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Abstract: This charge-ahead paper suggests that transitioning the automotive industry towards a 

zero-carbon ecosystem from material to end-of-life can be accomplished through disruptive zero-

carbon manufacturing in the broad area of all-electric vehicle production technology. To accomplish 

zero carbon emission automotive manufacturing in the vehicle assembly domain, future paradigms 

must converge on the decoupling of carbon dioxide emissions from automobile manufacturing and 

use the design, processing, and manufacturing conditions. The envisioned zero carbon emission 

vehicle manufacturing domain consists of two complementary components: (a) making more 

efficient use of energy and (b) reducing carbon in energy use. This paper presents the status of key 

scientific and technological advancements to bring the manufacturing model of today to a zero-

carbon ecosystem for the entire automotive industry of tomorrow. This paper suggests the 

groundbreaking application of dynamic and distributed predictive scheduling algorithms and open 

sensing and visualization technology to meet the zero carbon emission vehicle manufacturing goals. 

Power-aware high-performance computing clusters have recently become a viable solution for 

sustainable production. Advances in scalable and self-adaptive monitoring, predictive analytics, 

timeline-based machine learning, and digital replica of cyber-physical systems are also seen co-

evolving in the zero carbon manufacturing future. These methods are inspired by initiatives to 

decouple gross domestic product growth and energy-related carbon dioxide emissions. 

Stakeholders could co-design and implement shared roadmaps to transition the automotive 

manufacturing sector with relevant societal and environmental benefits. The automated mobility 

sector offers a program, an industry-leading example of transforming an automotive production 

facility to carbon neutrality status. The conclusions from this paper challenge automotive 

manufacturers to engage in industry offsetting and carbon tax programs to drive continuous 

improvement and circular vehicle flows via a multi-directional zero-carbon smart grid. 

Keywords: Zero-Carbon Ecosystem, Electric Vehicles Automotive Manufacturing, Carbon 

Emissions, Predictive Scheduling, Energy Efficiency, Sustainable Production, Cyber-

Physical Systems, Circular Economy, Smart Grid 

 

1. Introduction 

Automotive production contributes a significant proportion of carbon emissions, and 

as such, there is an ever-increasing need to reduce and ultimately eliminate carbon output 

from the manufacturing process. At the operational level of a modern, complex 

manufacturing system, many small inefficiencies can add up to contribute to significant 

energy use. This chapter serves to illustrate the increasing need to address carbon 

emissions within automotive manufacturing operations. Reducing energy use and carbon 

emissions requires the assessment and management of energy consumption at all levels 
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within the manufacturing process. This in turn requires the accurate prediction and 

estimation not only of anticipated energy requirements but also provides the capability 

for complex decision-making about how variation in product and process conditions can 

be controlled to moderate and optimize both manufacturing process energy demand, as 

well as manage the available renewable power supply [2]. 

Traditional methods of facility energy models create a disparity when assessing 

complex manufacturing operations as they estimate energy demand based upon factors 

such as direct meter readings, static models, statistical and aggregate data, and models 

based on historical usage behavior across all elements of a sector. However, the inherent 

heterogeneity of manufacturing operations means that such aggregate models lack the 

sophistication to evaluate or predict energy demand at the operational level, opting for a 

high-level perspective instead. This cohort is interested in achieving zero carbon 

manufacturing, and the in-depth visibility obtained from individual operational energy 

models provides a crucial role in understanding the necessary system capability to track 

and minimize manufacturing energy demand at a process level. The practical solution is 

enabling companies to predict within a sufficient level of detail the energy requirements 

of their manufacturing operations and adapt these according to an ever-changing energy-

consuming process. Therefore, the application of a predictive model is of utmost 

importance not only for zero carbon manufacturing aims but also for production 

management and optimization needs [4]. 

1.1. Background and Significance 

The use of technologies, such as robotics and automation, in concert with mass 

customization and compact modular production, allows for an innovative zero-carbon 

approach to be adopted within current and potentially new manufacturing systems. The 

zero carbon approach changes industry focus from carbon price and seeking to reduce 

energy costs within production to one where the purpose is to do business without 

making a negative impact. This fundamentally changes the manufacturing model from 

one that aims to improve carbon efficiency to a business model that has zero carbon 

ambition by default. This outlines the integration of the existing manufacturing via 

wireless and sensor technologies with big sensors, social media, predictive, and advanced 

analytics; and big data methods to enable individual sector roadmaps for the 

implementation of zero carbon production methods [1]. 

The paper has seven main sections. The first provides background on zero carbon 

production. The second identifies challenges for big data methods in industry, and these 

are used to guide the discussion in the case of key enabling technologies that will allow 

for the development of zero carbon manufacturing roadmaps for key industry sectors. 

These two sections are then used to articulate the conceptual framework and demonstrate 

its use in a case study of the automotive industry. A final section concludes and outlines 

areas for future work [3]. 

 

Figure 1. Strategies to Achieve a Carbon Neutral 
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1.2. Research Objectives 

Description: The aim is to integrate and develop predictive analytics tools to optimize 

low-carbon manufacturing in Witty Gigafactory grants. Witty develops advanced 

processing techniques for thermoset resin composites. In this largest funding phase, the 

company has identified a growing market and a need for resource-efficient manufacturing 

processes that will truly enable cost-efficient scalability. The technology uses existing 

types of thermoset materials that are available in abundance for a relatively low cost. 

These materials are more easily recyclable and less hazardous in use and disposal than 

metals, thermoplastics, or other reinforcing chemistries typically used in composites. 

However, incumbent process techniques have so far failed to establish significant 

positions within the global fiber-reinforced polymer market because they have only been 

able to deliver small quantities in a slow, labor-intensive, and therefore expensive way. 

The process of manufacturing very large quantities at very low costs is called massive 

manufacturing, and therefore the construction of large component structures of a massive 

production line is called the establishment of a gigafactory [6]. 

Modeling and smart control aim to implement zero-carbon and low-cost 

manufacturing within a realistic time frame that would provide access to significant 

market opportunities to sell as many composite rebar product tons as can be 

manufactured in gigafactories. As a key research goal, predictive analytics tools such as 

applied mathematics, algorithm development, and data mining are used to establish a 

scalable process and to design equipment capable of producing ultra-fast welding speeds. 

The goal is to set ambitious targets to achieve zero-carbon and low-cost manufacturing in 

new groundbreaking automated process lines that will be demonstrated for the use of 

highly durable sustainable concrete reinforcement and packaging for goods [5]. 

Equation 1: Carbon Footprint Calculation 

The total carbon footprint (CF) of the manufacturing process can be represented as: 

( )
1

n

i i

i

CF E EF

=

=   

Where: 

CF = Total Carbon Footprint (kg CO2) 

Ei =Energy consumption of process i (kWh) 

EFi = Emission factor for process i (kg CO2/kWh) 

n = Total number of processes 

2. Zero Carbon Manufacturing in the Automotive Industry 

The global automotive industry is fast approaching a fundamental transformation. 

Over the last 30 years, manufacturing agility and productivity have dramatically 

increased, where sophisticated automation and technology have optimized operations to 

deliver a substantial reduction in the carbon footprints of finished vehicles. Innovative 

manufacturing processes, integrated with advanced supply chains, have rapidly 

transformed from a point where automotive manufacturing plants were major pollutants 

30 years ago to today, where a plant’s carbon intensity in producing a vehicle has been 

reduced by more than 40%. Looking into the future, to address customer and legislative 

demands, the vehicle industry’s advanced engineering projects are committed to 

continuous improvement on the journey to achieving zero carbon production processes, 

where the manufacturing of every part and their delivery to the production line have been 

completely decarbonized. Consequently, to achieve zero carbon manufacturing, we are 

dedicated to the strategic trend that will shift all production to operate on sustainable 

power platforms to avoid the need for offset carbon compensation [8]. 
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In the broader context, a prototypic 'zero carbon economy' can only be achieved 

when the national level manufacturing material inputs become 100% sustainable and non-

finite resources will either be replaced or eliminated from use, for example, plastic 

components are manufactured by engineered plants. With the established overarching 

objective to provide environmentally benign and efficient manufacturing operations that 

do not generate emissions relative to the size or scale of operations, the strategy to 

accomplish this task has been founded on the implementation of the principles of the 

circular economy and the deployment of a range of advanced production technology and 

systems coupled with comprehensive data analytics. The challenge for the automotive 

industry will be to meet and exceed their customers’ high expectations for agility, ease of 

ownership, and comfort, while at the same time adopting compelling innovative, and 

practical 'green' solutions, able to truly ensure the long-term sustainability of their 

operations and products, aligning with the achievement of the zero-carbon status [10]. 

2.1. Current State of Carbon Emissions in Automotive Manufacturing 

Direct manufacturing of automotive products, such as body, chassis, and powertrain, 

accounts for the majority of emissions in the sector. In this context, the lifespan approach 

to vehicle production chain emissions details the important role that the materials used 

play in influencing the amount of emissions, and it has been found that aluminum causes 

the least embedded emissions due to its lower density. With the demand for EVs 

increasing, the question of long-term sustainability due to the substantial energy and 

mining resources needed to produce batteries has also been raised. An alternative way to 

decrease energy use and emissions from the production of internal combustion vehicles, 

as well as from that of EVs, is to switch to zero-carbon manufacturing [9]. 

Ironically, an answer to the potential sustainability challenge is the fact that high-

energy-producing automotive manufacturing plants in regions that have a high average 

share of low-carbon power production can switch to zero-carbon manufacturing much 

more readily. With the share of low-carbon electricity projected to increase over time, the 

opportunity for automakers to become zero-carbon manufacturing-ready is growing. The 

purpose of this paper is to take a step toward the realization of that goal. We use a 

comprehensive review of automotive manufacturing performance metrics to help 

develop a predictive model that can provide near-real-time insight into the energy 

dynamics and costs of making automotive production zero carbon [43]. We then analyze 

the performance of one state-of-the-art power electronics manufacturing facility by 

comparing actual energy use data with the insights gained using our model. We hope that 

this research can help pave the way for increased interest in and adoption of these value-

enhancing activities within automotive manufacturing supply chains, enabling businesses 

to become better prepared over time to react to the inevitable increasing stringency of 

carbon emissions goals [12]. 

 

Figure 2. Automotive Operation Process Carbon Emission Calculation Model 

2.2. Challenges and Opportunities for Zero Carbon Manufacturing 
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Given that the majority of automotive manufacturers' carbon emissions result from 

combustion during paint curing, body framing, body pressing, and plastic molding, in the 

short term, manufacturers may attempt to mitigate other emissions. For instance, 

optimization at body framing lines or direct interaction with the grid operator to avoid 

high emission times for painting could drive a reduction in the carbon footprint of the 

supply chain [42]. However, these emissions are still linked to electricity usage. At best, 

lockdown offers a one-off reduction based on last year's power generation, with no direct 

influence on future patterns. It is the rapid production ramp-up post-lockdown that 

enabled local grids and power producers to manage electricity demand and reduce 

reliance on the most carbon-intensive sources such as coal-fired power stations. While 

these interventions reduced the carbon intensity associated with electricity usage, there is 

no immediate prospect of offering that as a longer-term answer within the current use of 

electricity outlined above [11]. 

Despite their large carbon footprint, the relationship and authority of the large OEMs 

over their suppliers could enable them to compel subcontracted operations to adopt 

cleaner technologies at the OEMs' expense if that technology provides other benefits such 

as reduced power usage, increased flexibility, and more efficient use of space. Uptake of 

these manufacturing technologies, including virtualizing operations to minimize 

intercontinental travel, constructing environment-tailored production planning tools, and 

involving bidders who offer best-in-class solutions for the opportunity at the project and 

detailed design in the review of overall strategies, optimizing climate control systems, and 

the economies offered by technologies deployed in collaborative robotization projects 

with augmented reality for teleoperations would provide knock-on improvements about 

supplier environmental standards. To be successful, such activities may be presented as 

part of the story of corporate social responsibility, in addition to or instead of an 

investment in low-carbon technologies. 

Equation 2: Emission Reduction Target 

To achieve zero carbon emissions, the reduction in emissions (R) can be defined as: 

current targetR CF CF= −  

Where: 

CFcurrent = Current carbon footprint 

CFtarget = Target carbon footprint (ideally 0) 

3. Predictive Analytics in Manufacturing 

3.1. Implementing Predictive Analytics in Manufacturing 

Predictive analytics involves a process that can be used to predict which process 

parameters have major influences on the performance of the process and to identify 

influencing factors to target. This represents controlling and using the process variables 

within target design specifications to guarantee quality output. Vast amounts of data 

throughout the manufacturing process are collected from multiple sensors that are 

employed within the manufacturing environment [41]. The data that is collected is used 

to enhance decision-making and provide insight. Thus, conditions that indicate a future 

problem will ultimately prevent it from taking place. The maintenance of equipment and 

resources becomes more effective and can be represented by condition-based monitoring. 

This modifies a time-based method to regular maintenance schedules or on the 

performance of a device. Therefore, condition-based monitoring provides real-time 

functionality, which is beneficial in maintaining performance standards and detecting any 

potential process issues. The use, adoption, and benefits of these specific methodologies 

in several industries are discussed below [13]. 
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3.2. Predictive Analytics in the Manufacturing Industry 

Also, the benefits of implementing predictive analytics in different industries are 

analyzed. As indicated previously, enormous quantities of data are collected from sensors 

and other sources within the advanced manufacturing environment. The data needs to be 

effectively managed and capable of matching the real-time processing environment 

required. Manufacturing industries can collect and analyze data in real time [40]. The 

methodologies they use enable the management of data as well as the visualization tools. 

The large quantity of data presents an opportunity for applying predictive and/or 

prescriptive analytics to enhance the production process, ensure product quality, and 

reduce the consumption of total energy. The benefits are elaborated upon below [15]. 

 

Figure 3. Predictive Analytics in Manufacturing 

3.3. Definition and Applications 

Manufacturing, which surged with the onset of the Industrial Revolution, is a 

significant contributor to global emissions and climate-altering greenhouse gases such as 

carbon dioxide. Therefore, in the automotive industry, which is faced with numerous 

emission challenges, zero carbon manufacturing may well be the only viable long-term 

sustainable solution. This study aims to demonstrate the potential of predictive analytics 

in a variety of automotive production contexts in achieving dramatic emissions reduction, 

zero carbon manufacturing, and moving toward a sustainable future. The results of the 

study confirm that performance gains, such as lower emissions, production costs, less 

waste, higher flexibility, and improved responsiveness to customer and market needs, are 

simultaneously achieved with predictive analytics and zero carbon manufacturing, 

fostering a successful automotive industry strategy. Over the next few decades, the most 

substantial transformation in the industry may be that it becomes more analytical [39]. 

Data are providing a reserve of massive quantities of otherwise ignored but potentially 

valuable knowledge, often referred to as big data. While there is significant potential to 

gain from big data in traditional enterprise decision-making, the opportunities in the 

production function appear to be the greatest. Predictive analytics, the use of data, 

statistical algorithms, and machine-learning techniques to recognize the probability of 

future outcomes based on historical data, are emerging in various system development 

contexts. In many smart production systems, indicators of such prepared data are 

influencing the work components, either in processes on this site or externally. The data 

are thus moving the three stages of the production function forward at an increased pace 

– intelligent, efficient, and adaptive. Where production is increasingly data-guided and 

data-enhanced, it generates the most significant industry improvement. With so much 

potential, how might predictive analytics contribute to zero-carbon manufacturing and 

the transition to a sustainable production system? What value could it add to the system 

or ambient components and aspects? In addition, can the basis of our work in this study, 

particularly focusing on the automotive industry, be justified? We address these three 

questions in this section of the chapter [14]. 
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3.4. Benefits and Limitations 

Manufacturing processes in the automotive industry are complex and require 

accurate and stringent control, necessitating a good understanding of the input 

characteristics that drive the process and overall systems. For this reason, one of the main 

benefits of leveraging big data in manufacturing is predictive analytics, by which we gain 

knowledge about what will likely happen in the future based on both big data analysis 

and traditional hypothesis testing. Although there does not exist a model that is 100% 

accurate, predictive experimentation can reduce this percentage of inaccuracy and can 

also expose the likelihood of the prediction, which allows for better and more robust 

decisions, therefore achieving continuous improvement and performance optimization 

[38]. This is extremely relevant in the massive application of high-power lasers in the 

automotive industry, especially in the development of electric vehicle and battery electric 

vehicle production lines [16]. 

Many big data analytics also provide the service of automatic feature selection, 

prioritizing some characteristics over others during decision-making and modeling. This 

particular point has important implications: as well as reducing the impact of human 

biases, feature selection can help speed up the response of production systems and be 

prohibitive in deciding the speed of decision-making in regulated markets. Zero-emission 

production of electric vehicles relies heavily on laser machining processes, which in turn 

depend on the continuity of inputs, allowing the process to accommodate the reduced 

environmental impact and induced cost control at the same time. The focus of managerial 

decisions is therefore shifted from the ability to predict to finding and hunting for 

patterns—both good and erroneous—within the model and understanding the 

underlying mechanism [18]. 

4. Integration of Predictive Analytics in Achieving Zero Carbon Manufacturing 

Forecasting and actual actuation is a perpetual endeavor. Equilibrium between them 

enhances productivity and sustains profitability. The pandemic is compelling many 

industries to reorganize their manufacturing practices, to optimize productivity. The 

convergence of multiple prevailing and emergent technologies will revolutionize smart 

manufacturing by addressing the strategic sustainability challenges the auto 

manufacturing industry faces in the new green, low-carbon economy. Our research work 

aims to model, capture, and shape the future strategic advantage that smart automotive 

manufacturers can enjoy through the development and implementation of an integrated 

data analytics tool [17]. 

Our interpretable natural language system deciphers and utilizes significant time 

series data to predict the operational sustainability for automotive manufacturers by 

contributing a strategic framework on smart manufacturing for zero carbon 

manufacturing. What differentiates our data analytics model from traditional predictive 

statistics tools is the use of a comprehensive depth of significant autoregressive factors 

with encoding [37]. Carrying energy productivity to new levels will require significant 

technology innovation, demanding significant capital investment. We present the 

significant role predictive analytics models can play given the volume of data available in 

offering potential answers everywhere in a manufacturing process. We demonstrate that 

by applying only a few simple predictive analytics models, further responsible integration 

of advanced manufacturing technologies and process adaptation can drive zero-carbon 

manufacturing forward [19]. 
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Figure 4. Highlights of the Application of AI in Achieving Net Zero 

4.1. Case Studies and Best Practices 

A selection of good practical examples is called for to x-ray the domain. The following 

section organizes the case studies of zero carbon manufacturing in the processing, large 

assembly, final assembly, and life cycle stages in the production of an internal combustion 

engine vehicle, a serial hybrid battery electric vehicle passenger car, and a battery electric 

vehicle with longer range and better comfort. For moving towards more stringent 

standards, challenges and success factors are proposed. They inform the zero-carbon 

partnership process dynamics and identify some of the most relevant gaps and 

opportunities for industry, government, and institutions, to combine efforts and 

contribute to the common goal of decarbonizing industry. The following case studies are 

read as a matter of current course methods in the automotive area and are addressed to 

other fields interested in a journey to zero-carbon manufacturing [21]. 

By analyzing and benchmarking industrial top-tier enterprises, best practices 

containing both in-rail and advanced sustainable development methodologies can be 

further proposed and adjusted to guide small and medium enterprises in the future, 

helping them to achieve a win-win with resource rational arrangements while still 

improving production performance [36]. Predictable operational maintenance in 

advanced factories can largely reduce downtime and even change maintenance 

operations from majorly outage time-dependent scheduling that halts continuous 

production line to a condition performance-based model that is designed based on variant 

chassis and fixtures that are fixed right after maintenance operations. Such adoptions can 

directly reduce the load of robots needed, as well as energy costs and the necessary fixed 

facility investment can also be more accurately estimated, decreasing the initial 

investment and operational risk [23]. 

4.2. Technological Solutions 

In essence, the same activities that take place during warranty are incorporated into 

the production process. Ongoing cloud-based data analysis of real-time diagnostic data 

emanating from individual parts is starting to become practical [35]. Products provide 

real-time diagnostics with a high degree of confidence in individual parts. Providing a 

known good part of the assembly process reduces the need for complex predictive 

analysis and removes complexity from the overall system. It provides a much higher level 

of confidence when predicting the performance of parts built in other parts of the large 

distributed additive manufacturing system using different equipment and filters. It also 

makes production using new, unproven materials possible. The quality of the parts also 

lessens the need for rapid feedback control in the LMD process, enabling higher-speed 
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production. With known good parts support, the unattended processes have added 

advantages for Saturday operations. Metal additive parts are well able to withstand 

challenging outside environmental conditions [20]. 

It requires zero dark factory support. It makes the entire manufacturing process 

significantly more sustainable. Furthermore, a package of known good parts and 

automatic Dynamic Manufacturing Management software support will make it practical 

to develop and build products not commercially feasible using conventional LMD 

equipment [34]. Many present-day products that are too costly or impossible could 

become new businesses using the new equipment and the new methods. These factors 

offer a vision and a roadmap toward high-quality, high-speed unattended production. 

The journey to extreme automation, zero waste, and rapid throughput for multi-material, 

multi-scale, multi-purpose products, making them zero carbon with minimum cost. The 

most challenging targets for sustainable production ever established by a modern 

company for a manufacturing process. We aim to produce higher quality, lower cost 

specialty products in real-time. Nonetheless, the real target is to have our requested merit 

of zero or negative marginal cost economic return [24]. 

Equation 3: Efficiency Improvement 

The efficiency improvement (EI) required can be modeled as: 

current target

current

100
CF CF

EI
CF

−
=   

5. Conclusion 

In conclusion, sustainable production involves striving toward the goal of 

sustainability—meeting the needs of the present without compromising the ability of 

future generations to meet their own needs. We have proposed the concept of zero carbon 

manufacturing, defined as the application of predictive analytics to production processes 

with the primary goal of enabling sustainable production with minimal or no net 

generation of carbon emissions [33]. We contend that zero carbon manufacturing is 

feasible and important as a real-life sustainability goal that should be achievable within 

the next decade and suggest that the term zero carbon manufacturing contributes to 

operations and production management literature on sustainable production by attracting 

heightened attention from production engineers, researchers in academia, and industry 

managers. We believe that a concerted research effort pushing the state of the art in 

predictive analytics is necessary to promote multifaceted attractive possibilities. Beyond 

minimizing carbon footprint in economic production batches featuring such desirable 

context-specific characteristics as minimum energy and other resource consumption per 

unit of product, zero carbon manufacturing can lead to shorter wait times between 

customer order placement and product fulfillment. By reducing lead times and cutting 

inventories to allowable minimums, the added agility of businesses incorporating zero-

carbon manufacturing will translate into fewer shortages and stockouts [26]. 

5.1. Summary of Key Findings 

This paper presents a detailed review of academic research papers in the field of dark 

data, predictive analytics, and sustainable manufacturing 4.0 within the context of global 

climate change, notably called Zero Carbon Manufacturing (ZCM). The key focus is the 

automotive industry, which is under increasing pressure to reduce greenhouse gas (GHG) 

emissions associated with production and the use of its vehicles. The review research 

questions focused on understanding: (1) what ZCM means for the automotive industry; 

(2) the need for predictive analytics to establish the optimal parameters that enable ZCM; 

and (3) future research areas [28]. 
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The findings from this paper illustrate a range of specific challenges that 

predetermine the green transition towards ZCM and have been orchestrated across the 

existing basic elements of Industry 4.0 characterized as the Internet of Things, Big Data 

and Analytics, Autonomous Robotics, Simulation, Horizontal and Vertical System 

Integration, the Industrial Internet of Things, Cybersecurity, the Cloud, and Additive 

Manufacturing. The key finding of this paper is the need to integrate the high-

performance computing capabilities of predictive analytics with the design and 

optimization of sustainable closed-loop supply chains [32]. Other findings include 

implementable research propositions and conclusions to address current state-of-the-art 

limitations of effective integration of predictive analytics with ZCM and manufacturing 

4.0. Recommendations for investment decisions to advance energy-efficient methods for 

cleaner production and to avoid a further increase in GHG during the manufacturing 

processes have to be prioritized [30]. 

 

Figure 5. Bar graph of the average values of carbon emissions, output value, and profits grouped 

by manufacturer type and experimental groups. The number above the bar in the bar 

graph represents the mean of the experimental data for that variable 

5.2. Future Research Directions 

While the literature identifies several factors contributing to the achievement of 

sustainability in manufacturing, complicated models and data-intensive techniques are 

still needed to integrate these solutions into a lean production framework. At present, 

there is no proposed comprehensive methodology or algorithm with which to integrate 

these solutions and suggestions [31]. This review highlights the potential of predictive and 

prescriptive analytics as essential tools to efficiently steer manufacturing systems to adapt 

to varying eco-sustainability needs in many areas also affected by parameters' variability. 

This study can be extended by applying data fusion to integrate intrinsic and extrinsic 

predictors, and by combining predictive analytics and statistical approaches to gain full 

insight into the many causalities that exist between these factors. In addition, it is evident 

from this review that the main focus of the studies in the field of green analytics in the 

automotive industry is the study of waste minimization in the back-end process of vehicle 

manufacturing. There are likely numerous other application areas, from energy 

consumption to the design and integration of related standards in the planning phase [29]. 
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