,
allowing policymakers to design targeted interventions rather
than relying only on black-box outputs. The literature there-
fore suggests that future emission forecasting frameworks
should combine predictive accuracy with explanatory capac-
ity, especially when artificial intelligence is used in public-
sector transportation planning.

Another methodological issue involves transferability. A
forecasting model trained in one city, country, or transporta-
tion network may not perform equally well elsewhere be-
cause vehicle fleets, road infrastructure, driving behavior,
fuel composition, public-transport availability, and policy
conditions differ significantly. This limitation is particularly
important for review studies because results reported in one
geographic setting cannot be automatically generalized to
another. Transferability requires either adaptable modeling
structures, region-specific recalibration, or the development
of broader datasets that represent multiple mobility environ-
ments. Without such attention, artificial intelligence-based
vehicle CO2 forecasting may remain fragmented into isolated
case studies rather than developing into a more generalizable
scientific framework.

The literature also reveals a gap between prediction accu-
racy and implementation readiness. Many studies focus on
improving numerical performance, but fewer examine how
forecasting models can be integrated into real-time transport-
management platforms, municipal carbon dashboards, fleet-
control systems, or energy-planning tools. Deployment re-
quires more than a trained model; it requires reliable data
pipelines, computational efficiency, user-oriented visualiza-
tion, uncertainty communication, cybersecurity protection,
and institutional capacity to act on the forecast. This gap is
important because a model that performs well in an experi-
mental environment may still be difficult to operationalize
in a city or logistics network. Therefore, implementation-
oriented research should evaluate not only predictive metrics
but also latency, scalability, maintainability, and compatibility
with existing transportation infrastructure.

Overall, the literature shows that vehicle CO2 emission fore-
casting is evolving from static estimation toward integrated
artificial intelligence-based modeling that connects transporta-
tion behavior, energy consumption, optimization, and envi-
ronmental decision-making. The reviewed studies collec-
tively indicate that strong forecasting frameworks require
high-quality data, meaningful feature representation, appro-

priate model selection, systematic hyperparameter tuning,
rigorous validation, and interpretable outputs. At the same
time, the field still requires stronger standardization, broader
benchmarking, improved transferability, and closer alignment
between predictive modeling and practical low-carbon mo-
bility planning. These observations justify the need for a fo-
cused review that synthesizes artificial intelligence, machine
learning, feature selection, hyperparameter optimization, and
metaheuristic strategies for vehicle CO2 emission forecasting
without treating these elements as isolated technical compo-
nents. Table 1 presents a methodology-oriented synthesis of
representative studies relevant to vehicle CO2 emission fore-
casting, sustainable transportation modeling, energy-aware
mobility systems, and optimization-supported environmental
prediction. The table is designed to clarify how different
methodological directions contribute to the development of
intelligent forecasting frameworks, including fleet planning,
vehicle routing, electric vehicle energy estimation, traffic-
related environmental analysis, carbon-aware optimization,
and data-driven sustainability modeling.

The methodology references summarized in Table 1 collec-
tively establish the analytical foundation for reviewing vehicle
CO2 emission forecasting as a multidisciplinary problem that
cannot be restricted to one modelling family, one data source,
or one transportation scenario. The selected studies were
organized to represent the main methodological directions
that support intelligent emission forecasting, including predic-
tive modelling, route optimization, fleet management, energy
estimation, environmental forecasting, renewable-energy inte-
gration, sensing infrastructure, and carbon-aware operational
planning. This methodological structure is important be-
cause vehicle-related CO2 emissions are generated through
several interacting layers: the physical movement of vehi-
cles, the energy consumed during operation, the routing and
scheduling decisions that determine distance and load, the
infrastructure conditions that influence driving efficiency, and
the energy systems that support electrified mobility. There-
fore, the methodology matrix does not treat the reviewed
references as isolated studies; rather, it positions them as
complementary methodological evidence for building a more
complete understanding of how artificial intelligence, opti-
mization, and transportation analytics can support low-carbon
mobility forecasting.

The first methodological direction represented in Table 1 con-
cerns fleet sizing and routing under uncertainty. This direction
is particularly important because vehicle CO2 emissions are
directly affected by how many vehicles are deployed, how
routes are assigned, how delivery and pickup operations are
coordinated, and how transportation decisions remain stable
when demand or operational conditions change. Adjustable
robust optimization provides a useful framework for this type
of problem because it allows fleet and routing decisions to
be designed under uncertain conditions rather than assuming
that all inputs are fixed and fully known. In emission-oriented
transportation planning, this is valuable because uncertain de-
mand, travel time, customer distribution, and pickup volumes
can alter fuel consumption and vehicle activity. By including
robust optimization in the methodology matrix, the review
highlights that emission forecasting should be connected with
decision models capable of maintaining operational reliability
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while reducing unnecessary vehicle movement and inefficient
routing patterns.

A second methodological direction is electric vehicle energy-
state estimation, which contributes to the review by linking
emission forecasting with the technical behavior of electri-
fied transportation systems. Although electric vehicles do
not produce direct tailpipe CO2 emissions during operation,
their energy consumption remains essential for evaluating
indirect emissions, charging demand, grid load, and the envi-
ronmental benefit of electrification. Battery state estimation
is therefore not simply a technical battery-management task;
it is a necessary modelling component for understanding
how efficiently an electric vehicle uses energy under chang-
ing operating conditions. Hybrid optimizer-assisted neural
estimation methods are relevant because they combine learn-
ing ability with search-based parameter refinement, allowing
the model to estimate battery state more accurately than a
manually configured structure. In the context of this review,
this reference supports the argument that future vehicle CO2
forecasting must account for electric vehicle energy behav-
ior, especially as transport systems move from fuel-centered
emission models toward mixed fleets containing combustion,
hybrid, and fully electric vehicles.

The methodology matrix also includes swarm-intelligence-
supported emission modelling because carbon emission data
often exhibit nonlinear temporal behavior, long-term depen-
dency, and structural variation across regions or economic
conditions. Swarm intelligence methods are useful in this con-
text because they search through complex solution spaces by
imitating collective adaptive behavior, making them suitable
for model tuning, feature selection, and optimization-based
prediction. Energy-related CO2 forecasting studies based
on long historical datasets provide a broader methodological
reference for vehicle emission forecasting because transporta-
tion emissions are one part of the wider energy-emission
system. The inclusion of this direction strengthens the review
by showing that vehicle CO2 prediction can benefit from
optimization mechanisms already applied in energy-related
emission analysis, particularly when the forecasting prob-
lem involves multi-year patterns, nonstationary trends, and
multiple influencing indicators.

Environmental forecasting methods are also represented be-
cause vehicle CO2 emissions are closely related to broader
air-quality and pollution-monitoring problems. Although
particulate matter and carbon dioxide differ in chemical na-
ture, measurement logic, and environmental effect, both fore-
casting tasks share important methodological requirements,
including noisy time-series data, variable meteorological in-
fluence, nonlinear pollutant behavior, and the need for reliable
short-term prediction. Hybrid regression models that use dy-
namic weighting and genetic algorithm-based optimization
are relevant to the present review because they show how envi-
ronmental prediction can be improved by assigning adaptive
importance to model components and optimizing predictive
structures. This contributes to the methodology discussion by
demonstrating that emission forecasting frameworks should
not rely only on a single static learner when environmental
data are affected by changing external conditions and irregu-
lar temporal patterns.

Another important methodological category concerns

greenhouse-gas-aware production and distribution network
design. Vehicle emissions are not produced only by indi-
vidual driving behavior; they are also shaped by the struc-
ture of supply chains, the placement of distribution chan-
nels, the segmentation of customers, and the coordination
between production and delivery systems. A dual-channel
production-distribution framework contributes to vehicle CO2
forecasting by showing how network-level decisions can re-
duce greenhouse-gas impacts before transportation activity
occurs. This is methodologically relevant because forecasting
models should be able to reflect not only observed vehicle
movement but also the organizational decisions that create or
reduce the need for movement. By including this reference,
Table 1 extends the review beyond direct traffic prediction
and emphasizes that low-carbon transportation modelling
must also consider how logistics networks generate vehicle
demand.

Multi-objective optimization is another central methodolog-
ical element because sustainable transportation problems
rarely involve one objective only. A vehicle routing or
emission-control system may need to minimize cost, travel
distance, delivery delay, energy use, congestion contribu-
tion, and carbon output at the same time. These objectives
may conflict with one another; for example, the shortest
route may not always be the lowest-emission route if it con-
tains congestion, steep gradients, or repeated stop-and-go
movement. Multi-objective ant-colony-based optimization
provides a methodological reference for handling such trade-
offs because it supports the search for balanced solutions
rather than a single narrowly optimized result. In this review,
this direction is important because vehicle CO2 forecasting
becomes more useful when it can be connected to decision-
making frameworks that evaluate several sustainability and
operational goals simultaneously.

Infrastructure-condition prediction is included in the method-
ology matrix because road quality affects vehicle operation in
ways that can influence energy consumption and emissions.
Pavement degradation, surface roughness, maintenance de-
lays, and poor road conditions may increase rolling resis-
tance, reduce speed stability, and create inefficient driving
patterns. Interpretable prediction of pavement performance
is therefore relevant to vehicle CO2 forecasting because in-
frastructure condition can act as an indirect but meaningful
contributor to emission behavior. This methodological di-
rection adds an infrastructure-maintenance dimension to the
review and shows that emission forecasting should not be lim-
ited to vehicle and traffic variables only. Instead, predictive
transportation models can be strengthened when they include
infrastructure-related indicators that explain why energy con-
sumption may increase on certain road segments or under
specific maintenance conditions.

The inclusion of sustainable construction intelligence pro-
vides a broader methodological reference for how machine
learning and deep learning reviews can be structured in
sustainability-oriented domains. Although the application
area differs from vehicle emission forecasting, the method-
ological relevance lies in the way artificial intelligence studies
are assessed through trends, gaps, data availability, learning
models, validation strategies, and future research needs. This
supports the present review by reinforcing the importance of
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organizing artificial intelligence-based sustainability research
around model purpose, data type, evaluation logic, and imple-
mentation barriers. It also helps justify why the methodology
matrix does not merely list models, but instead classifies the
reviewed references according to their methodological con-
tribution to low-carbon prediction and optimization. This
classification approach is necessary for producing a review
that is analytically useful rather than descriptive only.

Microgrid energy planning appears in the methodology ma-
trix because vehicle electrification connects transportation
forecasting with distributed energy systems. As electric vehi-
cle adoption increases, the environmental value of electrified
mobility depends partly on how charging demand is served,
how renewable energy is integrated, and how grid operation
is optimized. Hybrid swarm-based optimization for micro-
grid planning is relevant because it addresses the problem
of minimizing operating cost while coordinating distributed
energy resources. For vehicle CO2 forecasting, this type of
methodology provides a pathway for estimating indirect emis-
sions associated with charging infrastructure and electricity
supply. It also supports the view that future forecasting frame-
works should treat vehicle emissions and energy planning as
coupled systems rather than separate domains.

Renewable-energy integration under uncertainty is another
methodological direction that strengthens the transportation-
emission forecasting framework. Hybrid renewable energy
sources are variable by nature because solar and wind gen-
eration depend on meteorological conditions, seasonal avail-
ability, and probabilistic fluctuations. When electric vehicles
are charged using renewable-supported grids, the resulting
carbon intensity of mobility depends on how effectively these
uncertain resources are managed. Metaheuristic optimization
in probabilistic optimal power-flow modelling is therefore rel-
evant to this review because it provides a computational basis
for coordinating uncertain renewable generation with energy-
demand requirements. This methodological perspective is
important because vehicle CO2 forecasting will become in-
creasingly dependent on the carbon profile of electricity sys-
tems as transport electrification expands.

Sectoral carbon prediction is included to connect vehicle emis-
sion forecasting with broader net-zero modelling objectives.
Although the referenced study focuses on another industrial
sector, its methodological value lies in the use of predictive
modelling to estimate future CO2 emissions in support of de-
carbonization targets. This is relevant because transportation
planning also requires long-term carbon forecasting to eval-
uate whether emission-reduction strategies are sufficient for
meeting climate objectives. The methodology matrix there-
fore uses this reference to show that emission prediction is
not merely a short-term operational task; it can also support
strategic planning, policy assessment, and net-zero pathway
evaluation. For vehicle-related applications, similar predic-
tive structures can help estimate future emission trajectories
under changing fleet composition, energy efficiency, mobility
demand, and regulatory conditions.

Sensor-network optimization is methodologically significant
because intelligent vehicle emission forecasting depends on
the availability, coverage, and reliability of transportation data.
Without sufficient sensing infrastructure, forecasting models
may suffer from missing observations, spatial blind spots,

incomplete traffic representation, and weak real-time mon-
itoring capacity. Coverage optimization in wireless sensor
networks contributes to the review by addressing the spatial
and technical foundation required for data-driven transporta-
tion intelligence. In practical emission forecasting, improved
sensor placement can support more accurate traffic monitor-
ing, road-condition observation, environmental measurement,
and vehicle-flow estimation. This reference therefore repre-
sents the sensing layer of the methodology matrix, showing
that the performance of artificial intelligence models depends
not only on algorithmic design but also on the quality of the
data-collection infrastructure that feeds the model.

Hybrid energy feasibility analysis is included because low-
carbon vehicle forecasting must consider whether the energy
systems supporting transportation are technically and eco-
nomically viable. In many regions, electric mobility cannot
be evaluated independently from local energy availability,
renewable potential, diesel backup dependence, and cost con-
straints. A feasibility assessment of photovoltaic, wind, and
diesel hybrid systems provides methodological support for
evaluating energy configurations that may influence the indi-
rect emissions of electric vehicle charging. This is relevant to
vehicle CO2 forecasting because a forecast that ignores the
energy mix behind electrified transport may overestimate or
underestimate the real environmental benefit. By including
hybrid energy feasibility, the methodology matrix connects
transport prediction with the practical conditions required for
sustainable energy-supported mobility.

Carbon-emission prediction based on structural and process
parameters contributes to the methodology matrix by demon-
strating how emissions can be modelled from measurable
technical variables. Although the application is not vehicle
operation itself, the modelling logic is transferable: carbon
output can be estimated when the system is described through
relevant design, process, or operational parameters. For vehi-
cle CO2 forecasting, this supports the principle that emission
models should be built from variables that have a meaningful
relationship with the mechanisms generating carbon output.
Such variables may include vehicle mass, speed profile, fuel
type, route structure, road condition, acceleration behavior,
payload, and energy-consumption indicators. This reference
therefore reinforces the importance of parameter-based pre-
diction rather than relying on general trend extrapolation
alone.

Fleet-management optimization in mining operations is in-
cluded because it provides a high-intensity example of
vehicle-based carbon-footprint reduction under operational
uncertainty. Mining fleets operate in demanding envi-
ronments where vehicle dispatching, production planning,
haulage activity, and fuel consumption are tightly connected.
Joint stochastic fleet-management and production-planning
approaches are relevant because they show how emission re-
duction can be incorporated into operational planning rather
than treated as a separate environmental calculation. In ve-
hicle CO2 forecasting, this methodology is useful because it
demonstrates how predictive and optimization-based methods
can be combined to manage vehicle activity in systems where
demand, production targets, and movement patterns vary over
time.

Electric vehicle charging-station placement and sizing are
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represented because charging infrastructure directly affects
the feasibility and emission profile of electrified transporta-
tion. Poorly placed or incorrectly sized charging stations can
increase detours, cause grid stress, reduce charging reliability,
and weaken the practical benefits of electric mobility. Op-
timization of distribution network operating parameters in
the presence of electric vehicle charging stations is method-
ologically relevant because it links transport electrification

with power-network planning under uncertainty. For vehi-
cle CO2 forecasting, this direction supports a more complete
modelling perspective in which electric vehicle emissions are
not evaluated only at the vehicle level, but also through the in-
frastructure and grid conditions that determine how charging
demand is supplied.

Plug-in hybrid electric vehicle integration adds another

Table 1. Representative artificial intelligence and optimization methodologies for vehicle CO2 emission forecasting
Study focus Data type Methodological approach Main objective

Fleet sizing and routing [16] Fleet operation and routing data Adjustable robust optimization for integrated
fleet-sizing and vehicle-routing decisions

Supports emission-conscious transportation planning by
addressing uncertainty in delivery and pickup operations,
allowing vehicle deployment and routing decisions to re-
main reliable under variable operational conditions.

Vehicle energy estimation [17] Electric vehicle battery and oper-
ating data

Hybrid optimizer-assisted feed-forward neural
network for battery state estimation

Improves the estimation of electric vehicle energy sta-
tus, which is essential for linking vehicle operation, en-
ergy consumption, charging decisions, and indirect carbon-
emission assessment.

Swarm-based emission mod-
elling [18]

Energy-related CO2 emission
data

Swarm-intelligence-supported predictive mod-
elling

Examines energy-related carbon-emission behaviour
through computational intelligence, providing a method-
ological basis for nonlinear emission forecasting across
long-term environmental datasets.

Air-pollution forecasting [19] Particulate matter concentration
data

Dynamic weighting and genetic algorithm-based
hybrid regression modelling

Enhances environmental forecasting accuracy by combin-
ing adaptive weighting with optimization-based learning,
offering a transferable methodology for pollution-sensitive
transport-emission prediction.

Greenhouse-gas network design
[20]

Production-distribution and
customer-segmentation data

Dual-channel production-distribution network op-
timization

Reduces greenhouse-gas impacts by coordinating distri-
bution structure and customer-oriented planning, support-
ing carbon-aware logistics systems connected with vehicle
movement and delivery activity.

Multi-objective route optimiza-
tion [21]

Optimization benchmark and ap-
plication datasets

Multi-objective ant-colony-based optimization re-
view

Provides methodological insight into solving transporta-
tion problems with competing objectives, such as travel
cost, delivery efficiency, fuel use, and carbon-emission re-
duction.

Infrastructure-condition predic-
tion [22]

Pavement performance and main-
tenance data

Interpretable prediction for preventive mainte-
nance timing

Links transport infrastructure condition with predictive
decision-making, supporting maintenance strategies that
can reduce inefficient vehicle operation caused by road
degradation.

Sustainable construction intelli-
gence [23]

Construction and sustainability
datasets

Machine learning and deep learning trend analy-
sis

Offers methodological guidance on data-driven sustain-
ability modelling, benchmarking, and gap identification,
which can inform the design of transparent and repro-
ducible vehicle-emission forecasting frameworks.

Microgrid energy planning [24] Microgrid and energy-planning
data

Hybrid swarm-based optimization for distributed
energy planning

Supports the energy-system side of low-carbon mobility
by improving planning methods for renewable-energy inte-
gration, which is relevant to electric vehicle charging and
indirect emission reduction.

Renewable-powered mobility
support [25]

Hybrid renewable energy and
power-flow data

Metaheuristic optimization for probabilistic
renewable-energy integration

Improves power-system planning under renewable uncer-
tainty, allowing transport electrification strategies to be
evaluated together with the carbon intensity of supporting
energy infrastructure.

Industrial carbon prediction [26] Sectoral production and emis-
sion data

Predictive modelling for net-zero-oriented CO2
assessment

Demonstrates how data-driven carbon forecasting can sup-
port long-term decarbonization targets, offering method-
ological relevance for transportation sectors pursuing net-
zero emission pathways.

Sensor-network optimization
[27]

Wireless sensor network cover-
age data

Metaheuristic coverage optimization Strengthens the sensing layer required for intelligent trans-
portation monitoring by improving spatial coverage, data
availability, and the reliability of emission-related traffic
observation systems.

Hybrid energy feasibility [28] Photovoltaic, wind, diesel, and
techno-economic data

Metaheuristic feasibility assessment for hybrid
energy systems

Assesses sustainable energy configurations that can support
cleaner transport electrification, especially where vehicle
charging depends on locally optimized renewable-energy
resources.

Carbon-aware manufacturing
prediction [29]

Structural design and machining
parameter data

Carbon-emission prediction based on design and
process parameters

Shows how carbon output can be estimated from technical
design variables, providing a transferable modelling logic
for vehicle-related systems where emissions depend on
measurable operational parameters.

Fleet and production planning
[30]

Mining fleet and short-term pro-
duction data

Joint stochastic fleet-management and
production-planning optimization

Integrates fleet decisions with carbon-footprint reduction,
illustrating how vehicle-operation planning can be aligned
with emission minimization under uncertainty.

Electric-vehicle charging opti-
mization [31]

Distribution network and
charging-station data

Optimization of grid-tied microgrid operating pa-
rameters

Improves the operation of energy networks connected to
electric vehicle charging stations, supporting cleaner mobil-
ity through coordinated charging and distribution-network
management.

Plug-in hybrid vehicle integra-
tion [32]

Microgrid load and plug-in hy-
brid electric vehicle data

Load shifting and curtailment strategy for clean
and economic operation

Reduces operational cost and supports cleaner energy use
by coordinating plug-in hybrid vehicle integration with
microgrid load management and emission-aware energy
operation.

Green layout optimization [33] Industrial layout and sustainabil-
ity data

Hybrid metaheuristic optimization for green lay-
out design

Provides an optimization-based sustainability framework
that can inform transport-facility design, vehicle movement
efficiency, and emission reduction within industrial mobil-
ity environments.
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methodology layer because hybrid mobility systems operate
between conventional fuel use and grid-supported electrifi-
cation. Their emissions depend on driving mode, battery
availability, load shifting, charging strategy, and the balance
between electric and fuel-powered operation. Clean and eco-
nomic microgrid operation with plug-in hybrid electric ve-
hicle integration is relevant because it shows how mobility
energy demand can be coordinated with grid operation to re-
duce cost and improve environmental performance. This con-
tributes to the methodology matrix by showing that vehicle
emission forecasting should be flexible enough to represent
transitional technologies, not only fully conventional or fully
electric vehicles.

Green layout optimization contributes to the methodology
review by addressing how spatial arrangement and facility de-
sign affect movement efficiency. In industrial environments,
layout decisions influence internal transportation distance,
material handling requirements, vehicle circulation, energy
consumption, and operational emissions. Hybrid metaheuris-
tic techniques for green layout design are therefore relevant
because they show how optimization can reduce unneces-
sary movement by improving the physical organization of
production and transport-related spaces. For vehicle CO2
forecasting, this methodological perspective is useful because
emissions can be affected before vehicles even begin operat-
ing, through the design of facilities, routes, loading zones, and
internal logistics paths. This reference therefore expands the
review from prediction at the vehicle level to environmental
improvement through spatial and operational design.

Taken together, the methodology references in Table 1 show
that vehicle CO2 emission forecasting should be treated as an
integrated modelling problem that combines prediction, opti-
mization, infrastructure intelligence, energy-system analysis,
and sustainability-oriented decision support. Each reference
contributes a distinct methodological role: robust fleet and
routing models address uncertainty in vehicle deployment;
optimizer-assisted neural estimation supports electric vehi-
cle energy modelling; swarm intelligence strengthens non-
linear emission prediction; hybrid environmental regression
improves pollution forecasting; distribution-network design
connects logistics structure with greenhouse-gas reduction;
multi-objective optimization captures competing transporta-
tion goals; pavement-performance prediction links infras-
tructure condition with mobility efficiency; sustainability-
oriented artificial intelligence reviews guide methodological
classification; microgrid and renewable-energy studies con-
nect electrified transport with cleaner power systems; sensor-
network optimization supports reliable data acquisition; and
carbon-aware operational planning demonstrates how emis-
sions can be reduced through coordinated decision-making.
This synthesis justifies the use of a methodology matrix be-
cause the reviewed literature does not form a single narrow
research line; instead, it forms a connected methodological
ecosystem for developing accurate, scalable, and environmen-
tally meaningful vehicle CO2 forecasting frameworks.

2.1 Data Sources and Variable Representation in Vehicle
CO2 Forecasting

Vehicle CO2 emission forecasting depends heavily on the
quality, diversity, and representational capacity of the input

data used to describe transportation activity. In this research
direction, the dataset is not merely a technical input; it de-
fines the boundary of what the forecasting model can learn
about the emission-generation process. Vehicle-related car-
bon output may be influenced by traffic volume, travel speed,
acceleration behavior, road type, fuel category, engine effi-
ciency, vehicle age, payload condition, trip duration, and me-
teorological variation. When these variables are represented
accurately, the forecasting model can capture a more realistic
relationship between vehicle operation and emission behavior.
However, when the dataset is incomplete or weakly structured,
the model may learn only a partial view of the system, leading
to predictions that appear numerically acceptable but remain
limited in practical interpretation. Figure 2 presents the com-
plete workflow for forecasting vehicle-related CO2 emissions
using artificial intelligence-based modelling. The process be-
gins with the collection of heterogeneous transportation and
environmental data, including vehicle characteristics, fuel
type, speed, traffic volume, road conditions, route informa-
tion, weather variables, and energy-consumption indicators.
These inputs represent the operational conditions that directly
or indirectly influence vehicle carbon emissions. After data
collection, the preprocessing stage improves the quality and
consistency of the dataset through cleaning, normalization,
feature engineering, and missing-value handling. This step is
essential because inaccurate or incomplete data can weaken
the reliability of the forecasting model and reduce the inter-
pretability of the predicted emission patterns.

The workflow then moves to feature selection, where the most
relevant variables are identified and redundant or weakly in-
formative inputs are reduced. This stage helps improve model
efficiency by selecting an optimized subset of predictors that
better represents the emission-generation process. Prediction
models are then applied, including machine learning, deep
learning, and hybrid models, depending on the structure of
the dataset and the forecasting objective. Hyperparameter
optimization and metaheuristic algorithms support the mod-
elling process by tuning parameters, improving model con-
figuration, and enhancing feature optimization. The trained
models are evaluated using statistical indicators such as mean
absolute error, root mean square error, coefficient of deter-
mination, and mean squared error. Finally, the forecasting
outputs provide CO2 emission prediction, trend analysis, and
scenario forecasting, which can support sustainable trans-
portation planning, traffic management, policy design, and
emission-reduction strategies. The structure shown in Fig-
ure 2 emphasizes that vehicle CO2 emission forecasting is
not limited to the prediction model alone. Instead, it de-
pends on a complete analytical pipeline in which data quality,
variable selection, model design, optimization, and evalua-
tion all contribute to the final forecasting performance. The
dashed feedback paths indicate that optimization is iterative,
meaning that model parameters and selected features may be
refined repeatedly until the forecasting framework achieves
stronger stability and predictive accuracy. This makes the
diagram useful for explaining how artificial intelligence can
transform raw vehicle and transportation data into practical
decision-support outputs for low-carbon mobility planning.

A key issue in data representation is the difference between
direct and indirect emission-related variables. Direct vari-
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Figure 2. Full-width workflow diagram for forecasting vehicle-related CO2 emissions using artificial intelligence-based modelling, including
data sources, preprocessing, feature selection, prediction models, hyperparameter optimization, evaluation metrics, forecasting outputs, and
sustainable transportation applications.

ables may include measured or estimated CO2 values, fuel-
consumption records, or energy-use measurements, while
indirect variables describe the conditions that influence emis-
sions, such as congestion level, vehicle density, road gradient,
stop frequency, and trip pattern. Both types of variables are
important because direct indicators provide the target or near-
target information, whereas indirect indicators explain why
emission levels change across time and location. A strong
forecasting framework should therefore avoid depending on
a narrow group of variables and should instead represent
the transportation system as a connected operational envi-
ronment. This makes the model more capable of identifying
emission changes caused by variations in mobility behavior,
infrastructure conditions, and vehicle operation.

Another important consideration is temporal and spatial reso-
lution. Vehicle emissions may be analyzed at different levels,
including trip-level, road-segment-level, city-level, regional-
level, or national-level scales. Each scale produces a different
modelling requirement. A trip-level model may need detailed
speed and acceleration sequences, while a city-level model
may depend more on aggregated traffic demand, fuel use, fleet
composition, and population mobility patterns. Similarly,
short-term forecasting may require high-frequency traffic and
sensor data, whereas long-term forecasting may rely on his-
torical trends, policy variables, and socioeconomic indicators.
Therefore, the literature on vehicle CO2 forecasting should
be understood through the type of data resolution adopted
by each study, because resolution directly affects model de-
sign, prediction horizon, and the practical meaning of the
forecasted values.

2.2 Model Design Logic for Artificial Intelligence-Based
Emission Prediction

The design of an artificial intelligence-based vehicle CO2
forecasting model involves more than selecting a machine
learning or deep learning algorithm. A complete model de-
sign process begins with defining the prediction target, iden-
tifying the relevant input variables, preparing the dataset,
choosing the learning structure, optimizing the model con-
figuration, validating the results, and interpreting the output.
Each stage affects the reliability of the final forecast. If the
prediction target is unclear, the model may mix different
emission concepts, such as direct tailpipe emissions, energy-
related emissions, or total transport-sector carbon output. If
the input variables are not properly selected, the model may
include redundant or irrelevant predictors that increase com-
plexity without improving forecasting quality.

Figure 3 presents a full-width conceptual framework for fore-
casting vehicle-related CO2 emissions using five artificial
intelligence-based modelling approaches. The diagram be-
gins with the data-collection stage, where several input vari-
ables are gathered to describe the operational and environ-
mental conditions that influence vehicle emissions. These
variables include vehicle characteristics, fuel type, driving
behaviour, traffic conditions, road and route information,
weather conditions, engine and technical specifications, and
historical CO2 emission records. This stage is important be-
cause the accuracy of emission forecasting depends strongly
on how well the collected data represent the real factors that
control fuel consumption, energy use, and carbon output. The
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Figure 3. Full-width diagram of vehicle CO2 emission forecasting using five artificial intelligence models, including data collection,
preprocessing, feature selection, predictive modelling, model evaluation, forecasting outputs, and sustainable transportation applications.

workflow shown in Figure 3 continues with data preprocess-
ing and feature selection, which prepare the raw transporta-
tion data for reliable model training. Data preprocessing
includes cleaning missing or abnormal values, normalizing
numerical variables, engineering useful predictors, encod-
ing categorical information, and dividing the dataset into
training, validation, and testing subsets. Feature selection
then identifies the most influential variables by removing re-
dundant or weakly informative inputs, which helps reduce
dimensionality and improve forecasting stability. After these
preparation stages, five predictive models are presented: Mul-
tiple Linear Regression (MLR), Support Vector Regression
(SVR), Random Forest Regression (RFR), Artificial Neural
Network (ANN), and Long Short-Term Memory (LSTM).
MLR provides a simple statistical baseline for modelling lin-
ear relationships, SVR captures nonlinear regression patterns
through margin-based learning, RFR improves robustness
through ensemble decision trees, ANN learns complex non-
linear interactions between variables, and LSTM is suitable
for time-series emission forecasting because it can model
long-term temporal dependencies.

The lower part of Figure 3 highlights the evaluation and
application stages of the forecasting framework. Model per-
formance is assessed using several statistical indicators, in-
cluding mean absolute error, root mean square error, coeffi-
cient of determination, mean absolute percentage error, and
Nash–Sutcliffe efficiency. These metrics help determine how
accurately each model predicts vehicle CO2 emissions and

whether the predicted values are reliable for practical interpre-
tation. The final outputs include emission prediction, trend
analysis, scenario forecasting, emission-reduction strategies,
and policy decision support. Therefore, the diagram shows
that artificial intelligence-based vehicle emission forecast-
ing is not limited to producing numerical predictions; it also
supports sustainable transportation planning, environmental
impact reduction, improved understanding of emission pat-
terns, and data-driven policy development.

Machine learning models are generally suitable when the
dataset is structured, tabular, and moderate in size. These
models can learn nonlinear relationships between explana-
tory variables and emission values while maintaining a rel-
atively manageable computational cost. They are often use-
ful when the forecasting task depends on variables such as
vehicle type, fuel use, traffic density, speed, and travel dis-
tance. Deep learning models, on the other hand, become more
relevant when the dataset contains sequential, image-based,
high-dimensional, or large-scale sensor information. In ve-
hicle emission forecasting, deep learning may be useful for
traffic time-series prediction, energy-consumption sequence
modelling, and dynamic mobility-pattern analysis. The dis-
tinction between these model families should not be treated as
a simple competition; instead, the appropriate model should
be selected according to the structure of the dataset and the
purpose of the forecasting task.

A strong model design should also consider the balance be-

32



Metaheuristic Optimization Review (MOR) Vol. 03, No. 02 · 2024

tween accuracy, interpretability, and deployability. Highly
complex models may achieve strong numerical performance,
but their practical value can be limited if their internal deci-
sion process cannot be explained to transportation planners
or environmental authorities. Conversely, simpler models
may be easier to interpret but may not fully capture nonlinear
emission behavior under complex traffic conditions. For this
reason, vehicle CO2 forecasting research should not evaluate
models only through error metrics. It should also consider
whether the model can support decision-making, whether its
predictions can be explained, whether it can operate under
realistic data conditions, and whether it can be updated when
transportation patterns change. This design logic is essen-
tial for transforming artificial intelligence-based forecasting
from an experimental exercise into a usable environmental
decision-support tool.

2.3 Optimization, Validation, and Practical Deployment
Considerations

Optimization plays an important role in vehicle CO2 emis-
sion forecasting because predictive performance is strongly
affected by model configuration, feature selection, and pa-
rameter tuning. Many artificial intelligence models contain
adjustable settings that control their learning behavior, such
as tree depth, number of estimators, learning rate, hidden
layers, activation functions, kernel parameters, population
size, or convergence criteria. If these settings are selected ran-
domly or manually without systematic evaluation, the model
may fail to reach its best forecasting capacity. Optimization
methods help overcome this limitation by searching for better
configurations within a large and complex solution space. In
emission forecasting, this is especially important because the
relationship between vehicle activity and carbon output is
rarely linear or simple.

Validation is equally important because an optimized model
is not necessarily a reliable model unless its performance is
tested under appropriate conditions. A model may perform
well on training data but fail when exposed to new traffic
patterns, different vehicle fleets, unusual congestion condi-
tions, or unseen regional characteristics. Therefore, a rigorous
validation process should examine the model’s ability to gen-
eralize beyond the data used during training. This requires
careful separation between training and testing data, suitable
performance metrics, and attention to overfitting. In vehi-
cle CO2 forecasting, validation should also consider whether
the model can predict both normal emission behavior and
high-emission situations, since emission peaks may be more
important for policy intervention than average values alone.

Practical deployment introduces another layer of methodolog-
ical complexity. A forecasting model may be academically
strong but difficult to apply in real transportation systems
if it requires unavailable data, excessive computational re-
sources, or continuous manual adjustment. For operational
use, the model should be compatible with existing traffic-
monitoring platforms, fleet-management systems, environ-
mental dashboards, or urban decision-support tools. It should
also be capable of handling missing data, updating predictions
as new information becomes available, and communicating
uncertainty in a way that decision-makers can understand.
These deployment considerations show that the success of

vehicle CO2 forecasting depends not only on algorithmic ac-
curacy but also on the ability to integrate artificial intelligence
into sustainable transportation planning, carbon-management
strategies, and real-world mobility governance.

3. DISCUSSION

The reviewed body of work indicates that vehicle CO2 emis-
sion forecasting is developing into a distinct research direc-
tion situated at the intersection of environmental modeling,
intelligent transportation systems, optimization science, and
sustainable mobility planning. The significance of this field
lies not only in estimating future emission values but also in
converting transportation data into strategic knowledge that
can guide low-carbon decisions before environmental pres-
sure becomes irreversible. Unlike general carbon accounting,
which usually describes emissions after they have occurred,
forecasting creates a forward-looking analytical layer through
which transport authorities, fleet managers, energy planners,
and urban policymakers can anticipate emission growth, eval-
uate intervention scenarios, and align mobility systems with
decarbonization objectives. This shift gives artificial intelli-
gence a central role because the emission behavior of vehicles
is shaped by nonlinear, time-dependent, and context-sensitive
interactions that cannot be fully captured through simplified
deterministic assumptions.

A major implication emerging from the reviewed studies
is that vehicle CO2 emission forecasting should be treated
as a system-level modeling challenge rather than a narrow
algorithm-selection problem. In many transportation studies,
the predictive model is placed at the center of the methodolog-
ical design, while the surrounding components are treated
as secondary. However, the quality of an emission forecast
depends on the complete analytical chain: how the target
variable is defined, how the input space is represented, how
operational conditions are encoded, how model parameters
are tuned, how prediction uncertainty is handled, and how
results are interpreted for decision-making. A model with
strong numerical accuracy may still have limited value if its
input variables do not reflect the actual emission-generation
mechanisms, if its evaluation setting is too restricted, or if its
predictions cannot be translated into transport-management
actions. Therefore, the discussion of artificial intelligence-
based forecasting must extend beyond model comparison and
examine the coherence of the entire forecasting pipeline.

The methodological matrix presented in Table 1 shows that
the reviewed literature does not form a single homogeneous
research stream. Instead, it forms a broad methodological
ecosystem in which each group of studies contributes a dif-
ferent layer to emission-oriented transportation intelligence.
Some studies strengthen the predictive layer by improving
model learning and estimation capacity, while others con-
tribute to the optimization layer by supporting carbon-aware
routing, fleet planning, or energy scheduling. A separate
group of studies contributes to the infrastructure layer by
improving sensing coverage, road-condition assessment, and
transport-system observability. Another group contributes to
the energy-transition layer by connecting electric mobility
with renewable generation, microgrid planning, and charg-
ing infrastructure. This diversity matters because vehicle
CO2 emissions are shaped by operational, infrastructural, and
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energy-related conditions that the model must represent. Con-
sequently, the reviewed methodologies should be interpreted
as complementary rather than competing research directions.

One of the central insights of the review is that artificial intelli-
gence can improve vehicle emission forecasting only when it
is embedded within a meaningful transportation context. Ma-
chine learning and deep learning models can identify patterns
in large datasets, but these patterns must be grounded in the
real behavior of vehicles, roads, fleets, and energy systems. If
the modeling process ignores transportation logic, the result-
ing forecast may become a statistically optimized output with
weak environmental interpretation. For example, an emission
model may identify correlations between temporal indicators
and carbon output, but without operational interpretation, it
may not explain whether the emission increase is associated
with congestion, inefficient routing, high freight demand, ve-
hicle aging, or energy-system dependency. This distinction
matters because sustainable transportation planning requires
not only knowing that emissions may rise, but also under-
standing which controllable mechanism is responsible for
that rise.

The review also highlights the importance of optimization
as a structural component of vehicle CO2 forecasting. Opti-
mization methods are often introduced to improve predictive
accuracy through feature selection or hyperparameter tun-
ing, but their value extends further. They can support the
design of lower-emission transport operations by identify-
ing better routing strategies, more efficient fleet allocations,
improved charging schedules, and more sustainable infras-
tructure configurations. This dual role makes optimization a
bridge between prediction and action. Forecasting estimates
what may happen, while optimization helps determine what
should be changed to reduce the predicted environmental bur-
den. In this sense, the strongest future frameworks will likely
be those that do not isolate forecasting from decision-making,
but instead integrate prediction, evaluation, and intervention
within one coherent modeling environment.

Another important discussion point concerns the changing
meaning of vehicle emissions under transport electrification.
Conventional vehicle emission forecasting has often been
associated with fuel consumption and direct exhaust output,
but this view becomes incomplete when electric and hybrid
vehicles are increasingly present in transportation systems.
For electric mobility, the environmental impact shifts from
tailpipe emissions to electricity generation, charging behavior,
grid efficiency, renewable-energy availability, and battery-
management performance. This does not reduce the impor-
tance of vehicle emission forecasting; rather, it expands its
scope. Future forecasting systems must distinguish between
direct vehicle emissions, indirect energy-related emissions,
and lifecycle-sensitive mobility impacts. Without this distinc-
tion, a model may underestimate the carbon consequences
of electrified transportation in regions where electricity gen-
eration remains carbon-intensive, or it may fail to recognize
the environmental benefits of renewable-supported charging
systems.

The discussion further reveals that generalization remains a
major challenge for artificial intelligence-based vehicle CO2
forecasting. A model trained on one dataset may learn re-
lationships that are specific to a certain city, vehicle fleet,

road network, traffic culture, climate condition, or energy
mix. When such a model is transferred to another context,
its predictive behavior may change substantially. This issue
is especially important for review-based synthesis because
reported model performance cannot be interpreted without
considering the setting in which the model was trained and
tested. High performance in one case study does not au-
tomatically imply universal applicability. Therefore, future
studies should place greater emphasis on cross-regional evalu-
ation, external validation, and adaptive model updating. Such
practices would help move the field from isolated experimen-
tal forecasting toward more generalizable and transferable
emission-intelligence systems.

The reviewed literature also suggests that model interpretabil-
ity should be treated as a practical requirement rather than an
optional enhancement. Vehicle CO2 forecasts may influence
public investment, environmental regulation, fleet policy, in-
frastructure planning, and urban mobility governance. These
decisions require a level of transparency that allows stakehold-
ers to understand the main factors behind predicted emission
patterns. If an artificial intelligence model functions as an
opaque system, its predictions may be difficult to trust, audit,
or justify in policy settings. Interpretability can help iden-
tify whether emission increases are associated with vehicle
characteristics, road conditions, mobility intensity, energy
use, or planning inefficiencies. This explanatory capacity is
particularly valuable because it enables targeted mitigation
measures instead of broad interventions that may be costly or
ineffective.

A further implication concerns the relationship between fore-
casting accuracy and real-world deployment. Many studies
emphasize numerical performance, but operational use re-
quires additional qualities such as computational stability,
data-stream compatibility, robustness to missing information,
adaptability to new traffic conditions, and clear communi-
cation of prediction uncertainty. A forecasting model that
performs well under controlled experimental conditions may
still face obstacles when integrated into municipal dashboards,
fleet-management platforms, traffic-control systems, or envi-
ronmental monitoring tools. This gap between experimental
modeling and deployment readiness must be addressed if arti-
ficial intelligence-based vehicle CO2 forecasting is to become
useful for practical low-carbon transportation governance.
Future research should therefore evaluate models not only
by prediction error, but also by their operational feasibility
within real decision-support environments.

The reviewed studies also show that vehicle CO2 forecast-
ing can support a broader transition from descriptive sus-
tainability assessment to proactive carbon governance. De-
scriptive assessment helps determine how much emission has
occurred, while proactive forecasting helps anticipate where
and when emissions may increase. This difference is crucial
because transport systems are difficult to transform quickly
once inefficient patterns become embedded in infrastructure,
fleet composition, and travel behavior. Forecasting can give
decision-makers an earlier opportunity to evaluate emission
risks, compare mitigation strategies, and prioritize interven-
tions. When combined with optimization, forecasting can
also support scenario-based planning, where different policy
or operational alternatives are examined before implementa-
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tion. This makes artificial intelligence not only a modeling
tool, but also a mechanism for strengthening environmental
anticipation in transportation systems.

Despite the strong potential of artificial intelligence, the re-
viewed literature indicates that methodological caution re-
mains necessary. High-performing models may be affected
by overfitting, limited dataset diversity, narrow prediction
horizons, weak benchmarking, or insufficient explanation of
input-output relationships. Furthermore, emission forecasting
is sensitive to data reliability because errors in traffic measure-
ment, fuel-consumption estimation, energy-use recording, or
fleet classification can propagate through the model and af-
fect the final forecast. This means that artificial intelligence
should not be presented as a substitute for rigorous data gov-
ernance. Instead, its value depends on disciplined dataset
construction, transparent evaluation, reproducible modeling
procedures, and careful interpretation of results. A forecast-
ing framework is only as reliable as the assumptions, data
structures, and validation practices that support it.

The main contribution of the reviewed methodological land-
scape is that it demonstrates the need for integrated emission-
forecasting frameworks that combine analytical accuracy with
environmental usefulness. A strong vehicle CO2 forecasting
system should not only predict future values, but also help ex-
plain emission drivers, identify controllable factors, support
low-carbon interventions, and remain adaptable to changing
transport technologies. Such a framework must be able to
operate across conventional vehicles, hybrid mobility, electric
transportation, freight systems, urban traffic, infrastructure
conditions, and energy-network interactions. This integrated
perspective is essential because the future of transportation
emissions will be shaped by multiple transitions occurring
simultaneously: digitalization, electrification, automation,
urban expansion, renewable-energy integration, and stricter
climate policies.

Overall, the discussion confirms that artificial intelligence-
based vehicle CO2 emission forecasting is an emerging and
necessary research area for sustainable transportation systems.
Its scientific value comes from its ability to model complex
emission behavior, while its practical value comes from its
potential to guide earlier and more informed decisions. How-
ever, the field must continue to improve its methodological
transparency, transferability, validation strength, and deploy-
ment orientation. The most useful future models will be those
that combine predictive performance with explanatory insight,
optimization capability, and direct relevance to low-carbon
mobility planning. In this sense, vehicle CO2 forecasting
should be viewed as a decision-support discipline that con-
nects artificial intelligence research with climate-responsible
transportation governance.

4. CONCLUSION

This review examined artificial intelligence-based forecasting
of vehicle CO2 emissions as a multidisciplinary research area
that connects machine learning, deep learning, optimization,
transportation planning, energy management, and environ-
mental decision support. The reviewed literature shows that
vehicle emission forecasting is no longer limited to static
estimation or retrospective carbon accounting. Instead, it is
increasingly moving toward intelligent predictive frameworks

capable of analyzing complex relationships between mobility
behavior, vehicle operation, infrastructure conditions, fleet
decisions, and energy-system characteristics. This transition
is important because modern transport systems require tools
that can anticipate emission patterns before they become en-
vironmental and policy challenges.

The review demonstrates that artificial intelligence provides
strong methodological value for vehicle CO2 forecasting be-
cause it can capture nonlinear and dynamic relationships
within heterogeneous transportation data. However, the effec-
tiveness of artificial intelligence depends on the quality of the
complete modeling process rather than the algorithm alone.
Reliable forecasting requires meaningful variable representa-
tion, careful data preparation, appropriate model design, sys-
tematic optimization, rigorous validation, and interpretable
outputs. These requirements show that emission forecasting
should be developed as a structured analytical pipeline rather
than a simple model-fitting task. When these elements are
properly integrated, artificial intelligence can provide fore-
casts that are not only accurate but also useful for sustainable
transportation planning.

The methodological evidence synthesized in Table 1 confirms
that vehicle CO2 forecasting is supported by several comple-
mentary research directions. Predictive modeling contributes
to estimating future emission behavior; optimization methods
support model refinement and low-carbon decision-making;
routing and fleet-management studies connect forecasting
with operational control; infrastructure-related prediction ex-
pands the understanding of road-system effects; and energy-
system optimization links transport electrification with indi-
rect carbon impacts. This broad methodological foundation
shows that vehicle emissions cannot be understood through a
single technical lens. Instead, they must be analyzed through
an integrated perspective that reflects the operational, environ-
mental, and energy-related realities of transportation systems.

The review also concludes that future vehicle CO2 forecasting
research should place stronger emphasis on generalization,
explainability, and deployment readiness. Many forecasting
models can achieve promising results within specific datasets,
but their value becomes limited if they cannot be transferred
across locations, adapted to changing vehicle technologies, or
interpreted by decision-makers. Future research should there-
fore move toward broader benchmarking, external validation,
uncertainty-aware forecasting, and transparent reporting of
modeling assumptions. These improvements are necessary
for transforming artificial intelligence-based emission pre-
diction from a laboratory-oriented modeling activity into a
practical tool for cities, transport agencies, logistics operators,
and environmental authorities.

Another important conclusion is that electrification will re-
shape the structure of vehicle emission forecasting. As elec-
tric and hybrid vehicles become more common, forecasting
frameworks must move beyond direct exhaust-based assump-
tions and include energy-consumption behavior, charging
infrastructure, electricity-generation carbon intensity, and
renewable-energy integration. This broader view is essential
because the environmental impact of future mobility will de-
pend not only on vehicles themselves but also on the energy
systems that support them. Therefore, the next generation of
forecasting models should be capable of representing mixed
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fleets, changing propulsion technologies, and the interaction
between transportation demand and power-system planning.

In conclusion, artificial intelligence-based forecasting of ve-
hicle CO2 emissions has strong potential to support low-
carbon mobility, sustainable urban development, and climate-
responsive transportation governance. Its contribution lies
in enabling earlier recognition of emission trends, a deeper
understanding of transport-related carbon drivers, and a more
informed design of mitigation strategies. Nevertheless, its
successful application requires responsible modeling prac-
tices, transparent validation, high-quality data, and integration
with real-world decision-support systems. Future progress in
this field will depend on developing forecasting frameworks
that are accurate, interpretable, scalable, and environmen-
tally meaningful, allowing artificial intelligence to serve not
merely as a predictive technology but as an essential compo-
nent of sustainable transportation transformation.
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