International Journal of Artificial Intelligence, Data Science, and Machine Learning
Grace Horizon Publication | Volume 5, Issue 2, 47-56, 2024
ISSN: 3050-9262 | https://doi.org/10.63282/3050-9262.1JAIDSML-V5I2P106

Original Article

Al-Driven Carbon Footprint Tracking and Emission
Reduction in Logistics Networks

VenkateshPrabu Parthasarathy
President and Key Executive MBA (Pepperdine Univ.) |Supply Chain Transformation | Digital Transformation | Al Implementation |IOT/ML
Implementation Leader Lake Forest California.

Abstract - Climate change and environmental conservation have been globalised and turned into global imperatives.
The logistics industry, a big contributor to Greenhouse Gas (GHG) emissions, is under increasing pressure to turn
greener. Artificial Intelligence (Al) has been known to be a tool for transformation towards data-driven
environmental strategies. This paper is an in-depth overview of Al-powered carbon tracking and calibration in
logistics networks. We review different Al approaches (machine learning, deep learning, and reinforcement learning)
and their implementation in transportation, warehousing, and supply chain optimization. Our approach combines the
collection of real-time data, predictive analytics, decision-making models, monitoring of emissions, detection of
inefficiencies, and recommendation of low-carbon alternatives. Using simulated case studies, we assess Al
applications’ impact, comparing traditional approaches and Al-driven processes. The given results also show that Al
can greatly contribute to the decrease in emissions, increase route optimization and fuel efficiency, and promote
sustainable warehousing. In addition, we address such challenges as data availability, complexity of integration, and
ethical implications. This paper thus adds to this emerging literature by proposing a realistic architectural approach,
methods, and a way forward to sustainable logistics through Al.

Keywords - Artificial Intelligence, Carbon Footprint, Emission Reduction, Logistics, Supply Chain, Sustainability,
Machine Learning, Smart Logistics, Predictive Analytics.

1. Introduction

The logistics sector is responsible for almost 14% of the global GHG emissions, dominantly from freight transport and
warehousing. With the increasing urbanization and e-commerce, there is an increasing demand for faster and more efficient
logistics, worsening the environmental problems. With global pacts like the Paris Accord and consumer interest in green
logistics, companies are pressured to measure and commit to low carbon footprints. Conventional monitoring systems tend to
be non-granular, non-automated, and do not present a real-time part.

1.1. Importance of Al-Driven Carbon Footprint Tracking
Using Al to track carbon footprint provides transformative potentials in logistics and supply chain operations. [1-4] Its
essence can be emphasized by the following major issues:
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Fig 1: Importance of Al-Driven Carbon Footprint Tracking
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e Real-Time Emissions Monitoring: Al allows the collecting and processing of data in real-time through loT sensors
mounted on vehicles, warehouses, and equipment. This enables the organizations to continually track their carbon
emission and not rely on old periodic reports. Real-time tracking enables prompt action to correct and enhance
environmental supervision, particularly in a dynamic logistics environment.

e Enhanced Accuracy and Automation: Conventional methods of carbon tracking are usually conducted using
human data entry systems and emission factor spreadsheets, with much room for human error. Al automates vast
amounts of data collection and processing with great improvements in accuracy. Machine learning algorithms have
the ability to detect patterns and deviations, hence a more accurate measurement of fuel usage, energy, and the
resulting emissions.

e  Predictive and Preventive Capabilities: Al systems can predict future emissions by analyzing trends of operations,
traffic information, and weather patterns. With the help of predictive analytics, companies can take preventive actions,
such as rerouting deliveries or re-scheduling operations, to reduce emissions at a proactive level. This is useful in
ensuring organizations are ahead of the regulatory needs and targets for reducing carbon.

e Scalability Across Operations: Al-based tracking systems can be implemented within various assets, locations, and
work units. Whether a business owns 10 or 10,000 trucks, Al will be able to process and make sense of emissions-
related information in large volumes without a severe sacrifice in performance, making this technology attractive for
growing enterprises and international vendors of logistics services.

e Informed Decision-Making and Reporting: Al-guided insights enable strategic decision-making with the help of
actionable data visualizations and emission reports. Managers benefit from these insights as they help identify the
emission hotspots, compare the units' performance, and implement sustainability strategies. Moreover, Al-driven
reporting tools will help meet environmental standards and enable open communication with stakeholders and
regulatory bodies.

1.2. Emission Reduction in Logistics Networks

Logistics networks’ emission reduction has become a key area of emphasis for organisations working towards achieving
sustainability standards and compliance with constituent environmental regulations. Logistics operations involving
transportation, warehousing, and distribution are significant greenhouse gas sources such as CO., CHs, and NOx. Reducing
these emissions takes an essential combination of technological innovation, process optimization, and data-based decision-
making. The most effective ones include adopting Al-powered technologies: smarter route planning, predictive maintenance,
dynamic fleet management, and intelligent energy use in warehouses. For example, Al algorithms can determine traffic
patterns, weather forecasts, and delivery timetables to use optimal vehicle routes, minimizing unnecessary mileage and fuel.
This not only saves emissions but also operational efficiency and costs. Moreover, incorporating the loT sensors into the
vehicles and warehouse equipment makes it possible to monitor the use of fuel and electricity and the behaviors that affect the
emissions in real time. These sensors send data to an Al system that can uncover shortcomings, such as idling engines, poorly
utilized warehouse space, or inferior HVAC scheduling, and provide solutions.

Also, smart scheduling of warehouse equipment such as lighting, heating, and forklifts, using Al predictions of peak use
times, consumes minimum energy and results in emissions. Electrification of fleets and using alternative fuels, coupled with
Al-based management systems, further reinforce emission reduction goals. [5,6] Al supports the search for the best
deployment situations of electric vehicles or the choice of preferable ways for hybrid technologies. Finally, data analytics and
machine learning models can simulate logistics scenarios to project out carbon emissions based on different strategies to enable
businesses to devise low-emission logistic systems proactively. All in all, minimizing emissions in logistics networks is not
only a mandatory move from the environmental side of things but also a competitive edge. Compliance, cost benefits, and
brand image advantages can be anticipated in the long term by organizations embracing Al-extended emission-conscious
logistics.

2. Literature Survey
2.1. Carbon Footprint in Logistics

Global greenhouse gas emissions related to the logistics sector are significantly high, and there are such effects because
most of the sector's requirements rely on fossil fuels for transportation through roads, sea, and the air. Based on IPCC (2019)
research by McKinnon (2018), [7] road freight represents more than 60% of emissions in the logistics sphere, making it the
most carbon-intensive way of transport. The emission of CO., methane (CH4), and Nitrogen Oxides (NOy) from internal
combustion engines is a major cause of climate alteration and urban air pollution. As global trade and e-commerce increase,
the carbon print of logistics is increasing at an unprecedentedly high rate, demonstrating the heightened need for more
sustainable practices and technologies.

2.2. Existing Tracking Methods

Conventional carbon tracking in logistics has been done manually by gathering consumption of fuel and distance data
through driver logs or shipment records. [8-10] Such inputs are generally processed through spreadsheets and ordinary
emission factor databases to estimate the environmental impact. Although such ways are available and economical, they are
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often not precise enough and not scalable for complex supply chains. In addition, they lack real-time feedback and agility to
change operations dynamically. This limitation prohibits organizations from making timeous, data-based decisions that
expeditiously address issues surrounding emissions reduction.

2.3. Al Applications in Green Logistics
2.3.1. Route Optimization

Al-enabled algorithms have been a game-changer in logistics optimization. Traditional approaches, such as Dijkstra’s
algorithm and the algorithm used to compute the shortest or fastest routes, have been much enhanced via Reinforcement
Learning (RL). These sophisticated models can learn based on past data and present environmental information (such as traffic
congestion, road closure, weather, and so on) and dynamically change the delivery route. This results in less fuel consumption,
less transit time, and lower carbon emissions.

2.3.2. Demand Forecasting

Precise projections of demand are essential in preventing wastage-related logistics operations. Al models, such as ARIMA
(AutoRegressive Integrated Moving Average), XG Boost (Extreme Gradient Boosting), and LSTM (Long Short-Term Memory
networks), have been used to forecast the future need for inventory with high accuracy. By matching supply and demand more
accurately, these models assist in avoiding overproduction and underuse of transport capacity and eliminate unjust deliveries,
all of which reduce carbon footprint in logistics.

2.3.3. Smart Warehousing

In contemporary warehousing, Al is being implemented to regulate energy consumption in a smarter way. Smart systems
can detect and manage lighting, heating, ventilation, air conditioning (HVAC), and even robotic equipment according to
immediate use patterns and environmental information. Not only does it increase the efficiency of the operations, but the
energy consumption and emissions are also minimized. By combining renewable energy resources and predictive maintenance,
Al-driven warehouses become integral to sustainable supply chains.

2.4. Research Gaps

Although great steps have been taken, some areas of green logistics are left out in the application of Al. One of the major
weaknesses is that no end-to-end integrated systems fluidly integrate different Al modules within the supply chain, from
transport to warehousing. Moreover, unsupervised learning approaches are not widespread, although they might be very
helpful in identifying anomalies or inefficiencies in the data on emissions without using labeled datasets. Lastly, no in-depth
case studies evaluate the long-term effectiveness and cost-effectiveness of Al-based sustainability interventions. Filling up
these gaps is important in scaling green logistics solutions worldwide.

3. Methodology
3.1. System Architecture
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Fig 2: System Architecture

e 10T Sensors: It starts with the placement of Internet of Things (1oT) sensors around different assets of the logistics
network, e.g., vehicles, warehouses, and transport infrastructure. [11-14] These sensors gather real-time data such as
environmental values (e.g., temperature, humidity), metrics of a vehicle (e.g., fuel consumption, speed), and the
operational status (e.g., location, the state of goods). This data prepares grounds for intelligent decision-making; it
allows an overall understanding of logistics processes.

e Data Lake: The data outsourced through the 10T sensors is stored in a centralized storage known as a data lake. A
data lake collects data in its raw form, which may be arranged in a structure, half a structure, or no structure, therefore
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being able to contain huge chunks of various data. It is an extensible and versatile platform for storing logistics-
related data for further analysis and processing. The data lake does not require data transformation and cleaning
before it is available for advanced analytics, and it can be easily accessed.

e Al Engine: ML + RL: Having been stowed in the data lake, the Al engine comprising Machine Learning (ML) and
Reinforcement Learning (RL) algorithms processes the data. ML models are used to study past data and to get
information about patterns. In contrast, RL algorithms are used for dynamic decision-making optimization, such as
changing the delivery route depending on traffic and predicting demand to avoid waste. Such a combination enables
the system to keep improving and making real-time decisions, leading to operational efficiency and environmental
reduction.

e Visualization Dashboard: The findings and revelations emanating from the Al engine are exhibited via a user-
friendly visualization dashboard. This dashboard displays Key Performance Indicators (KPIs), instant metrics, and
applicable actions in a readily understandable form. The dashboard can be used by stakeholders such as logistic
managers, drivers, and decision-makers to monitor operations, track emissions, measure route efficiency, and make
informed decisions based on current and predictive data.

e Decision Support System: The last step is the Decision Support System (DSS), which allows exploiting the insights
from the dashboard in decision-making processes. The DSS combines Al-based recommendations with human
knowledge, assisting the logistics manager and operators with strategic decisions: optimizing inventory levels,
optimizing the fleet’s use, or implementing green logistics. The final goal of the system is to enhance sustainability,
cut costs, and improve the general performance of its operational process.

3.2. Data Collection

In a smart logistics system, data collection is an important step that paves the way for analysis and decision-making. Such
IoT sensors deployed on the assets available in the logistics network (i.e., vehicles, warehouses, and transportation units) play
an essential role in continuously monitoring real-time data. According to these sensors, vehicles can measure vital operational
aspects of cars, including fuel consumption, speed, and engine performance, which are critical for understanding. Moreover,
the temperature sensors monitor climate-controlled shipments to certify that the commodities are kept and transmitted in the
stipulated conditions. In warehouses, the sensor tracks the consumption of electricity, which gives information about the
patterns of energy use and the places where it can be improved. Besides the internal sensor readings, external data is also
important in making wholesome decisions.

APIs (Application Programming Interfaces) are included in the system to pull real-time external data, such as weather
conditions and traffic information. For example, weather data can hugely impact logistics processes since it affects road
conditions and driving time; traffic data will enable planning routes that avoid congestion, thereby minimizing fuel and CO2
emission expenditure. The integration of these various data sources is necessary for building a whole logistics network system
in which internal and external forces are taken into account on a real-time basis. The fusion of real-time data received by loT
sensors and external data sources guarantees that the logistics managers are well acquainted with the operations, dynamic and
pointed. This data-based approach allows for making decisions ahead of time, such as rerouting shipments due to a change in
weather or optimizing the energy use in a warehouse depending on current electricity usage patterns. Finally, proper and on-
time data collection is the first step to a more efficient and sustainable logistics operation.

3.3. Feature Engineering
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Fig 3: Feature Engineering

50



VenkateshPrabu Parthasarathy / IJAIDSML, 5(2), 47-56, 2024

e Distance Traveled: Distance traveled is one of the basic attributes of the logistics systems because it is directly
related to fuel consumption and emissions. [15-19] With distance covered by a vehicle or shipment, this variable can
offer a sense of operational efficiency in the logistics network. It also means that cheaper fuel is being consumed
instead of using longer and more inefficient routes, and fewer emissions are emitted. Precise distance determination is
critical for carbon footprints and rating the effectiveness of route optimization techniques.

o Fuel Type and Consumption: Fuel type and consumption are important key variables that have a greater impact on
the carbon footprint of logistics functions. Different emissions profiles characterize various fuels, including diesel,
gasoline, and electricity. With the ability to monitor fuel consumption coupled with the type of fuel used, it is possible
to compute the total emissions emitted during transits. It also recognizes areas of fuel optimisation or shifting to
greener options, such as electric vehicles, to lessen the environmental impact.

e Average Speed: The average speeds of vehicles are fundamental in fuel efficiency and emission levels. Speeds too
high or too low can result in losses in terms of fuel efficiency that increase emissions. For example, driving at a
steady, moderate speed normally leads to optimum fuel efficiency than changing the speeds. Through the observation
and measurement of average speed, logistics managers will be able to optimize driving behaviours and change routes
or schedule to reduce fuel consumption and emissions.

e Load Factor: The load factor refers to the percentage of ability to carry a load by a wvehicle utilized during
transportation. An increased load factor implies that a vehicle is carrying up maximum cargo, and a principal effect is
that it carries fewer emissions units. After the load factor, it is possible to identify the surplus of resources and
estimate the volumes of vehicles and cargo more precisely. Maximizing load factors is among the key strategies for
reducing the overall effects of logistics operations on the environment.

o External Conditions (Traffic, Weather): External factors like traffic conditions, weather, etc., play a major role in
determining factors of effectiveness in the logistics operations. Traffic congestion can cause delays and increased fuel
consumption, while bad weather (rain or snow, high winds, etc.) can lead to reduced speed of driving and safety.
Applying real-time traffic and weather data, the systems of logistics can dynamically optimize avoid delays, save fuel
and thus reduce the cost and emissions of the processes.

3.4. Al Algorithms Used
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Fig 4: Al Algorithms Used

e Random Forest: Random Forest is the name of one of the ensemble methods, which has plenty of applications in
regression and classification. Logistics works particularly well in predicting emissions based on the assumption of
various input characteristics such as fuel consumption, speed, and the distance of a vehicle. Random Forest can act
using several decision trees and compile their results to identify intricate connections in data, making the emission
prediction very accurate. The algorithm's popularity is that it is robust, can use very large datasets, and can work with
numerical and categorical variables. It is also implemented through toolkits like Scikit-learn, which provides a simple
and optimised way of building and testing machine learning models.

e LSTM (Long Short-Term Memory): LSTM is a type of Recurrent Neural Network (RNN) aimed at taking into
account the sequences in the data and extracting long-term dependencies. In logistics, LSTM is especially useful for
traffic forecasting, as traffic data is time-series and has temporal characteristics. From previous traffic information,
LSTM can find out the future pattern of traffic, an aspect that assists in optimizing routes for delivery and avoiding
delays. LSTM is carried out in TensorFlow, a strong deep-learning environment for high-performance computation
broadly applied in time-series prediction tasks.
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e Q-Learning: Q-Learning is a Reinforcement Learning (RL) algorithm that is used in the optimization of routes in
logistics. It allows an agent (e.g., delivery vehicle) to learn about the best way to go by its environment and receive
feedback through rewards or penalties for the actions taken. The idea is to reduce the time spent traveling or emissions
through the experience of various pathways and the lessons drawn from previous actions. Q-Learning may be helpful
in dynamic settings, such as logistics, where any conditions like traffic or weather can change quickly. It is
implemented using OpenAl Gym, a popular toolkit for developing and testing reinforcement learning algorithms in
simulation.

o K-Means: K-means is a clustering algorithm that helps mention similar points related to data into clusters. Logistics
is used for route clustering, so the aim is to cluster delivery locations to minimize the time and the fuel used in
travelling. By breaking down the delivery system into smaller, more manageable units, the K-Means assist in
simplifying the process of transporting so that it would be easy to plan and carry out efficient routes. The algorithm
works by repeatedly assigning the data points to the closest centroid of the cluster and updating the assigned centroid
coordinates. Scikit-learn is the most popular for K-Means because of its simplicity and efficiency in clustering tasks.

3.5. Emission Calculation Formula
Calculation of CO2 emissions in logistics is mostly dependent on the quantity of fuel in use and the emission factor of that
fuel. The basic formula for the computation of CO2 emissions is:
CO2 Emissions (kg) = Fuel Consumed (L) x Emission Factor (kg/L)

In this formula, Fuel consumption (L) is the total fuel consumed by a vehicle or a transport mode over a certain period or
distance. It is usually calculated in liters and can be logged by fuel sensors or vehicle logs. The value of the Emission Factor
(kg/L) is a coefficient that tells how much CO2 is emitted during the combustion of 1L fuel. The variation in this factor
depends upon the type of fuel used (eg:- gasoline, diesel, Natural Gas, Electricity), and is usually specified in kilograms of
CO2 per liter of fuel. The emission factors between various fuels are vastly different since each fuel type has a different carbon
content and energy efficiency. For Example, diesel usually has a greater emission factor than gasoline because it contains more
Carbon per liter of fuel. On the other side, the emission factor of electricity depends on its production mode. The emission
factor can be almost zero if the electricity comes from renewable sources such as wind or sun. However, if they are based on
coal-fired plants, the emissions may be much higher. The concept of accurate emission factors, their understanding, and their
application are very important for calculating the carbon footprint of logistics operations. With the right emission factor for
each fuel type, businesses can better track their environmental footprint and discover ways to do so. Such calculations are key
to sustainability reporting and compliance with regulations in the logistics business.

3.6. Simulation Environment

In order to make logistics operations more efficient and to minimize adverse impacts on the environment, a simulation of a
logistics network is frequently constructed based on real data and constraints. This simulation environment is created to imitate
the complexity of a logistics system in the real world. It will become a safe environment where various strategies can be tested
without putting stakes and money at risk. The simulation is constructed with open datasets, including datasets from Eurostat
and the Environment Protection Agency (EPA), which give valuable information on transportation, traffic patterns,
consumption of fuel, emission factors, and environmental regulations. These datasets provide insight into the effective average
performance of vehicles, traffic experience, and regional norms of emission, which are important for simulating the logistics
network effectively. In this simulated environment, vehicles are modeled depending on their types (e.g., trucks, electric
vehicles, or hybrid vehicles), fuel consumption patterns, and typical emission characteristics.

Routes are created using real-world data, considering road types, traffic flow, and average travel times to reflect the
operating issues that logistics companies face. Warehouses are also simulated with real-world limitations such as storage
capacity, energy consumption, and operational hours. Elements that play a role in the simulation include traffic congestion,
weather, and geographic characteristics that affect the time needed to reach and deliver. With these practical limitations and
metrics, the simulation environment enables logistics managers and researchers to experiment with different strategies for
optimizing travel route planning, fuel conservation, emission minimization, and, more generally, maximum efficiency. For
instance, providing a safe environment to test diverse algorithms for route optimization, demand forecasting, and energy
management can be performed to measure the effectiveness of the algorithms. This practice can help determine the most
sustainable and cost-effective solutions before they have been applied in real-life logistics operations and, therefore, can be a
useful device for making decisions in green logistics.

4. Results and Discussion
4.1. Emission Reduction Analysis

A significant decrease in CO2 emissions was achieved by applying Al-based solutions to logistics operations, which
showed the great prospects for Al as a contributor to sustainability. A thorough picture of emissions before the installation of
Al-driven systems and after their introduction revealed a 30% decrease in CO2 emission per route. Such reduction was made
possible with a range of Al optimizations and, most importantly, in route planning that helped to utilize transportation

e
52



VenkateshPrabu Parthasarathy / IJAIDSML, 5(2), 47-56, 2024

resources more effectively. The Al system dynamically optimizes routes using real-time traffic data, weather conditions, and
vehicle performance metrics to avoid congested areas, idle times, and unnecessary detours. As a consequence, fewer hours
were spent in motion, and hence, there was a lower consumption of fuel and emissions. Moreover, the Al system enhanced
results in fuel efficiency by considering the weight of the load, types of roads, and driving habits, making the recommendations
unique to each specific route.

Vehicles fitted with 10T sensors enabled the Al system to access real-time data on fuel usage, which the system used to
optimize both driving styles and operating strategies to ensure that energy usage was kept to the minimum. The mechanism
also aided in having more environmentally friendly means of transport as the users were encouraged to use electric or hybrid
cars if there was an option, which reduced carbon emissions even more. This 30% decrease in emissions was seen in a sample
of 50 routes; the results varied for different case characteristics such as type of vehicle, route characteristics, and operational
conditions (e.g., Cotton: urban vs rural route). In more populated areas, the effect of Al on reducing emissions was highly
evident since the system could revise the route in real-time to minimize the negative effects of traffic congestion. Overall, the
use of Al not only showed evident environmental benefits but also emphasised the potential of Al to become a vital tool in
promoting green logistics and reducing the carbon footprint in the transportation network.

4.2. Route Optimization Impact

Applying Al-based Reinforcement Learning (RL) algorithms in route optimization improved fuel efficiency over the
classic heuristic approaches. In this study, RL-based routing recorded an impressive 22% saving of fuel on average, thus
indicating that logistics operations have benefited from Al. The strength of RL is that it can make agile decisions in real-time
as the determining factors are changing constantly: traffic, weather, and constraints. The RL algorithms differ from the
conventional heuristic techniques that use a set of predefined rules and fixed models because they learn from the environment,
adjust to new circumstances, and optimize the routes through actual data. This dynamic routing capability ensures that vehicles
are not subjected to traffic congestion, minimize idle time, and use the most fuel-efficient routes, thus substantially decreasing
the consumption of fuel. The traditional approaches to route planning are viable, but they frequently depend on static
assumptions and cannot be flexible due to sudden changes. For instance, if a sudden traffic jam or some adverse weather
condition, heuristic methods may not provide optimal on-the-spot rerouting advice and thus cause inefficiencies.

On the other hand, a system based on a continuous process of evaluation and reconfiguration of routes enables it to avoid
areas of traffic logjams, take notice of weather disturbances, and tailor performance to different operating environments. This
dynamic sort of flexibility is especially important in logistics and its applicability, where such issues as road congestion and
uneven condition of roads may vary throughout the day. Therefore, the 22% savings in fuel realized from the study were a
direct consequence of this ability to dynamically optimize routes, cutting the fuel consumed in each trip. The RL system has
exceeded the performance of the traditional approaches because it ensures more accurate, context-aware decisions, leading to a
cheaper operation and a more sustainable strategy for transportation. This is an example of the long-term benefits of RL-based
route optimization in lowering fuel costs and the efficiency of logistics networks overall.

4.3. Warehouse Energy Efficiency
Al also substantially affected warehouse operations, specifically regarding energy consumption. Using smart equipment
(e.g., lighting, HVAC systems, and forklifts) where artificial intelligence is used in scheduling, the system managed to reduce
the daily energy bills by 15%. Al was analyzing the usage patterns, forecasting peak periods for equipment activity, and
scheduling to reduce energy waste during off-peak hours. The fact that it was possible to automate energy management on a
real-time basis brought about massive cost savings and enhanced efficiency in energy utilization.
Table 1: Summary of Results

Metric Improvement
CO2 Emissions (kg/route) 30%
Fuel Usage (L) 22%
Energy Consumption (kWh/day) 15%

e CO2 Emissions (kg/route) — 30% Improvement: The Al-based optimization system cut the CO2 emission by 30%
for every route. This development resulted from better route planning, real-time adjustment according to traffic and
weather conditions, and fuel consumption optimization. The system reduced the carbon footprint in transportation
operations by reducing idling time and unnecessary detours. This shows Al's ability to dynamically reduce emissions
and promote more sustainable logistics practices.

o Fuel Usage (L) — 22% Improvement: 22% of fuel consumption was brought down by the integration of Al-based
Reinforcement Learning (RL) for route optimization. Unlike the old ways of doing things, the RL algorithms enabled
the system to conduct a continuous assessment of real-time factors, including the state of roads, traffic congestion,
and the performance of vehicles, and make the necessary modifications to routes. Such a dynamic approach ensured
that vehicles took the shortest routes; therefore, no delays were experienced, and fuel was conserved. Not only did the
decrease in fuel usage save costs, but it also decreased the general environmental impact.
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e Energy Consumption (kWh/day) — 15% Improvement: Al-powered smart scheduling has been one of the main
contributors to improved energy efficiency in warehouse operations, thus contributing to Kianitai and Kenwa
companies reducing their daily energy consumption by 15%. With analysis and forecasting of former usage patterns
and peak demand hours, Al optimized the functioning of different warehouse systems— light, HVAC, and forklifts- to
perform only when needed. This not only saves energy but also reduces the costs of electricity bills on off-peak
periods. The capability to automate energy management in real-time enabled the smoothing of the warehouse
operations, cut operational costs, and improve energy efficiency in general.
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Fig 5: Graph representing Summary of Results

4.4. Scalability and Real-Time Performance

A particularly distinctive aspect of the Al system used in logistics operations is scalability and real-time capabilities; they
are both important for operations with huge and dynamic transport networks. In this research, the Al system showed its
capability of efficiently scaling from 50 routes to 200 routes without much loss in performance. The system's scalability is
important in developing logistics companies or those that control large networks since it will not compromise the quality of
route optimisation or decisions even as capacity increases. The scalability without friction enables logistic companies to
increase their operations without losing efficiency and performance. The system’s ability to process real-time information is of
equal importance, implying that decisions being made in operations are based on the most current data. The Al system could
handle real-time updates within 3 seconds, which is very responsive against changing traffic conditions, weather, and
operational constraints.

Rapid response time is of major significance to logistic operations, given that things are always changing. For instance, if
a sudden road closure or unforeseen tailback in traffic emerges, the system can immediately re-route vehicles to reduce waiting
times and maximise fuel usage to ensure that logistics function smoothly and efficiently. In dynamic environments such as
logistics, making quick decisions is key to enhancing efficiency in operations and curbing costs. The ability of the Al system to
make on-the-spot adjustments is a competitive edge that allows logistic companies to respond effectively to interruptions,
customer satisfaction, and environmental degradation. All in all, the scalability and the ability of the system to work in real-
time mean that it will be a reasonable choice for large-scale logistics and will be

4.5. Limitations
Even though the implementation of Al produced promising outcomes, it had its drawbacks as the scope of the Al
implementation:

o High Initial Setup Cost: The setup cost of Al-based logistics bodies is very high. This is one of the major constraints
of implementing such logistics systems. The infusion of Al involves huge investments across different aspects
ranging from loT sensors to computational infrastructure and those that would go into building Al models of a
logistics orientation. These upfront costs can be significant, especially for Small And medium-sized enterprises
(SMEs) that might not have enough financial capabilities. Also, training costs, running costs for the systems and
ensuring that the equipment and the accompanying software run smoothly with the pre-existing logistics
infrastructure. Such upfront costs of Al technologies are prohibitive to many SMEs, despite the long-term benefits
like fuel savings and enhanced efficiency that they offer, compared to the costs.

e Dependence on High-Quality Data: Al algorithms, particularly those used for logistics optimization, require top-
notch inputs to make correct decisions. The quality of the data received by Al-based systems directly defines their
efficiency. Improper or insufficient data (for instance, flawed GPS readings, suboptimal fuel consumption records, or
unfinished weather information) may cause non-optimal decisions and compromise the capabilities of the Al to
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identify the best route, reduce or manage emissions, or increase the efficiency of the operations. Also, real-time data
flows from loT sensors should be trustworthy and updated; therefore, it is important to constantly monitor and control
quality. Erroneous data could lead to inefficient routing and more fuel consumption environmental benefits, thereby
cancelling the benefits of Al integration.

e Algorithmic Transparency: The other limitation is in the algorithmic transparency of many Al models, especially in
the case of deep learning and advanced reinforcement systems. These models tend to operate as “black-box” systems
whereby decision processes that such models use are not easily interpretable or comprehensible for human beings.
This transparency problem can be challenging, especially where compliance with regulations and accountability for
the decision is of great necessity. Logistics companies may have problems explaining or justifying the decisions of the
Al, especially when the actions to be taken have high environmental, financial, or safety implications. The lack of a
full explanation of how an Al system came to certain decisions can pose a significant barrier in regulated
environments, creating issues of trust and regulatory eyes along the lines of bias in decision-making.

5. Conclusion

The application of Al has proved to be a game-changer in reducing the carbon footprint and enhancing sustainability in the
case of logistic operations. Innovations in route optimization, energy management, and predictive maintenance provide Al-
powered systems with a dynamic and flexible way to reduce emissions and optimize the use of resources in real-time. Using
the machine learning algorithms and the real-time data delivered by the 10T sensors, Al systems can instantly change routes,
fuel consumption, and waste of energy, drastically reducing CO2 emissions, fuel consumption, and unnecessary wastage of
energy. Such abilities help to design more efficient eco-friendly logistics systems that reduce the cost of operation and assist
organizations in complying with strict laws on the environment and sustainability.

Nevertheless, the extensive use of Al in logistics does not only rely on technical developments; it also requires policy
incentives, cooperation in the industry, and public awareness to be in alignment. Governments and interested parties in
industries should come together to develop frameworks that would promote the adoption of Al while mitigating deficiencies
like data privacy, algorithmic transparency, and equity. Specifically, policy support can be used to minimize the high upfront
costs of adopting Al, thereby putting the technology within the reach of more businesses, such as small and medium-sized
enterprises.

In the future, the quality of algorithms Al should be further improved to bring more transparency to decision-making
clarity (especially in complicated and regulated fields). Incorporating blockchain technology can also assist in creating more
traceability and accountability, ensuring that emissions cuts are verifiable and auditable. Scaling pilot programs into real-world
testbeds will be important for testing these innovations in ways that will allow them to scale with global needs when it comes
to logistics. Owverall, though Al presents exciting prospects for transforming green logistics, its potential is realized with
continued refining of the technology while collaborating with other stakeholders and supporting policy frameworks.
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