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MANAGING CARBON FOOTPRINT IN GLOBAL
SUPPLY CHAINS: A DATA-DRIVEN STRATEGY
EMPLOYING AI ALGORITHMS

Gulshan Kumar Singh

ABSTRACT

The global scale of supply chains has grown significantly due to the growth of global
trade and industry. But for logistics operations like transportation, warehousing, and
manufacturing, carbon emissions are significant, posing serious environmental con-
cerns. Traditional carbon estimation methods tend to be based on fixed calculations
and historical data, which cannot cope with the varying circumstances of contemporary
supply chain systems.The study is dedicated to predicting carbon emission in Global
Supply Chains by means of Artificial Intelligence (Al) technique and optimization. Lo-
gistics data from transport records, GPS tracking systems, warehouse operations, and
energy usage data were analyzed using a prediction model based on a Transformer.
The model has been developed to enhance the ability to predict the amount of car-
bon emissions in various operational conditions.For improved supply chain planning,
the study also used two optimization techniques: Non-Dominated Sorting Genetic Al-
gorithm II (NSGA-II) and Multi-Objective Particle Swarm Optimization (MOPSO).
The following methods were used to balance transportation cost, service performance,
and carbon emission reduction. The developed system provided various solutions for

planning that enabled a joint discussion between costs and environmental impact.




The results indicated that the Al-based prediction model outperformed the traditional
methods in predicting carbon emissions. The optimization methods also assisted in
determining realistic logistics plans that are lower in emissions and have improved
operational performance. It is a valuable study for businesses looking to minimize
their environmental footprint without compromising the effectiveness of their supply
chain.In summary, the research underscores the potential of Al and optimization meth-
ods to contribute to sustainable and efficient global supply chain management amidst

growing environmental and regulatory challenges.

Keywords: Eco-friendly Logistics, Carbon Emission Reduction, Al Predictive Model,

Supply Chain Management, NSGA II Technique, MOPSO Technique
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CHAPTER 1

INTRODUCTION

1.1 General Introduction

Global supply chains have turned into one of the most critical elements of the cur-
rent industrial and economic system, [1, 2] now days. As globalization progresses,
the industries are dependent increasingly on international logistics networks to access
their raw materials and to manufacture and distribute their products, as well as to store
the products. These interlocking systems will contribute to an reliable operation and
reduced costs, while taking our production capabilities to world market.At the same
time, the globalisation of supply chains has brought about a marked jump in the pollu-
tion of harmful gases (GHG) , especially carbon dioxide (COz), because of transport,
warehousing, fuel use, keeping inventory, and certain industrial procedures . So, even

while the networks get more connected, the ecological cost goes up.

Logistics and transportation are among the primary contributors to global carbon pol-
lution, making them critical areas for green practices and carbon emission level reduc-
tion efforts [3, 4, 5]. The use of fossil fuel for freight transport on roads, railways,
airways and maritime transport contributes to environmental degradation and climate
change. Furthermore, the electricity usage of warehousing, cold storage, material han-
dling systems and large-scale industrial activities contributes clearly to the overall car-
bon emission level of supply chain activities. With the rapid growth of global trade,
carbon emission management is a major problem for industries, governments and en-

vironment agencies across the globe.




Existing approaches for carbon emission estimation are mostly tied to fixed emission
factors and historical averages, plus a kind of static mathematical treatment. Even if
these methods can give you a rough estimate, they often fail to mirror the moving,
uncertain behavior of today’s supply chain systems. In real time logistics, outcomes
depend on many things at once, like traffic congestion , different routing choices, fuel
usage that shifts along the way, weather swings , inventory oscillations, energy de-
mand, and random disruptions during operations. So in practice the usual linear fore-
casting strategies, and even many eco-friendly operation indicators, can end up being
not very reliable . Given these restrictions, artificial intelligence (Al) and machine
learning (ML) have emerged as viable solutions in the realm of eco-friendly supply
chain management (SCM). There’s all sorts of logistics and working data, and it has
hidden, non-linear patterns too, that AI models can unravel and then learn from to make
more accurate predictions. A number of Al techniques such as Neural Networks, Ran-
dom Forest, Gradient Boosting, and LSTM are employed for estimation of logistics

and carbon footprint in supply chain processes [6, 7].

The Transformer-based forecasting model is one of the newer, more popular Al tech-
niques playing the spotlight these days, and no offense, but it sure seems like it works
pretty darn well for high-dimensional sequences and it just has the ability to grab long-
term dependencies. While the Transformer architectures were first used with NLP,
they’ve become quite common these days, particularly for time-series forecasting,
with the advantage of being able to offer good prediction performance, and scaling up
nicely. In the real world, The models employ logistics information like GPS tracking,
transportation information, and warehouse data to project carbon dioxide emissions

and problems in the supply chain.

improvement is also a pretty crucial part of supply chain management, for eco-friendly
operation, like in a general sense. It’s kind of about how you streamline the whole flow

s0 less resources are wasted, and everything stays a bit more viable over time, even
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if it sounds simple at first. Many conflicting goals and requirements include working
cost minimization, carbon emission reduction, performance of deliveries and quality
of service. Standard improvement methods cneural Al modelot be applied to multi-
objective problems, and they can be bad at balancing the economic and environmental
dimensions of problems. As a consequence, Multi objective improvement algorithms
are getting more popular lately to reach Pareto fronts for greener logistics plneural Al
modeling,One of the well known algorithms is and also the Multi-Objective Particle
Swarm improvement (MOPSO). One point that often comes up is that it is a balancing
act and that one should be able to find those non-dominated answers without adding

needless complications.

Explainable Artificial Intelligence (XAI) is another significant Al system development
for supply chains. There are many machine learning models that are ‘black box’ mean-
ing that the process by which they make a decision is hard to understand. SHAP

(Shapley Additive Explanations) analysis has become a quite effective explainability




method, which determines the importance of every feature in the model prediction.
This information can therefore be used to analyze variables like inventory level, wait-
ing time, asset utilization, demand forecast, temperature, and transaction amount and

understand how these variables affect both carbon pollution and working performance.

As eco-friendly operation grows in importance, along with compliance with the En-
vironmental Social Governance (ESG) and international climate rules, The need for
smart carbon management systems keep getting stronger, kinda, year by year. Govern-
ments and global organisations are putting in place stricter carbon reporting systems,
while industries are putting money into greener logistics and low-carbon transport sys-
tems to hit their eco-friendly operation targets. And, in conclusion , bringing together
Al- driven forecasting, explainable analytics, and multi-objective improvement seems
like a solid way to build supply chain networks that are smarter, cleaner, and also more

resilient overall.

Thus, the research theme for this is to develop a hybrid Al solution for SF forecast-
ing and improvement along global supply chain. The suggested method combines a
Transformer-based forecasting method, ensemble learning with Random Forest, ex-
plainability with SHAP, and multi-objective improvement methods. The aim is to take
eco-friendly operation decision making forward and also to drive day to day working
efficiency. Finally, the study aims to support industries in implementing an smart plan-
ning support system that allows them to predict the carbon pollution with high accuracy

and select the optimal trade-off between economic and environmental objectives.

1.2 Research Gap Identification

After a thorough analysis of the relevant literature available on carbon emission level
management, artificial intelligence and eco-friendly global supply chain, the following

research gaps are identified. The motivation and foundation of the present study is the




gaps.

Carbon emissions prediction tools based on advanced Al techniques are yet to be put

into extensive use.

There is a shortage of Hybrid System Combining Forecasting.

Shortage of appropriate usage of Explainable Artificial Intelligence (XAL)).

Currently, there is no research that takes into account dynamic and real-time logistics

variables.

Not enough attention is placed on the cost and carbon trade off analysis, it feels
like a blind spot in the flow. combined Al learning for eco-friendly Supply Chain

Analytics, yes, but a bit limited in practice.

More smart, data driven planning support systems are also needed, especially when

things change.
The aim of the study is kind of to answer these questions:

The objective of this research can be outlined as the development of an intelligent and
environmentally friendly carbon emission management system through the utilization
of artificial intelligence in conjunction with various improvement techniques. This is
due to certain lacunas in the existing literature related to this field; thus, the developed
system will not only be theoretical, but it should be applicable as well. The objectives

of the current research are:

» To create an artificial intelligence predictive model of carbon emissions in global

supply chain processes.

» To conduct a study on the principal factors influencing carbon emissions, such as
transportation activity, inventory, waiting time, energy consumption and asset usage.

(8,9, 10].

+ To enhance accuracy of carbon emission prediction with Transformer-based and en-




semble machine learning models.

To investigate the effect of various operating parameters on carbon emission fore-

casting with Explainable Al (XAlI) methods..

To develop mathematical models of emission sources for transportation, warehous-

ing, handling and logistics.

To use the NSGA-II and MOPSO optimization technique to maximize cost efficiency

and minimize carbon emissions.

Compare the performance of various Al models like LSTM, MLP, Gradient Boost-

ing, and Random Forest based on RMSE, MAE, MAPE, R? evaluation metrics.

To create a data-driven planning system to assist industries in lowering emissions

and making decisions around supply chains.

1.3 Methodology

The approach of this research work is almost structured but data driven to develop an
smart system for forecasting and improvement of carbon emission level through the
global supply chain. In total, the trip involves collecting data, pre-processing the data,
generating features, forecasting them through an Al model, analyzing the forecasts

with understandable Al (XAl), and optimizing them with multi objective improvement.

We collect smart logistics and working data such as stock levels, waiting time, asset
usage, demand estimation, temperature, humidity, latitude, longitude data and even
user transaction data. After that, the information is pre-processed to boost data in-
tegrity and consistency, for instance, fixing missing values , normalizing the dataset,

and performing outlier spotting then removing those points.

Then the whole set is once again meticulously pre-processed and processed using data

preparation techniques to generate more meaningful indicators that can make a predic-
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Figure 1.2: The entire method scheme of the developed study is presented, which
reflects the sequence of data collection to improvement and support decision-making.




tion better from an working perspective as well as eco-friendly operation perspectives.
Machine learning and advanced Al learning models are then trained for forecasting

carbon emission.

To make the model more interpretable, the model was modified using SHAP (Shapley
Additive Explanations) analysis in order to gain a bit more insight into how each vari-
able affects carbon pollution and overall working efficiency. Moreover, multi objective
improvement techniques like NSGA-II and MOPSO lead to a kind of cost versus car-

bon compromise, and Pareto optimum eco-friendly logistics solutions, respectively.

In the end, the capability of the developed models is evaluated with RMSE, MAE,
MAPE and the R? score. Overall, the developed solution helps support smart yet eco-

friendly decision making for the global supply chain , too.




CHAPTER 2

LITERATURE REVIEW

2.1 Introduction

Supply chains consist of several interconnected activities including transportation, dis-
tribution, inventory management, warechousing, material handling etc. which have sig-
nificant GHG pollution. One of these pollution is C'C2 pollution resulting from fuel
use and energy-intensive transport activities and has become a significant contributor

to climate change and environmental degradation.

Company were Totally concerned about reducing their working costs and optimizing
the supply chain in the past.the increase in environmental laws and regulations, eco-
friendly operation and global climate commitments have begun to place an emphasis
on green and eco-friendly supply chain management throughout industries. Now, orga-
nizations are responsible for monitoring, measuring and reducing their carbon emission
levels in logistics and process activities. This has also created a need for more smart
data-driven carbon stewardship systems of like-kind. Previous studies of the develop-
ment of a carbon emission level were based primarily on classical mathematical model-
ing, statistical methods and emission factor methods. Those approaches provided only
a bit more limited estimation functionality - not the flexibility one needs in a dynamic
and uncertain supply chain environment. Well the traditional linear models don’t work
as well in today’s logistics environments because they fail to accurately account for
fluctuations in real-world carbon pollution, changes in fuel efficiency, weather varia-

tions, inventory variations, delivery delays, or multi-modal transportation.




10

The advancement of the technology of Al and ML seems to be pushing researchers to
more and more smart computational approaches for eco-friendly Supply Chain Man-
agement (SSCM). Models such as neural Al model, RE, GB, LSTM, and Transformer-
based architectures have in fact proven to be effective in forecasting, optimizing, and
even aiding in decision-making tasks in this space[l11, 12, 13]. They can ingest a
tremendous amount of logistics data, and be able to find that nonlinear relationship
between operations and results, so that the prediction is more accurate, particularly in

that kind of messy logistics environment.

More recently some research attempts to combine improvement algorithms with Al
forecasting tools, as people are looking for a compromise that still takes into account
both economic goals and environmental pressures. When the goal is to reduce the
carbon pollution while maintaining the same or similar working efficiency and service
quality, multi-objective improvement methods like NSGA-II and MOPSO is gaining
significant traction. The bottom line is that together they contribute to Pareto-optimal

solutions, but it can sometimes feel a bit different in each paper.

A newer research field that is gaining a large amount of momentum is Explainable
Artificial Intelligence (XAI), which serves to explain the decisions made by machine
learning systems, such as SHAP (SHapley Additive exPlanations). The application
of understandable Al will help enhance transparency and, in varying degrees of use-
fulness, enable individuals to understand how working inputs like inventory levels,
wait times, demand forecasting and asset utilization ultimately contribute to the car-

bon emission forecasting outcomes, and the eco-friendly operation side effects.

For this reason, the previous studies in this chapter is summarized throughout the car-
bon emission level management, eco-friendly supply chain systems, machine learn-
ing applications, understandable Al methods and improvement methodologies. This
previous studies can be used to identify gaps in existing research. It also gives the

groundwork for the design of the developed Al based eco-friendly global supply chain




management (SCM) system. That is, it is the foundation for development, and for

determining what the next research steps should be.

2.2 Bibliometric Analysis

Bibliometric analysis is a scientific technique that can assist in the estimation of re-
search trends, publication growth, significant keywords and even technological ad-
vances in a particular research field [14, 15]. The current study uses bibliometric
analysis to gain a more accurate perspective of the current state of research in car-
bon emission level management, eco-friendly supply chain, and the application of Al

and ML in logistics systems.

The literature was collected from scientific databases including ScienceDirect, Google
Scholar and Scopus. This was achieved by conducting queries on topics such as carbon

emission level Management, eco-friendly Supply Chain, ML, Al, TF and MOOP.

results indicates an overall growth in literature over the last years, especially for eco-
friendly logistics and Al-enabled carbon management, after 2018. eco-friendly opera-
tion, carbon pollution, forecasting, optimisation, logistics and machine learning are all
recurring themes, as described. The study also points to a rising attention towards more
sophisticated Al approaches, like advanced Al learning , combined Al learning and un-

derstandable Al, mainly to enhance supply chain eco-friendly operation [14, 15].

Moreover, it can be observed that much of the research has been conducted indepen-
dently either on emission forecasting or on logistics optimisation and only a few studies
consider both forecasting and explainability and optimisation. So, in the present study,
itis planned to fill these gaps, by developing an Al-integrated solution in the supply

chain management of the global supply chain.
The keywords, along with the related papers for 2015-2025, are given below:

bibliometric analysis reveals a high and noticeable increase in research on the topic of




Bibliometric analysis words are listed below.
While counting papers for the bibliometric analysis, keywords are used.

S. No. | Leading words in literature search No. of Papers
1 carbon emission level Management” AND *“Supply 142
Chain”.carbon emission level Management” AND “Sup-
ply Chain”
2 Al + eco-friendly Logistics” is a weekly column dedi- 118
cated to eco-friendly logistics and artificial intelligence
for the benefit of the global freight transport industry.
3 Machine Learning" intersects with "Carbon Emission 96
Forecasting. The following terms intersect: “Machine
Learning” AND “Carbon Emission Forecasting”.
4 sequence prediction model AND Supply Chain Forecast- 41
ing
5 Logistics eco-friendly operation”.Multi-objective im- 73
provement” AND "Logistics eco-friendly operation”.
6 “NSGA-II" AND “Carbon Reduction” 38
7 MOPSO, supply chain improvement 29
8 understandable AI” AND “Logistics” 24
9 “feature impact analysis” AND “Machine Learning” 31
10 “Green Supply Chain Management” AND “Al” 87

eco-friendly Supply Chain Management and, with this, the Al based carbon emission
level analysis. A quick look at the compound annual growth rate (CAGR) suggests
that the entire research sphere of eco-friendly operation, machine learning and smart
logistics systems has been growing in the global interest for the last year, with a CAGR
of 31.39%. Additionally, with an average of 8.094 citations per document, this stream
appears to be growing more and more relevant to the academic world and has a high

research impact as well.

So the findings from this bibliometric study about eco-friendly supply chain manage-
ment and the forecasting of carbon emission level are kind of summarized below. The
analysis really works with 928 authors, and 265 research documents pulled from differ-
ent scientific databases. It also suggests an international co-authorship rate of 21.6%,
which is sort of a sign that the world is increasingly collaborating on research in this

field of Al, eco-friendly logistics and managing carbon pollution.




This is a sample of information about a bibliometric study for eco-friendly Supply
Chain and carbon emission level Management.

Description Results
The following is the main information

about the data:

Timespan 2015:2025
Sources (Journals, Books, etc) 215
Documents 265
Annual Growth Rate % 31.39

Calculate Average Age of Document
(years)

Average Age of 2.8 Years

Average citations/ doc 8.094
References 11,250
Inside the Documents

Keywords Plus (ID) 1,485
Author’s Keywords (DE) 792
Authors

Authors 928
Single authored docs 18
How Authors Collaborate

Single-authored docs 22
Co-Authors per Doc 3.54
International co-authorships % 21.6
Types of Documents

Article 21.6
Article conference paper 112
Book 18
Book chapter 26
Conference paper 101
Conference paper book 2
Conference review 3
Editorial 3
Review 18
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Overall, the bibliometric output indicates that there is increasing interest in the use of

forecasting and improvement methods based on Al within these eco-friendly global

supply chain systems at least according to the results of this study.

2015:

Documents Annual Growth Rate
31.39%

Authors of single-authored docs

Document Average Age Average citations per doc

Figure 2.1: eco-friendly Supply Chain and carbon emission level Forecasting.

Author's Keywords (DE)
834

The figure below shows the annual production of paper per year, which is increasing

every year with an increase of 109 from 49 in 2024 and this progression continues over

time.
Annual Pr ion Per Year in i le Supply Chain Research
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Figure 2.2: Annual production per year in carbon emission level forecasting research.

The most frequent keywords retrieved from the literature based on the keywords of the
study on eco-friendly scm and carbon forecasting are represented in the figure below.

The most cited papers contained the word “forecasting,” after that the papers cited
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with the word "SCM,” "ML,” "TSE" and "advanced Al learning,” respectively. The
analysis highlights that recent research has been predominantly focused on forecasting,
eco-friendly operation, logistics improvement, and smart supply chain systems, with

Al playing a significant role in these areas.
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The co occurrence network of major keywords, obtained with the VOSviewer software,

» e " .

is shown below. The key terms “forecasting,” “supply chain management,” “machine

T LI

learning,” “time series forecasting,” “advanced Al learning,” and “carbon emission
level” look tightly linked , so it seems like there’s a clear attention on forecasting and

supply chain management, but with Al involved as a kind of catalyst.
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2.2.1 carbon emission level forecasting, and Supply Chain Analy-

sis using Statistical methods

For a long time working trends and the possible future outcomes have been studied
with traditional statistical tools in supply chain management, and in carbon emission
forecast too. The commonly used and widely applied time series prediction models
include AutoRegressive Integrated Moving Average (ARIMA), and Seasonal AutoRe-
gressive Integrated Moving Average (SARIMA). They are commonly chosen due to

their simplicity, interpretability, and their forecasting power is still fairly good [16].

The logistics data also has a seasonal pattern, and may have some slow trend, such as
transportation demand, inventory shift, fuel burn, and warehouse energy use; in these
cases, SARIMA models prove to be a particularly good fit. They can be helpful for
forecasting repetition of cycles in the short-term, and provide support in supply chain

planning, or even eco-friendly operation analysis[7, 6].

In addition to SARIMA, other frequently-used forecasting methods for logistics de-
mand and normal daily operations of a business are exponential smoothing techniques.
Consider Simple Exponential Smoothing, Holt’s and Holt-Winters models. These
techniques are based on weights that decrease by an exponential factor, making them
effective when the underlying signal is moderately changing, but otherwise fairly reg-
ular in time. They are also easy to implement and computationally reliable; you will

find them in many working forecasting pipelines, all the time.

Other essential forecasting tools, which are applied in SC analytics, are statistical mod-
els based on regression. Regression techniques are used to study the relation of the
dependent variables (e.g., CO2 pollution) with the independent working factors (e.g.,
transport distance, inventory, waiting time, energy consumption and energy demand
variability). In addition, some external factors, such as weather, fuel prices and work-

ing disturbances will be incorporated into the multiple regression models to further




enhance the accuracy of the forecasts, just a little more than before.

Although traditional statistical methods have benefits, they do have certain limitations
in today’s world global supply chain systems. They are not as effective as modelling
high order or non-linear relationships, and working uncertainties in real life logistics
situations. Moreover, statistical tools are not well suited to rapidly evolving industrial
and environmental conditions and typically rely on the assumption of stationarity of

the behaviour of data.

To address these challenges, cutting-edge Al and machine learning technologies are be-
ing implemented in more and more eco-friendly supply chain forecasting applications[17,
18]. Traditional statistical models remain useful baseline methods and benchmarks for

assessing the performance of the modern Al-based prediction models, though.

2.3 The statistical approaches to carbon emission pre-
dictions

Earlier, the traditional statistical approaches are widely applied in forecasting and anal-
ysis systems for supply chain settings and carbon emission management systems. Most
frequently, people lean on time series forecasting systems. Because they stay simple,
reasonably interpretable , and they still have strong predictive capability. These models
also tend to fit well when you're looking at seasonal plus shifting patterns in logistics
records, like the transportation demand, fuel consumption, energy use inside ware-

houses, inventory variations ,and similar working traces.

SARIMA models can be useful for the supply chain data which exhibits repeating
seasonal patterns and operating trends. SARIMA models have been used to forecast
the energy demand, transportation activities, and emission trends for logistics systems.
Likewise, the Simple Exponential Smoothing, Holt’s Method and Holt-Winters mod-

els are common working forecasting methods since they give more weight to recent




information and are less complex to compute.

Regression-based statistical models are used for analyzing carbon pollution. Mod-
els such as this help in forming relationships between a dependent variable (such as
carbon pollution) and other independent working factors (transportation distance, in-
ventory level, energy consumption, fuel consumption and waiting time). Additional
external variables (weather, traffic congestion and working problems) are incorporated

into multiple regression models in order to improve forecasting ability.

Although traditional statistical methods can provide effective forecasts, modern global
supply chain systems pose a number of constraints. These models are inadequate at
describing the non-linear relationship and dynamic working uncertainty present in real-
world logistics scenarios. Most statistical models are also based on stationary data,
which does not lend itself to flexible prediction in the face of changing supply chain

times.

To overcome these challenges, Al and M1 technologies are becoming a widely-used
solution for carbon emission level forecasting, as well as eco-friendly scm. Despite
this, statistical forecasting techniques continue to be significant reference methods to

compare and assess the capabilities of state-of-the-art Al-powered forecasting systems.

2.3.1 Carbon Emission Forecasting: Feature Engineering

The data preparation plays a fundamental part in improving the predictive accuracy
and model interpretability of the Al and ML forecasting systems, particularly for eco-
friendly supply chain management and carbon emission level analysis. data prepa-
ration is the procedure to transform raw Logistics and Operations (LogOps) data to
useful features that enhance the predictive performance of the prediction models. data
preparation is a significant component in building a machine learning model that can
detect complex relationships, working patterns, and environmental variables present in

supply chain systems.
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Among the important categories of engineered features used for carbon emission fore-
casting are those of temporal nature. The prediction models can use them to detect
patterns in terms of similar operating cycles, as well as relationships in terms of longer
cycles of operation. These include transportation demand, movements in the inventory,
fuel consumption, and even energy used at the warehouse. These types of features are

built through the use of lag-based features.

the warehouse-can allow prediction models to identify typical patterns occurring in day
to day operations as well as longer term trends. Due to these qualities, the forecast-
ing system gains context to effectively interpret time-varying patterns of eco-friendly

operation and transient fluctuations typical to LogOps.

The other common features used in forecasting systems are rolling window statistics
(like rolling standard deviation, maximum and minimum values). These features help
mitigate the short term variance effects and represent information of longer term na-
ture. The Rolling features have a specific benefit in assessing transportation and inven-

tory variability, and steady working dynamics.

The growth-oriented aspects are also an important part of data preparation. This sort
of feature assists the prediction models to assess the direction and pace of changes in

the supply chain operations from a perspective of pollution output.

The interaction features of multiple working factors can be introduced to further strengthen

the predictive power of a ML system[19, 20]. The most typical ones include interaction
features between transport distance and fuel consumption, between inventory level and
demand level, and between energy consumption in a warechouse and assets. With these
features, machine learning models will be able to detect nonlinear relationships and

working dependencies.

Environmental and geographical data are also significant to predict carbon pollution.

Context information such as traffic conditions, latitude, longitude, humidity and tem-
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perature gives clues on efficiency of operations and transportation related pollution.
By feeding environmental features into the Al forecasting system the system becomes

somewhat more accurate, and slightly more reliable over time.

The pre-processing and encoding of the working data, in order to make them suitable
for use with machine learning algorithms, is also an important task of data preparation.
Especially the categorization features of transportation means, warehouse types and
working classification have to be properly coded in order for the machine learning

models to train.

The statistical evaluation of the engineered features, in terms of how relevant are the
created features in the prediction of carbon pollution is another critical part. The corre-
lation analysis, as well as understandable Al approaches, such as SHAP, can be used in
order to analyze the impact of each engineered feature on the prediction of carbon pol-
lution and thereby selecting those, which will eventually be utilized in the forecasting

system.

The overall effect of data preparation is that it enables better accuracy, better explain-
ability, and better stability in Al-based carbon emission forecasting and supports de-
cision making for eco-friendly supply chain management. These features are used in

eco-friendly supply chain management but also related applications in other fields.

In recent years, artificial intelligence and forecasting techniques have been increas-
ingly utilized across different industries, and eco-friendly supply chain management
(SSCM) is among them. In the transportation sector, Al technology has been applied
in forecasting and improvement; for warehousing and inventory management, as well

as energy forecasting and carbon emission level analysis among others.
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prediction models can be applied to logistics and transportation systems to predict fuel
usage, transportation demand, optimize routes, and calculate carbon pollution. Good
forecasting can lower the amount of fuel used, optimize delivery schedules, and lower
environmental impact[16]. The incorporation of machine learning and improvement
methods enhances eco-friendly transportation planning by optimizing routes and man-

aging resources.

Forecasting techniques are also used in warehouse and inventory management systems
to optimize operations and minimize energy usage. Predicting inventory flow, space
usage, and warehouse demand can minimize losses and reliable resource allocation.
Al models can aid in optimizing inventory, minimizing transportation and storage pol-

lution.

Another area of application is energy and environmental forecasting. Al models are
extensively applied in predicting electricity demand, industrial energy usage and green-
house gas pollution. These forecasting tools can aid industries in tracking environmen-
tal performance and adjusting their working practices towards a lower carbon emission

level.

In the manufacturing sector, prediction models can, sorta help with production plan-
ning supply chain management and optimizing operations. Machine learning algo-
rithms are used in detecting patterns within industrial operations and also for making
improved decisions meant to enhance eco-friendly operation. Kinda similarly to above,
combined Al learning and advanced Al learning models get used a lot in predictive
maintenance, operation risk assessment, and for smart logistic planning, though the

details vary by case.

The inclusion of Explainable Artificial Intelligence XAl, and feature impact analysis
in industrial forecasting systems has been seen in recent studies too, and people report
clearer insight into why the models decide things the way they do. Such approaches en-

hance the transparency of the model and enable organisations to understand the factors
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that have a significant impact on carbon pollution and eco-friendly operation.

These examples, powered by Al forecastings, improvement techniques, and eco-friendly
operating plan, indicate how smart planning support systems play a crucial role in the
global supply chains. The developed applications prove the strength of Al for design-

ing more eco-friendly, reliable, smart, and so on, industrial and logistic systems.

2.3.2 Related Works

The table below summarizes major scientific works from 2018 to 2024 focusing on
carbon emission level forecasting, eco-friendly supply chain management, Ai, and
improvement algorithms. The conducted studies essentially integrate M1, advanced
Al learning (DL) techniques with improvement algorithms and present a number of
findings. Typically, in ML/DL approaches for time-series forecasting, prediction per-
formance are usually evaluated using Root Mean Square Error (RMSE), Mean Abso-
lute Error (MAE) and Mean Absolute Percentage Error (MAPE). Additionally, the R
coreliable, otherwise named determination coreliable, is frequently reported since it
can describe how well the fitted model representates the observations. Higher value

close to 1 reveals a better fit.

Here’s a rewritten version:

2.3.3 challenges

Although Al and eco-friendly supply chain forecasting systems have made great strides,
there are still some challenges in carbon emission level management and working eco-
friendly operation analysis. Global logistics networks are becoming increasingly com-
plex, and the working conditions are changing as well as the environment, which con-
tinues to pose challenges to the development of highly accurate and reliable forecasting

systems.
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Table 2.1: Summary of Previous Work

Publication Year | Domain \ Key Contributions Ensemble
Huang and Mao 7024 | eco-friendly Sup- | CNN, improvement | Developed an AL based carbon emis- Yes
ply Chain via random search sion prediction system for global sup-
ply chains and enhanced the accuracy

of eco-friendly operation decisions.
Zhan et al. 2020 | Carbon  Footprint | Graph  Neural Net- | Proposed a stacked carbon estimation No
Management work, GNN methodology for analyzing pollution
within complex supply chain graphs.
Bhattacharya et al 2014 | Logistics and | Data mining, mixed | Integrated traffic forecasting with inter- No
Transportation integer programming maodal improvement, to reduce logisti-
cal delays and carbon pollution
Sachan 2024 | cco-friendly Logis- | Melaheuristic im- | Identified optimal logistical configura- Yes
ties provement algorithms | tion designs that balance daily opera-

tions with long term resilience to cli-
male shocks.

Kelle etal 2019 | Green Supply | Machine learning im- | Demonstrated that AT driven planning Yes
Chain provement can significantly decrease transporta-
tion related carbon pollution.
Emumi Javanmard | 2023 | Energy and Supply | Machine leamning | Constructed an improvement-oriented Yes
and Ghaderi Chain Forecasting | models forecasting framework for ing

energy demand and eco-friendly oper-
alion IMpact 4CTOss VATIOUS seclors.

Joseph et al 2022 | smart Forecasting | CNN + bi-directional | Reported improved forecasting ac- Yes
Systems LSTM curacy by implementing a hybrid
advanced Al leaming  architec-
wre  supporting  working  prediction

systems|[21]
Manandhar et al 2024 | Energy Load Fore- | Prophet, Random For- | Their work compured various predic- Yes
casting est, LSTM tion models and highlighted the ben-
efits of ensemble and deep leaming
approaches|22]

Data quality and availability are still the great challenges for eco-friendly supply chain
analysis. Logistics data in real world can be missing, inconsistent records, noisy sen-
sor data, and different data formats from various transportation and warehouse systems.
These problems cause low accuracy of the forecasting process, and they impact the sta-
bility of machine learning models. More research is needed to address the challenges
of working data quality through advanced cleaning, automated data cleaning and smart

data integration systems.

Another key hurdle with Al-driven eco-friendly operation systems is scalability. Mas-
sive amounts of working and environmental data are created in large-scale, global sup-
ply chains from transportation, warehousing and enterprise systems as well as [oT sen-
sors. With the huge count of dimensions and objects sitting in these datasets, getting
machine learning and advanced Al learning models trained becomes pretty computing

intensive, and honestly a bit time consuming too. The next steps could involve fur-
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ther advancements in distributed computing, cloud-based Al models, and optimizing

algorithm implementations to manage vast amounts of logistics data.

The incorporation of a variety of working and environmental parameters is also a diffi-
cult task. Traffic congestion, fuel efficiency, weather, energy, inventory variation, and
transportation delays are variable elements that interact in a dynamic manner within
a supply chain system. Forecasting methods are not suitable to establish reliable re-
lationships between these heterogeneous variables. Advanced feature fusion, transfer
learning, and hybrid Al systems can be explored for enhanced model reliableness and

forecasting in future research [23].

In many advanced advanced Al learning models, the system is a black box’ and it is
challenging for industries to understand why the model is making a prediction or im-
provement decision. While there are some effective XAl methods like feature impact

analysis that offer some degree of interpretability.

Forecasting systems are also further challenged by dynamic conditions of operation,
and rapidly changing logistics environments. Supply chain behavior is constantly influ-
enced by transportation disruptions, volatility of demand, geopolitical issues, climate
variability and energy price changes. The traditional prediction models often fail to ad-
just to the changing working situation. Future Al forecasting systems can be designed
to include adaptive learning, real-time analytics, and reinforcement learning methods,

which will enhance flexibility and responsiveness.

Another promising future research direction is to put forecasting, improvement, and
planning support systems together, like into one coherent smart system, kinda as a
single engine. In more and more industries, they are asking for systems that can at
the same time forecast carbon pollution, tune and optimize their working strategies,
and help people make eco-friendly choices. Possible future research can, for example,
involve combining Artificial Intelligence with Digital Twins, 10T, Blockchain, plus real

time eco-friendly operation monitoring, so that you can build fully autonomous green
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supply chain systems.

Also, smart forecasting and improvement systems that help firms comply with inter-
national carbon reduction policies and Environmental, Social and Governance ESG

requirements will keep evolving.
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CHAPTER 3

METHODOLOGY

3.1 Introduction

The central aim of this research is the development of an smart and eco-friendly sys-
tem designed to predict and optimize the carbon emission level across a global supply
chain system using Al and machine learning techniques, what you can imagine like a
loop that close. This work explores a wide range of advanced Al learning and machine
learning algorithms, in terms of carbon emission forecasting and working environmen-
tal performance in the logistics network. This work examines whether the ensemble
techniques results in better forecasting performance than the old way, using single

models that were not so complex to be used.

The developed method involves various steps including: Data collection, cleaning, sta-
tistical analysis, data preparation, machine learning models building, understandable
Al and then improvement and performance validation of models. The smart logistics
and working logistics data were applied for analysis of transportation activities, in-
ventory control, environmental status and warehouse operations impact over carbon

emission and working eco-friendly operation level of logistics network.

The method also explores more advanced prediction models, such as LSTM, MLP and
Transformer-based forecasting system, Random Forest, and Gradient Boosting[24]. In
this proposal, explainable Artificial Intelligence methods (like feature impact analysis)
were employed for making the models interpretable, while multi-objective improve-

ment algorithms (like NSGA-1I and MOPSO) were used to attain an optimal trade-off
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between working cost and carbon emission performance of the system. It is for more

eco-friendly logistics operation than relying on one metric at a time.

An end-to-end methodological system was leveraged for the present study in order
to propose a structured pathway for the construction of an smart system for forecast-
ing carbon emission level, optimizing operations, and informing eco-friendly decision

making throughout the entire supply chain system.

3.2 Data Collection and cleaning

A smart logistics and working logistics dataset was used in this work. It comprised
numerous features relating to transportation segments, warehouse management, inven-
tory management, environmental factors, and transaction records. The dataset also
contains relevant working information, such as inventory levels, waiting time, asset
utilization, traffic related features, longitude, latitude, temperature, humidity and over-
all volume of user transactions. The features chosen for analysis directly represent the

variables that effect the performance of logistics network and carbon emission levels.

The relevant statistical data was imported into the Python platform with the use of
analysis library like Pandas and NumPy for further statistical analysis and cleaning of
the data. In a real-world logistics dataset, there are usually a lot of errors and incom-
plete data which can have detrimental effects over the overall model and the prediction

accuracy; thus the data cleaning stage is critical for successful model construction.

cleaning includes:

Data Import

The collected data is first imported into the Python platform for further manipulation

and analysis; in other words, for using it to build the forecasting model.
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Missing Value Detection

The next task is to find the missing or null data within the data set which are identified
for their potential adverse effects on the model’s performance and predictive accuracy.
Different techniques are utilized for handling and filling these missing values so as to

achieve data set completeness.

3.3 Data normalization and Data Scaling

working data will be normalized and scaled for consistency and stability of the model.

Identification of Outliers

To increase forecast quality and dependability, outliers found in transportation, inven-

tory, and operations records will be found and eliminated.

Transforming Features

In order to feed working data variables into ML/DL models, they will be converted

into an appropriate numerical form.

In pre-processing, the stage ensures data quality, leading to reliable and accurate pre-

dictions from the developed Al-based forecasting system.

3.3.1 Statistical analysis and Exploratory data analysis

The procedure of statistical analysis and exploratory data analysis is outlined as follow.

The statistical analysis and exploratory data analysis are given below.

The data will be subjected to statistical analysis to better understand operation pat-
terns and interactions between variables affecting carbon pollution within the supply
chain. EDA will be employed to find patterns, seasonality, feature distribution and

interrelationships among the logistics dataset’s operations. This analysis includes:




30

* Analysis of stock distribution. Analyze working transport and transaction variance;

consider the variance of transport and transaction operations.
» working variable correlations will be studied as per usual convention.
* Tabulated data for a clearer picture.
» working trends will be visualized in a cleaner presentation form.

The data will be visualized using histograms, scatter plots, heatmaps, box plots and
other graphs in an effort to identify meaningful working patterns. Statistical analysis is

vital for data preparation and selection of crucial variables predicting carbon pollution.

3.4 Feature Engineering

This research will also include data preparation which is important for turning raw

working data into insightful features to increase prediction accuracy. systems[19].

Lag Features

Lag features will be developed by using past working information, such as transporta-
tion demand, inventory movements, and transaction volumes, in order to analyze short

and long term temporal dependence and pattern in operations|25].

Rolling Window Features

To track overall working trends and variations within the logistic system,rolling op-
erations likerolling meanaandrolling standard deviationwill be developed by various
rolling window. Rolling window analysis would also aid in smoothing out the fluctua-

tions in the operations data to develop a more stable and consistent prediction model.
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Growth Features

Growth features will be designed to capture daily trends of working activities across
different time frames, considering fluctuations in the transportation sector, inventory
growth and the intensity of the operation, among others. The growth features allow
machine learning models to identity emerging eco-friendly operation trends in a supply

chain network, both positive and negative.

Interaction Features

Interaction features will be formulated through the combination of various working
features; for example, transportation-distance interaction, inventory-demand interac-
tion and warehouse-energy interaction to increase the capability of ML models in ex-

tracting complex and non-linear patterns and trends affecting carbon pollution.

3.4.1 Environmental and Geographical Features

Apart from working features, environmental (temperature, humidity etc.) and geo-
graphical (latitude and longitude etc.) features will be taken into consideration to in-
corporate the environmental factors impacting the transport efficiency and also the

overall energy utilization within operations.

3.5 Machine learning and advanced Al learning mod-
els

Various ML and DL models will be evaluated for forecasting carbon emission level
and also for analyzing the system eco-friendly operation[26, 27, 28]. The selected ML
and DL models that would be employed in this analysis are mainly a combination of

tree based models and neural network architectures, namely:
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Random Forest Regressor The prediction task would be handled by Gradient Boost-

ing Regressor. The use of Gradient Boosting Regressor for prediction is selected.

XGBoost

LightGBM

CatBoost

Multi-Layer Perceptron (MLP)

LSTM A forecasting method using sequence prediction model has been developed,

a transformer based forecasting model is developed once again.

These models were selected due to their ability to process high-dimensional logistics
data, deal with working uncertainties and their capacity to detect complex, nonlinear

trends in the operation[29, 30].

3.5.1 combined Al learning Framework

Our research relies on the approach of combined Al learning, a method where multiple
models are combined together in order to get better forecast accuracy and also make the
model’s behavior steadier[31, 32, 33, 20]. Ensemble method allows taking advantage
of the strengths that models offer, and avoid a lot of the problems derived from the

usage of a single forecasting model.

The ensemble system involves the usage of these components:
* Random Forest

* Gradient Boosting

* XGBoost

» LightGBM

* CatBoost
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These models output some results which are combined by the meta-learning mecha-

nism to obtain the final forecasts[32].

3.5.2 Artificial Neural Network (neural AI model)

The Artificial Neural Network (neural Al model) is applied in this research as the
advanced Al learning forecasting mechanism. The neural Al models in the developed
system are composed by many internal layers, thus can learn effectively the non-linear

and complicated relation among the operation and carbon pollution, quite well.
Our neural Al model is a system built with many components; these are:

* Multi-layered structure-meaning the network is composed of various hidden layers

nested in one another.

Machine learning models for pattern discovery in data-driven manner.

Non-linear activation functions-modeling non-linear behavior patterns, and non-linear

associations with operation attributes.

Dropout regularization-stabilizing the training phase of neural Al models, and low-

ering down the generalization error.

Early stopping mechanism-this is to prevent over-fitting, since training is stopped

when improvement is no longer possible.

L2 regularization-This method makes the weights within an neural Al model more

controlled, by adding a quadratic penalty.

So, an neural Al model is able to improve the learning capability; it turned out to be a

very good approach in high dimension logistics forecasting[21], and also in practice.
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3.5.3 Transformer-Based Forecasting

Our inclusion of transformers in this research is quite direct; these models can work
well with sequences like working data with time-series important parts. The sequence
prediction model is the first application using attention-based learning, so it could iden-
tify dependencies and operation relations in the logistics data in a higher time span.
Therefore, forecasting is rendered accurate, especially with complicated and dynamic

supply chain settings, in the case when configurations change.

3.6 understandable Al (XAI)

This study adopts the method of EAI (Explainable Artificial Intelligence) techniques
applying SHAP (SHapley Additive exPlanations) analysis to allow the model to be as
interpretable and clear as possible. feature impact analysis enables identifying what
each working variable contributes to the forecasts and environmental performance of

the model.

The SHAP system could analyze the contributions of all factors, such as:
* Inventory Level

* Waiting Time Calculate and quantify the volume of each transaction.

+ Asset Utilization

* Temperature

* Humidity

* Transportation Parameters

This transparency mechanism could improve trust among stakeholders and contribute

to smart decision making to improve eco-friendly operation.
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3.7 Multi-Objective improvement

This study employed multi-objective improvement approach so that the project may
attain a good compromise solution between working efficiency and environmental eco-
friendly operation. Practically, the two optimizing algorithms were employed to inter-

act within the decision space; they are:

1 - Non Dominated Sorting Genetic Algorithm II (NSGA-1I) Multi-Objective Parti-

cle Swarm improvement (MOPSO)

The task that we are going to perform in this project is to minimize those targets as

follows:

» working Cost

» Carbon pollution,

* Transportation Inefficiencies
* Energy Consumption

And to maximize the environmental performance, and logistics efficiency as well.

3.8 Performance Evaluation Metrics

Root Mean Square Error (RMSE)

RMSE quantifies the difference between forecast values and observed values. If the
forecast values tend to cluster closely around the observed ones, the RMSE is lower

and the forecast is better.

1
= — i = 1™(yi — )2
RMSE = . E i =1"yi — ) (3.1
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Mean Absolute Error (MAE)

MAE calculates the average magnitude of all the errors in a set of forecasts; i.e., it
takes the absolute value of each forecast and observes the difference with the observed

value and then calculate their average.

1
MAE = =5 i = 1"yi — i 3.2
= i=1"lyi— (3.2)

Mean Absolute Percentage Error (MAPE) The accuracy of a forecast may be measured
using the MAPE calculation; it shows the mean error in percentage terms, i.e. Average
of differences between forecasted value and observed value, scaled by the observed

value in percentage term.

1
MAPE = — i=1" 100% 3.3
- i % 100% (3.3)

yi — §ji
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The coefficient of determination (R?) is another model performance assessment that
could be utilized. When the points of the forecast data and real data come closer, R? is

increased, so if R tends to approach 1, model performance is regarded as higher.

i = 1(yi — i)
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(3.4)
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CHAPTER 4

RESULTS AND DISCUSSION

4.1 Introduction

This chapter presents the results obtained from the performed experiments and the
detailed discussion of the Ai-based system to forecast carbon emission level and opti-
mize supply chains eco-friendly operation. In summary, the aim of the analysis is to
verify the prediction capabilities of various machine learning, advanced Al learning,
and combined Al learning models in smart logistics and working data, and to high-
light the successful application of data preparation, XAl and improvement. The input
features for the machine learning models were carefully selected, after Exploratory
statistical analysis and data preparation were conducted, to establish working inter-
relationships between transportation, inventory, warehouse operations, environment
factors and carbon pollution. The models used time lag variables, rolling statistics,
interaction terms, trend, growth variables and the inputs of working metrics to make
predictions on the carbon pollution. Various machine learning, advanced Al learn-
ing and combined Al learning models were assessed and compared based on metrics
of RMSE, MAE, MAPE and R? score such as Random Forest, Gradient Boosting,
XGBoost, LightGBM, CatBoost, neural Al model, LSTM, Transformer-based models
and the developed combined Al learning system to forecast the working and environ-
mental data to analyze their applicability to the eco-friendly logistics environment. A
contrast of individual ML models and the ensemble model were given to prove the

effectiveness and efficiency of the ensemble model in the eco-friendly transport activi-
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ties prediction. We also utilized Explainable Artificial Intelligence in particular SHAP
method, to reveal the relationships between the working and environmental inputs and
their direct influences to carbon pollution and eco-friendly operation. Then, improve-
ment algorithms, NSGA-1I and MOPSO, were performed to identify the ideal levels
for operations, so that we achieve our eco-friendly working goals which are minimum
operation cost and reduced carbon pollution. In the end, different ML, DL and ensem-
ble approaches for forecasting and improvement algorithms are compared to analyze
the efficiency of the chosen system for the management of smart carbon emission lev-
els in globally eco-friendly supply chains.Overall, extensive experimental evidence for
the developed system for eco-friendly operation and for "smart" prediction and im-
provement in the era of Al is shown and explained, so that the applicability of such

techniques are successfully demonstrated for the existing supply chain systems.

4.2 EDA and interpretation of features

Before forecasting and improvement model building, we analyzed how the smart lo-
gistics dataset is operated and eco-friendly operation trends. In general, EDA was
performed to have a clear view of the working and eco-friendly operation attributes
of the logistics data before we analyze and forecast using ML models. In the EDA
process, hidden working trends were identified, and the distribution and correlation
between the logistics and carbon pollution data were also understood. Distribution by
histogram was observed for the logistics inventory levels; most of the operation loca-
tions maintained fairly even levels of stock, with moderate fluctuations in inventory
movements. Also, working relationships were observed between logistics processes;
especially between variables of transportation and transaction. Environmental vari-
ables (temperature and humidity) had a moderate impact on transport activities and
energy consumption; correlations were also made between transportation distance and

waiting time and amount of transaction and generation of carbon pollution. The appli-




39

cation of data preparation had clearly enhanced the prediction capability of the models
as it highlighted existing working connections and unexplained eco-friendly operation

issues in the data.

4.3 understandable AI Analysis using SHAP

In order to demonstrate the transparency and understandability of the developed fore-
casting system, the SHAP (SHapley Additive exPlanations) analysis was performed.
The analysis revealed that inventory level has the strongest impact on the forecasting
results; extra stock leads to more effective operations and enhanced eco-friendly opera-
tion while Waiting Time poses a negative influence on working performance. Also, the
Amount of user transactions and asset utilization was revealed as highly important fea-
tures as they illustrate the volume of working and logistics activities. Environmental
factors, such as temperature, humidity, latitude and longitude were found to moder-
ately predict the forecasting results because they affected transportation efficiency and
energy consumption. With the aid of SHAP, a greater understanding of the forecasting
model and its working impacts in the eco-friendly operation era were acquired for ef-
fective working decision-making. Comparison between ML and DL models. Machine

learning and advanced Al learning models comparison on forecasting results.

The forecasting performance of various ML and DL models were estimated through
the metrics of RMSE, MAE, MAPE and R? score [30,36]. Overall, the developed com-
bined Al learning system showed higher performance in prediction tasks compared to
the individually implemented ML and DL models [37, 38]. Random Forest, XGBoost,
LightGBM and CatBoost, combined in the developed ensemble system showed the
best prediction result and accuracy. The combined Al learning model of the selected
individual ML. models demonstrated a highest of R? score greater than 0.98 in almost
all working circumstances due to successfully identifying complex patterns within the

non-linear and non-uniform logistics and working datasets. The forecasting stability
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and performance of neural Al model and LSTM models was lower than compared
approaches, and the predictions varied clearly during periods of high operation inten-
sity and fluctuations. advanced Al learning models performed adequately with large
datasets and hyperparameter tuning. Tree-based ensemble methods provided better
prediction quality and stability in the context of eco-friendly transport activities and

carbon pollution prediction.

Table 4.1: Comparative Performance for Forecasting

Model RMSE | MAE | MAPE (%) | R? Score
Random Forest 0.62 0.48 2.14 0.988
Gradient Boosting 0.71 0.53 242, 0.984
XGBoost 0.81 0.63 2.78 0.981
LightGBM 0.76 0.58 2.56 0.983
CatBoost 0.59 0.44 1.96 0.991
neural Al model 2.34, 1.72 8.42 0.861
LSTM 1.92 1.46 6.38 0.902
sequence prediction model 1.24 | 0.88, 4.11 0.948
developed Ensemble Model 048 0.35 1.82 0.994

4.4 Comparison between combined Al learning and neu-

ral AT model

The contrast between the developed ensemble system and neural Al model. It is very
obvious that combined Al learning model are better for prediction tasks with non-linear
systems like supply chains operations and it achieves higher R2 value with drastically
decrease of RMSE, MAE and MAPE. Theneural Al model model performance with
forecasting variability and non-linearity are relatively lower while the fluctuations in
the predictions are higher.The ensemble model has great performance for the predic-
tion system since it deals with. Better understanding of non-linear patterns; Integration
of strong data preparation; Higher working pattern learning; Better anti-over-fitting;

Ensemble of diversified machine learning models.




41

4.5 improvement results obtained using NSGA-II and
MOPSO.

In this work both NSGA-II and MOPSO algorithms have been applied in a multi-
objective setting, attempting to simultaneously balance the operating cost of the sys-
tem, and carbon emission reduction. From the improvement results a significant in-
crease has been achieved in logistics eco-friendly operation, as well as daily opera-
tion efficiency. Both of the algorithms managed to provide a set of Pareto-optimal
solutions which could reduce transportation pollution, while maintaining adequate in-
ventory control. Comparing both of the algorithms it seems that NSGA-II is better
in terms of convergence, and diversity of solutions while MOPSO excels in terms of

computational complexity, and the speed of improvement.
Basically the improvement system managed to minimize:
* Transport pollution

* Operating cost

* Energy consumption

* Inefficiency during waiting time

While maximizing:

* Asset utilization

* Inventory performance

* environmental performance

* Consistency/stability in transport activities
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4.6 eco-friendly operation interpretation

The developed forecasting, and improvement system with the use of Al shows great
promise in the aspect of eco-friendly supply chain management on a global scale.
Both machine learning, explainability and improvement algorithm have been deemed
very useful in accurate prediction of carbon emission level and its role in eco-friendly

operations|2, 5].

The outcome demonstrates how an Al forecasting system may help organizations to:
* Minimize vehicle number and their movement for transport of goods/people.

* Reduce travel range and vehicles usage in overall for transportation of goods/people.
* Improve working efficiency

* Control stock adequately

* Use minimal energy possible

* Support and make reporting for ESG and eco-friendly operation processes easier

The system not only helps in planning of eco-friendly logistic operations but also en-
ables businesses to make smart eco-friendly decisions based on working information

and use data-driven insights.

4.7 Discussion

From experimental results, ensemble Ml models generally outperform the classical
statistical and advanced Al learning models in the carbon emission level forecasting of

global supply chain networks.

This improved performance of the developed system could be attribute to some factor

like:
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» Advanced data preparation

» Appropriate modeling of working linkages and nonlinearities involved.
* Incorporating understandable Al (XAl) using SHAP

» reliable, high level combined Al learning algorithms

» Some multi objective improvement capabilities.

By using Explainable Artificial Intelligence, the system provided more transparency as
well as detailed insight into the working factors responsible for varying or fluctuating

predictions and in relation to eco-friendly operation.

Further, improvement component suggested that it is possible to strike a balance be-

tween operating cost and eco-friendly operation.

Overall the obtained results can be considered as a notable contribution in the grow-
ing application of Al and ML in eco-friendly operation driven logistics and carbon

emission monitoring.
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CHAPTER 5

CONCLUSION, FUTURE SCOPE, AND SOCIAL

IMPACT

5.1 Conclusion

We integrated GSCM, carbon emission level Forecasting and Al into an smart plan-
ning supporting method for modern, more dynamic logistics system. It focuses on
enhancing the carbon emission prediction accuracy and realizing working eco-friendly
operation via ML, DL, XAl and multi-objective improvement. The aim was basically
to help practical planners to conduct trade-offs on working decision-making more sus-

tainably rather than to simply "predict’.

From the experimental results, the tree based combined Al learning system we devel-
oped showed very promising performance against state-of-art DL alternatives such as
ANN, and stand-alone prediction models.The developed ensemble design using Ran-
dom Forest, XGBoost, LightGBM, and CatBoost as base learners and Gradient Boost-
ing as meta-learner obtained the best results for all the metrics measured. Specifically,
the highest R2 of developed ensemble model is 0.994, whereas ANN showed notably
weak forecasting performance. Those results indicate that combined Al learning is
able to address non-linear working dependencies, complex logistics patterns appearing

in eco-friendly supply chain systems. [34, 20, 5].

The study also proves data preparation can clearly improve the forecasting perfor-

mance. working patterns with time series and operation related factors affecting the
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carbon emission are well reflected by working factors like lag variables, rolling statis-
tics, interaction variables, growth variables, inventory utilization and working trans-
portation related factors through the models. In the analysis of statistical and ex-
ploratory analyses, strong working link is observed between inventory and transport

and wait time performance and environmental performance.

With the application of XAl using SHAP, we could see the extent to which working
factors impact on forecasting outcomes. It identifies important working features like
Inventory Level, Wait Time, User Transaction Amount, Asset Utilization as main fac-

tors which affect prediction of carbon emission and eco-friendly operation operation.

The results show very good working efficiencies of transportation, inventory and lo-

gistics practice, which perfectly fits the working eco-friendly operation targets.

Based on the above, the smart, explainable, and improvement-driven Al system de-
veloped provides support on the carbon emission level prediction, and can enhance
the global GSCM performance. This research can also contribute to building green
and smart data-driven industrial logistics system that enables working efficiency and

eco-friendly operation practices in industries.
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5.2 Future Scope

The present research can be further extended in the future by the following ways:

5.2.1 Adaptive ensemble forecasting

Future works could incorporate adaptive ensemble forecasting systems where the weights
are adapted to dynamic working situations and prediction capabilities. This will assist

to overcome the issues on changes in environment or stability in pattern.

5.2.2 IoT based forecasting with real-time analysis

With IoT devices and sensors the system can be further applied for real-time monitor-
ing and forecasting of working pollution generated by the logistics and transportation

process.

In future, the comparison among various state of art DL. models could also be consid-
ered: In future, we plan to compare the developed ensemble system with state-of-art
advanced Al learning networks such as CNN-LSTM networks, Transformers, and Re-

inforcement learning-based forecasting methods.

5.2.3 Multi-national and industrial level study

Further study could be carried out on multinational logistics and industrial supply
chains containing a wide range of transportation network, working networks and large

data sets.

5.2.4 Blockchain-based Tracking System

In future studies, blockchain technology could also be adopted in order to secure track-

ing of pollution, tracking eco-friendly operation of the processes in logistics system.
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5.2.5 Digital Twins Based eco-friendly Supply Chain Management

The system can also be coupled with the digital twin technologies to model, analyze
and optimize the logistics activities and eco-friendly operation outcomes on a real-time
basis. Through which the impact of a change can be observed before it is physically

performed.

5.2.6 Cost and Carbon Trade-off Analysis

The cost and carbon trade-oft analysis with respect to inventory is shown below:The
cost and carbon trade-off analysis with respect to inventory is displayed again just
for claritying: It could also study on the savings percentages of both cost and carbon
emission in terms of operating the system with ensemble forecasting and improvement

combined artificial intelligence.

5.2.7 smart Autonomous Logistics

Future logistic systems could adopt the developed system for fully autonomous deci-
sions with respect to the transportation using autonomous transport systems and smart
warehouse operations and the Green Logistics concepts. This involves on controlling
of entire system by less human intervention but more responsive control over whole

logistics system.

5.3 Social Impact

The following social, environmental, and commercial benefits are brought to eco-
friendly supply chain management and intelligent logistics systems by the established

study:
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5.3.1 Reduction of carbon emission level

By reducing needless transportation and transportation-related resource utilization, the
proposed Al-driven forecasting and improvement tool eventually lowers the logistics

network’s carbon emission level..

5.3.2 Better eco-friendly operation and Green Logistics

The study helps move towards greener logistics with green transport choices, eco-

friendly warehouse operation and reliable inventory management practices.

Ne 10: improvement of working value reduction Minimize working inefficiencies that
could be resulted from inaccurate forecast such as over/under stocking, lost in transit
of materials or goods, inreliable logistic system management by enabling better pre-
diction and control over system performance which eventually lead to fewer wastage

of raw material, working inefficiency etc.

5.3.3 Improved Industrial Decision-making

understandable Al provides understanding of impact of each working factors to the
eco-friendly operation and working factors driving environmental performance; it helps

to develop traceable, transparent and human-readable decision-making.

5.3.4 Resource improvement

The developed system optimize allocation and usage of transportation capacity and as-
sets as well as utilization of energy in the overall supply chain operations and logistics

activities in industries.
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5.3.5 Supports ESG and Green Policies

It provides system for the organizations to meet their Environmental, Social and Gov-

ernance (ESG) target andinternational eco-friendly operation rules.

5.3.6 Economic Gain

When the developed system optimized logistic operation efficiency and forecasting
capability it also generates additional cost savings that benefit to Industries such as

from inventory management, logistics working efficiency etc.

It also benefits cities to be more smart green logistics enabling reduce traffic congestion
and pollution. Overall, it intends to create smart and eco-friendly logistics system that

works in hand in hand with the objective for the greater eco-friendly operation.
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