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Abstract: Because of fuel-intensive transportation methods, inefficient routing, and dynamic operational uncertainties, the logistics
sector contributes significantly to global carbon emissions. In order to dynamically choose the best routes and modes of transportation,
intelligent agents continuously monitor traffic conditions, fuel consumption, shipment urgency, and emissions data in this paper's novel
Carbon-Aware Autonomous Logistics Optimization framework powered by Agentic Al. Three conflicting goals delivery time, operating
cost, and carbon footprint are balanced by the suggested system. The framework allows logistics providers to maintain service efficiency
while aligning with net-zero goals through adaptive learning and real-time decision-making. Carbon-aware routing can cut emissions by
up to 18-25% without causing major delays in delivery schedules, according to experimental simulations.
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1. Introduction

Logistics have gotten way more complicated and massive
thanks to the rapid rise of global supply chains and e-
commerce. That's led to a big jump in carbon emissions.
Transport alone produces a huge chunk of greenhouse gases,
so it’s really at the heart of sustainability efforts. For years,
logistics have mainly focused on shaving off delivery times
and cutting costs, but the environment barely got a mention.
Now, with stricter regulations and more attention on ESG
standards, companies can’t just ignore sustainability it has to
be part of their logistics strategies.

With the rise of artificial intelligence, machine learning, and
10T, it’s actually possible to build smart logistics systems that
handle live data and make decisions on the fly. These tools
can include carbon emissions in their calculations, not just
speed and price. Still, most existing systems struggle to
balance cost, delivery speed, and environmental impact in real
time they just aren’t set up for it.

So, this paper takes a fresh approach: it introduces Agentic
Al, where independent agents work together, optimizing
logistics as things happen. The agents keep an eye on traffic,
fuel use, shipment urgency, and emissions, picking the best
routes and transportation options moment by moment. The
goal is to cut carbon emissions without hurting delivery times
or jacking up costs.

This system enables adaptive, decentralized choices, which
helps supply chains run sustainably and keeps them aligned
with net-zero targets. By offering a scalable, intelligent
framework for carbon-aware logistics in fast-changing
environments, this work pushes forward Al-powered
sustainability in the industry.

2. Litrature Review

The rising concern over climate change and environmental
sustainability has created a research thrust in the development

of carbon-aware logistics optimization techniques.
Conventional logistics management has mainly concentrated
on reducing the transportation time and operation costs,
without taking into consideration the environmental impacts.
However, the latest developments in artificial intelligence,
machine learning, and IoT technologies have made it possible
to incorporate sustainability parameters into the decision-
making process in logistics management.

Al route optimization has been identified as one of the most
effective ways to reduce fuel and emissions. Various studies
have confirmed the potential of machine learning in
dynamically adapting routes according to real-time traffic,
thus enhancing efficiency and reducing carbon footprint. For
example, in one study, Liu et al. proposed an Al-based
logistics distribution model utilizing IoT technologies to
optimize routes in real time, thus enhancing efficiency and
reducing emissions [3]. Similarly, Eduam et al. highlighted the
potential of Al in reducing fuel consumption through dynamic
route adaptation, thus enhancing sustainability performance

[11].

In this context, multi-objective optimization models have been
increasingly used to solve problems related to delivery time,
cost, and environmental impact. Zhang et al., in their paper on
optimization in cold chain logistics, proposed a framework
that optimizes delivery time, cost, and carbon emissions using
a multi-objective optimization approach [4]. Furthermore,
Sanchez-Pravos et al. proposed an extension to this concept
using machine learning and evolutionary algorithms to
optimize carbon-aware routing decisions in dynamic scenarios

[5].

Another important aspect of carbon-aware logistics is the
precise prediction of carbon emission. In this direction, several
studies have employed support vector regression, neural
networks, and hybrid approaches for carbon emission
prediction. According to the findings, carbon emission
prediction using ML approaches can be more precise
compared to traditional statistical approaches, thereby
facilitating better decision-making for efficient logistics
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planning [6, 7]. In addition, it can also help in understanding
the factors affecting carbon emission, thereby facilitating
effective strategies for carbon reduction.

Moreover, the incorporation of IoT technologies has further
improved the capabilities of logistics systems by allowing for
data collection and analysis in real-time. IoT devices can
collect data regarding vehicle performance, traffic, and
environmental conditions, which can be utilized by Al systems
for optimization. An Al-based smart logistics system has been
proposed by Mohsen et al., utilizing IoT data for optimizing
routes and demand in real-time, thereby improving efficiency
and reducing emissions [9]. IoT-based low-carbon distribution
models have also been proposed for optimizing logistics in
cold chain systems [10].

Besides optimization of routes, optimization of load has been
recognized as another factor for minimizing carbon emission.
In this regard, optimization of load would result in the
minimization of the number of trips, thereby minimizing fuel
consumption. It is revealed through recent studies that
optimization of routes and optimization of load would result
in a significant improvement in the sustainability of logistics

[11].

The concept of carbon management in supply chains has
moved beyond static reporting to dynamic optimization
strategies. Previous studies on carbon management in supply
chains were more focused on carbon accounting and policy
development, while more recent studies have concentrated on
the integration of sustainability metrics into dynamic decision-
making processes. Herold et al. presented an extensive review
on carbon management in logistics, including the need to
integrate environmental factors into dynamic strategies in
operation management [12]. More recent studies have
concentrated on Al-based carbon footprint management
systems [13].

New research trends are now emerging, particularly with
regards to the application of agent-based or autonomous Al
systems for optimization. Agentic Al systems, for instance, are
composed of multiple intelligent agents that cooperate with
each other to facilitate decentralized or adaptive decisions. A
new agentic digital twin concept for logistics optimization was
proposed by Xu et al., where the system’s performance is
improved by multi-agent coordination or real-time decision-
making.  Reinforcement learning-based  optimization
approaches have been proposed for supply chain optimization
with sustainability constraints, where the system can learn
from the environment to find the optimal solution [19].

In spite of these advancements, there are some research gaps
in this area. Most of these systems do not include real-time
carbon emission metrics in their decision-making processes.
Another gap in this area is that agentic Al in logistics is in its
early stages of application in real-world scenarios. There is
also a need to develop scalable systems that can be used in
complex logistics networks while considering trade-offs in
terms of cost, time, and emissions.

3. Research Methodology

In this paper, a Carbon Aware Autonomous Logistics
Optimization methodology is proposed, which is based on
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Agentic Al and aims to support real-time and adaptable
decisions for sustainable logistics. The methodology is based
on multi-agent systems, real-time data processing, carbon
emissions modeling, and multi-objective optimization.

The proposed system follows a multi-agent system structure,
where each agent is responsible for performing a particular
function. The Traffic Monitoring Agent gathers real-time
information on road congestion, travel time, and disruptions
through various external APIs and GPS signals. The Fuel
Consumption Agent estimates fuel consumption based on the
type of vehicle, load condition, and route. The Emission
Calculation Agent uses standardized emission factors to
calculate carbon emission. The Decision Optimization Agent
combines the results from all the agents and decides the
optimal route and mode of transport according to the set
objectives.

The data collection process involves both real-time and
historical data. Real-time data includes data on traffic
conditions, vehicle information, and urgency of shipments.
On the other hand, historical data is used to train models that
predict traffic and fuel usage. Normalization and removal of
outliers are also used in preprocessing data to make it reliable.

The calculation of carbon emission is carried out using a fuel-
based model. The calculation of total emission is carried out
by summing up the total emission on all routes. Each route is
divided into segments where distance, rate of fuel
consumption, and emission factor are used in calculation.

The optimization problem is defined as a multi-objective
function that includes delivery time, cost of operation, and
carbon emission as factors to be optimized. The multi-
objective function is optimized using a weighted aggregation
method where each objective function is assigned a weight in
accordance with its priority in business scenarios. Constraints
are also included in the model. To accommodate dynamic
environments, the system utilizes a real-time optimization
technique. The agents will monitor the incoming data stream,
recognizing significant changes in the environment, such as
congestion or delays. This will ensure that the system can
accommodate dynamic environments while maintaining
optimal performance throughout the delivery process. The
system utilizes machine learning models to improve the
accuracy of predictions. For instance, the system utilizes
regression models for emission estimation, while time-series
or supervised models can be used for predicting traffic
conditions.

The system can utilize an optional reinforcement learning
technique, which will allow the system to make adaptive
decisions. In this case, the system will learn optimal routing
policies by interacting with the environment. A reward
function will be used, penalizing delays, emissions, or costs.
The proposed methodology will utilize simulation
experiments to validate the system. Various scenarios will be
developed, including high-traffic conditions, urgent
deliveries, or multi-modal transport options. The system's
performance will be evaluated using metrics such as emission
reduction percentage, delivery time deviation, or cost
efficiency. A comparative analysis will be performed with
traditional routing techniques to validate the proposed
approach.
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3.1 Problem Formulation

The main issue addressed in the research is to develop a real-
time logistics optimization system, which ensures the
minimization of carbon footprint while ensuring reasonable
delivery time and cost. Unlike other traditional approaches to
logistics optimization, which emphasize the most cost-
effective and/or shortest route, the proposed study formulates
the problem as a multi-objective optimization problem in a
dynamic environment.

The proposed system needs to be dynamic and responsive to:
a) Traffic conditions

b) Fuel consumption

¢) Emergency levels of shipment

d) Vehicle constraints

It is proposed to develop an intelligent system, which is
capable of making decisions independently

3.2 System Architecture

The proposed framework is based on an Agentic Al
framework with multiple layers, similar to the Crew Al
framework, where multiple agents work in tandem to
accomplish a common objective.

The proposed architecture is divided into four layers:

a) Data Layer: This layer includes data collection in real-
time and historical data (traffic data, GPS data, IoT data)

b) Agent Layer: This layer includes autonomous agents
performing tasks related to a specific domain

¢) Optimization Layer: This layer includes multi-objective
decisions

d) Execution Layer: This layer includes routing and
transport decisions

The proposed architecture provides features such as:
a) Continuous feedback loops

b) Real-time adaptability

¢) Decentralized intelligence
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This setup doesn’t just sit idle- it’s constantly churning
through a live workflow that latches onto real-time data,
predictive models, and fast decisions. The whole idea is
to make logistics sharper about carbon impact and ultra-
efficient.

It all kicks off when someone requests a shipment. They
plug in the basics: pickup spot, destination, how soon it
needs to arrive, and if it’s urgent. As soon as that info
lands, the system turns it into precise targets and limits,
ready to be optimized with constraint modeling.

Not wasting a moment, the system sweeps up current
info- traffic, GPS, weather, and vehicle specifics. It grabs
this straight from APIs and IoT devices, keeping fresh
data flowing nonstop so decisions happen right when
they’re needed.

Alongside all this live data, the system checks old records
too. It digs into past traffic patterns, fuel stats, and
delivery logs, scavenging these from huge data
warehouses and time-series databases. That history fuels
the predictive models, basically laying the groundwork
for smarter planning.

Before the models jump in, the system tidies up the data-
filtering out weird blips, tweaking values, and flagging
anything odd using checks like Z-scores or interquartile
ranges. Then feature engineering kicks in, turning raw
info into actual inputs for the models.

Next, the system zeroes in on what matters most:
congestion numbers, route distances, vehicle loads, and
efficiency stats—these are the ingredients the predictive
and optimization engines depend on.

Travel time and congestion get handed over to the Traffic
Agent, which uses time-series forecasting or regression
models—sometimes LSTM networks, if things are
complex. The Fuel Agent figures out fuel needs,
factoring in route, vehicle type, and load, leaning on
regression models again.

When it’s time to think about emissions, the Emission
Agent mixes fuel estimates with standard emission
factors, nailing down each route’s carbon footprint so
environmental impact is always upfront. Meanwhile, cost
calculations run in parallel—covering fuel, distance, and
time with straightforward linear models.

All those numbers go to the Decision Agent, where
things really get interesting. The system tries to juggle
speed, cost, and emissions, blending them with weighted
sums and Pareto analysis to nail the best compromise.
Once the scores are in, the system picks the route that
checks all boxes. Sometimes it uses greedy algorithms,
other times it rolls out Ant Colony Optimization for
something fancier.

The top route and transport method get handed off to
logistics and routing engines, and that’s when things hit
the road.

But the system doesn’t just sit back. It’s always watching,
tracking real-time surprises like traffic jams or delays.
Stream processing and event-driven setups keep the
monitoring live.

If something unexpected pops up—maybe sudden
congestion or a missed checkpoint—the system jumps
into dynamic re-optimization mode, instantly crunching
new plans and keeping things moving.

The feedback loop’s what keeps the whole operation
smart. It uses freshly gathered data to update its models
and learns with every delivery. Sometimes, it taps into
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reinforcement learning and other training tricks to keep
getting better as things go.

3.3 Agent Design (Crew Al Framework)

The system can be represented as a multi-agent collaborative
crew, where each agent has a profile, goal, and task, as
represented by the Crew Al framework.

3.3.1 Traffic Agent

Profile: Real-time monitoring agent for transportation
networks.

Goal: Minimize delays by predicting travel time.

Tasks:

1) Collect data from APIs regarding traffic conditions
2) Predict congestion based on historical data

3) Estimate travel time for each route

4) Detect anomalies such as accidents or roadblocks

3.3.2 Fuel Agent

Profile: Domain-specific intelligent agent for vehicle
efficiency and fuel consumption modeling.

Goal: Accurately predict fuel consumption for each route.

Tasks:

1) Calculate fuel consumption based on distance and type of
vehicle

2) Adjust fuel consumption based on load and road
conditions

3) Include vehicle efficiency parameters

4) Provide fuel cost estimates

3.3.3 Emission Agent

Profile: Environmental intelligence agent for calculating
carbon footprint.

Goal: Minimize emissions for logistics operations.

Tasks:

1) Calculate CO2 emissions based on fuel consumption data
2) Apply emission factors based on type of fuel

3) Evaluate emissions for each route segment

4) Provide emissions data for decision-making

3.3.4 Decision Agent (Coordinator Agent)
Profile: Decision-making agent acting as a
orchestrator.

Goal: Determine the optimal route based on multi-objective
optimization.

system

Tasks:

1) Aggregate data from all agents

2) Apply optimization function

3) Balance conflicting objectives such as time, cost, and
emissions

4) Trigger optimization in real-time

5) Coordinate communication among agents

3.3.5 Optional Advanced Agents

Learning Agent (RL-based):

a) Learns optimal policies for decision-making over time
b) Mode Selection Agent:

¢) Choose road, rail, or air transport

d) Optimize multimodal logistics
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3.4 Mathematical Modeling

The logistics optimization problem is formulated as a
weighted multi-objective function:
Z=aT +pC+yE

Where:

a) T: Delivery time

b) C: Cost

c) E: Carbon emissions

d) a,pf,y: Weight parameters

o Carbon Emission Model
n

E = Z di . fl * €
i=1

e Fuel Consumption Model
d

o Constraints
T < Tdeadline
Load < Capacity

3.5 Optimization Algorithm

The system employs a dynamic iterative optimization
algorithm that evaluates all possible routes and continuously
updates decisions.

Input: Shipment S, Routes R, Vehicle Data V, Real-time
Data D
Initialize Agents (Traffic, Fuel, Emission, Decision)

For each route r:
T r « Travel time from Traffic Agent
F r <« Fuel consumption from Fuel Agent
E r < Emissions from Emission Agent
C_r « Cost calculation
Zr—ol r+BCr+yE r

Select route with minimum Z r

While shipment is active:
Update real-time data

If significant change detected:
Recompute all parameters
Update Z r
Select new optimal route

Return optimal route
3.6 Data Collection and Processing

The system also makes use of real-time and historic data to
facilitate accurate and dynamic decision-making. Real-time
data includes traffic, GPS coordinates, weather, and
telemetry, which help in providing continuous feedback
regarding the current state of the logistics environment. This
helps in addressing dynamic issues like traffic, delays, and
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weather. At the same time, historic data like traffic, fuel, and
delivery history is also used to make estimations accurate
over time.

To ensure the quality and consistency of the data, several
preprocessing techniques are applied. Normalization is done
to ensure uniformity in the data. Outliers are removed from
the data to prevent any negative impact on the performance of
the model. Also, feature engineering is done to make the data
useful for the predictive and optimization models.

3.7 Experimental Setup

The experimental setup is designed to assess the effectiveness
of the proposed framework under different logistics
conditions. Simulations are performed by considering
different operational conditions, including high traffic
congestion, emergency delivery, varying vehicle load, and
different route options. These conditions are considered to
mimic real-world logistics challenges, thereby assessing the
flexibility of the proposed system.

The proposed system is compared with other traditional
shortest path algorithms and static routing approaches to
validate the effectiveness of the proposed system. This helps
to show the effectiveness of the proposed Agentic Al-based
system in achieving better sustainability outcomes.

3.8 Performance Metrics

The system’s performance is measured using a variety of
quantitative parameters that include both environmental and
operational factors. The percentage of carbon emission
reduction is used to measure how effective the system is in
reducing its impact on the environment. The delivery time
deviation parameter determines how much deviation there is
in terms of delivery time in comparison to other approaches.
Operational cost savings measure how much cost is saved due
to optimized routes and reduced fuel costs. Furthermore, a
route efficiency score is used as an aggregated measure to
measure system performance.

Moreover, trade-off analysis is conducted to assess the
influence of the weight parameters in the multi-objective
optimization model. This will provide a better understanding
of the impact of priorities on emissions, cost, and delivery
time. This is a critical consideration in developing a flexible
logistics system that meets various business and
environmental demands.

Results and Comparative Analysis

To assess the effectiveness of the proposed Agentic Al-based
Carbon-Aware Logistics Optimization framework, it is
compared with traditional methods such as the shortest path
algorithms and static routing systems. The effectiveness of
the proposed system is compared based on various key
performance indicators such as emissions, time, and cost
under different scenarios.

From the results, it is evident that the proposed Agentic Al-
based Carbon-Aware Logistics Optimization framework is
effective in achieving greater sustainability and still meets
acceptable levels of operation. The optimization of the route
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by incorporating real-time data and the multi-agent system
results in reduced fuel consumption and emissions. Though it
slightly increases the time of delivery in some cases, it still
meets acceptable limits and is justified by the benefits to the
environment.

3.8.1 Quantitative Results

Metric Traditional Stat.ic Propqsed
System | Routing | Agentic Al
Carbon Emissions (%) 100 92 78
Delivery Time (%) 100 98 104
Operational Cost (%) 100 96 95
Route Efficiency Score 70 78 88

3.8.2 Comparative Analysis

The comparison shows that the proposed system is able to
achieve an approximate reduction of 22% in carbon emissions
compared to conventional approaches. This is due to the
integration of emission-aware decision-making with
optimization. The static routing approaches are able to
achieve moderate improvements, though they lack flexibility
to adapt to dynamic conditions.

Regarding the delivery time, the proposed system shows an
increase by approximately 4%, though it is necessary to
achieve the sustainability objectives. This can be controlled
by adjusting the weight parameters for optimization. The
operational costs are reduced by approximately 5%, primarily
due to efficient optimization of fuel costs.

The route efficiency score, which considers different
parameters, shows significant improvements. This indicates
that the proposed system is efficient in achieving an optimal
balance between different parameters. Overall, the results
show the effectiveness of the Agentic Al framework for
achieving sustainable optimization.

4. Conclusion

This research introduces a novel Agentic Al-based
framework for real-time carbon-aware logistics optimization.
The novel system combines multi-agent collaboration, real-
time data processing, and multi-objective optimization to
address the increased need for sustainable logistics solutions.
The incorporation of carbon emissions into the optimization
process allows organizations to align their operations with
environmental sustainability objectives in an efficient
manner.

From the experiment, it is evident that the proposed
framework has a profound impact on the reduction of carbon
emissions and operation costs, with a minimal impact on the
time taken to deliver products. The ability of the system to
adjust to changing conditions in real-time further adds to the
robustness of the system in a practical environment.

This research contributes to the advancement of sustainable
supply chain management using Al technology by developing
a novel and intelligent framework capable of handling
complex and dynamic logistics optimization problems. Future
research may include incorporating reinforcement learning
into the optimization process to make it adaptive, developing
the framework to include multimodal transport systems, and
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incorporating digital twin technology to enhance the
optimization process.

5. Future Work

Although the proposed Agentic Al-based framework shows
tremendous promise for facilitating carbon-aware logistics
optimization, there are a number of opportunities for further
improving the proposed framework’s intelligence, scalability,
and integration of emerging technologies.

One of the areas for future work can be the integration of
Reinforcement Learning (RL) techniques, which can
facilitate the development of a self-improving decision-
making framework. The proposed framework can be
enhanced by integrating RL techniques, which can facilitate
better learning of optimal routing strategies by interacting
with a dynamic environment.

Another opportunity for improving the proposed framework
can be the integration of multimodal transportation
optimization techniques, where the proposed framework can
dynamically choose between road, rail, air, and sea modes of
transportation based on their carbon footprint. This can
further improve the proposed framework’s ability to
minimize the carbon footprint.

Another opportunity for improving the proposed framework
can be the development of a digital twin of the proposed
logistics network. This can further improve the proposed
framework’s ability to facilitate better decision-making by
allowing decision-makers to conduct real-time simulations of
the proposed logistics network.

Future work may also involve the incorporation of Edge Al
and distributed computing to minimize latency in decision-
making. This will enable the system to make faster and more
localized decisions, which 1is critical in time-sensitive
logistics operations.

Moreover, the incorporation of Explainable Al (XAI) will
also enhance the transparency of the system. This will be
critical in ESG reporting and ensuring the system's
compliance with various regulations.

Another possible extension of this work is the incorporation
of carbon credit optimization and sustainability economics, in
which the logistics operations will not only focus on reducing
emissions but will also provide financial incentives in the
form of carbon credits. This will provide a stronger business
case for adopting sustainable logistics operations.

Finally, future work will involve the large-scale deployment
and validation of the proposed framework. This will include
handling large-scale logistics operations, ensuring data
availability, and overcoming issues of system interoperability
and computational efficiency.

With these possible extensions, the proposed framework will
evolve into a comprehensive and complete solution for
intelligent and sustainable logistics management.
With these possible extensions, the proposed framework will
evolve into a comprehensive and complete solution for
intelligent and sustainable logistics management.
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