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Abstract- Accurate product costing is of crucial
importance for the manufacturers wishing to claw
out profits, smartly adjust to volatile input markets,
and compete on an international scale. In such
intricate manufacturing environments, traditional
costing methods such as standard costing go far
behind in efficacy, with cumbersome assumptions,
restrictions in detail, and inclination to historic
averages. This article also explains how Al,
especially ML algorithms, are potentially providing
more accurate and dynamic forecasting of costs for
such elements as materials, labor, and overheads.
With cases and use cases from the manufacturing
domain, we evaluate how predictive algorithms go
against all traditional techniques. It elaborates on
the practical aspects needed for the installation of an
Al-powered  costing system, including data
integration, model interpretability, and
organizational readiness. Although, challenges
remain, the transitions to predictive costing provide
an acceptable entry into digital transformation and
strategic decision-making in manufacturing.

Indexed Terms- Artificial Intelligence, Machine
Learning, Predictive Analytics, Product Costing,
Manufacturing, Material Costs, Labor Forecasting,
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L INTRODUCTION

Under today's heightened competition and pervasive
global market climes, a strong tool for costing of
product has become a strategy. Manufacturers operate
in an environment characterized by fluctuations in raw
material prices, differing labor regulations, and
complicated supply chains; all these, indeed, make it
ever more difficult and crucial to estimate the costs. A
slight error in the estimation could cause a
considerable damage to profit margins or may just be
the reason for some overpriced bids being left high and
dry with no market capture (Lee et al., 2021). As a
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result, more and more companies are extending their
view beyond traditional costing systems and are
adopting the use of advanced tools that can model and
predict costs in a dynamic way.

Manufacturers historically provided themselves
costing schemes like standard costing and ABC. These
methods did work well in relatively stable
manufacturing environments. Once most were
conceived, they became inflexible and dependent upon
historical averages that might not capture relevant
present or future variations in material, labor, or
overhead costs (Kaplan & Anderson, 2007). In
addition, they find it challenging to accommodate real-
time data inputs, which are essential for speedy
decision-making in fast-paced production cycles
(Nguyen et al., 2020).In contrast, artificial intelligence
(A)—and machine learning (ML) in particular—
offers the potential to revolutionize cost forecasting.
ML algorithms can analyze vast and complex datasets
to uncover

Choi et al. (2018) describe assigning certain patterns
to the forecast for outcomes and, based on new input,
improving that forecast in an ongoing manner. Other
applications of such modeling in product costing
would refine their identification of subtle cost variance
drivers by calibrating their prediction on the basis of
real-time data streaming from ERP, MES, and even
IoT sensors from the production floor.

This article goes on to explain how artificial
intelligence, using predictive modeling, can greatly
improve the accuracy and responsiveness of cost
estimation in manufacturing. The article begins with a
critical evaluation of the old costing methods and their
inherent limitations. Furthermore, machine-learning
techniques are examined in the context of forecasting
materials, labor, and overhead costs, with a
comparative analysis of Al-based versus traditional
costing techniques. The discussions also focus on
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some of the important implementation issues, such as
data integration and model interpretability, and the
article concludes with insights on the strategic
implications of predictive costing to help
manufacturers deal with uncertainty and digital
transformation.

Predictive
Analytics

Intelligence

IL. TRADITIONAL APPROACHES TO
PRODUCT COSTING

The foundational systems of costing are ancient but
useful. Traditional costing systems estimate the costs
of products, price strategies, and profit assessments.
Among the most popular are standard costing, which
assesses predetermined costs for direct labor,
materials, and overheads, and activity-based costing
(ABC), which allocates indirect costs according to the
use of resources. Although these are fundamental
methods, they were designed for rather stable
production environments; in modern-day dynamics
and data-rich manufacturing, such methods have
started showing limitations.

Standard costing presumes that inputs and production
processes are fixed and then uses averages or
benchmarks to calculate the cost per unit. The standard
cost amount is then compared with actual costs in
terms of the variance analysis for inefficiencies.
Standard costing throughout states simplicity and
comparability but does not capture any real time
variation with respect to input price or production
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volume (Drury, 2018). Take, for instance; an
explosive change in global raw material prices or
energy prices may soon prove generalized standards
cost assumptions quite outdated, leading to
mispredictions and increasingly faulty decisions
(Horngren et al., 2013).

Activity cost accounting developed as an answer to the
inadequate opening of the traditional systems, towards
improvement in cost accuracy by attaching overheads
directly to the activities that consume a resource. It got
attraction, especially from the 1990s, from production
areas involving complexities with a high ratio of
overhead variable costs. ABC will allocate costs to the
services based on drivers such as machine hours, setup
time, or frequency of materials handling, thus
portraying a more refined picture of how a product
costs (Kaplan & Cooper, 1998). Though it is
theoretically very good, ABC has indeed proved
cumbersome for its implementation and sustaining,
especially in production lines that are high in
movement, where detailing tracking of activities
becomes very micro and resource-intensive (Cagwin
& Bouwman, 2002).

Standard costing with ABC has a tendency to be
retrospective and reliant on historical data. This
backward-looking orientation limits its utility
particularly in a fast-paced and volatile manufacturing
environment where predictive agility is needed. Data-
entry and variance-analysis cycles often create delays
that obstruct timely decision-making. Costing systems
should provide the opposite by being flexible and
responsive to real-time input (e.g., updates to material
costs, labor shifts, machine utilization rates, and
perhaps external market signals) (Schonsleben, 2016).
In short, this is precisely what manufacturers demand.

Analytic methodologies are largely underused.
Conventional systems tend to operate within their ERP
modules without ever being optimized for advanced
analytics. The users predefined their cost drivers and
seldom update these in light of empirical feedback
from actual operations. As a result, a closed system
may neglect hidden cost contributors or fail to respond
to changing processes. This rigidity is now forcing
companies to explore smarter data-driven alternatives
that can learn and adapt continuously.
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Traditional costing methods are still common in small
and medium-sized enterprises (SMEs), but they are
increasingly losing ground in the advent of Industry
4.0. The real-time production data, digital twin
technology, and predictive analytics inspire
manufacturers to revisit their product cost approach.
Al-powered approaches, as elaborated below, promise
to do away with static assumptions and take them
closer into responsive evidence-based costing.

III. MACHINE LEARNING AND AI IN COST
PREDICTION

Al, mostly referred to as machine learning, is
redesigning cost estimation methods in manufacturing
by imparting the capability of analyzing complex
multidimensional data in manners considered
unavailable to conventional methods. Conventional
methods heavily belong to static models and human-
defined cost drivers, whereas machine learning
methodologies can examine hidden patterns, adapt to
new data, and accelerate improvement of forecast
accuracy. This is of immense value for modern
manufacturing, in which cost structures are the result
of numerous interdependent and dynamic factors.

Machine learning is one of the areas of Al whose focus
lies with the creation of algorithms that learn from data
instead of being explicitly programmed to make
predictions or decisions (Mitchell, 1997). In product
costing, the ML model can ingest large amounts of
actual and historical production data such as
procurement prices, labor inputs, machine usage, and
environmentally related variables to predict future cost
components. Such adaptive forecasting ability is one
of the key advantages of the method over the
traditional approach, especially in environments
characterized by high variability under nonlinear
interaction effects on costs (Wuest et al., 2016).

e Several ML techniques are particularly relevant for
cost prediction:

e Regression models such as linear regression,
decision trees, and support vector regression are
typically applied to predict continuous variables
like unit material costs or energy consumption.
These models provide interpretability and are
therefore good for easy costing cases.
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e (lassification models like logistic regression,
random forests, or neural networks can then be
applied to predict categorical cost outcomes-for
example, whether a production batch will exceed
budget thresholds.

e C(Clustering algorithms such as k-means or
DBSCAN can identify the cost behavior
similarities over product families or production
lines for group costing and detection of anomalies.

e Time-series forecasts, deploying ARIMA
techniques or LSTM neural networks, are used to
model cost trends over time in conjunction with
external fluctuations or seasonality (Zhang et al.,
2020).

The great strength of ML is its application to high-
dimensional datasets without an explicit need for
manual feature selection. For instance, the neural
network model may consider hundreds of variables,
like raw material characteristic, supplier performance,
shift schedule, weather, and even exchange rates, for a
very cost-effective forecasting. With more data being
introduced to the model, it could then upgrade
prediction accuracy over time using methods such as
gradient descent and backpropagation techniques
(Goodfellow et al., 2016).

Application of machine learning in costing systems is
a practical approach interfacing with enterprise
systems like ERP and MES platforms serving as data
source and action point and providing predictive cost
estimates: alerting a manager of impending high costs
due to abnormal use of a resource, guiding purchasing
decisions, or directing production scheduling (Kusiak,
2018; Wang et al., 2018). Also, subtract progressive-
conditioned metrics, which are currently without cost
updating, outdated, upon attaching [oT fixtures, would
allow the ML models to access operational data in
real-time and thus allow dynamic updates on costs
based on current shop floor conditions.

The deployment of Al into product costing is not
without associated issues. For example, one of the
concerns is with respect to data quality and structure;
as machine learning algorithms are only as good as the
data they are trained with, inconsistent labeling,
missing values, or even historical entries from an
outdated ERP can considerably influence results.
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Another concern relates to model explainability; while
very high accuracy can be achieved using complex
models such as deep neural networks, they are often
described as "black boxes," making it difficult for
managers to understand how cost predictions are
derived. This is a major concern in audit-sensitive
environments (Rai, 2020).

All these problems reside within the scope of forensic
management, especially in terms of Al application into
product costing. One of the problems includes data
quality and structuring- information on machine
learning algorithms is only as good as their data
training; if inconsistent labeling, missing values, or
entries in the obsolete ERP are included, they can
greatly disturb results. Another issue has to do with
model explainability: those very accurate, deep neural
networks are usually considered black boxes, and it is
hard for managers to have an understanding of how the
cost predictions from it are derived. This makes it
really important in audit-sensitive environments (Rai,
2020). Despite those limitations, the value proposition
of ML in cost forecasting is very strong. As
manufacturing companies embrace Industry 4.0 with
more effective integrated technologies, digital data
availability grows exponentially. Al tools are, by
definition, likely to exploit this data by advancing
descriptive analytics to predictive and prescriptive
functions aimed at driving cost efficiency and
competitiveness.

IV. FORECASTING COST COMPONENTS
WITH Al

Of all the transformative applications of artificial
intelligence in the manufacture, it can be most widely
discussed regarding the three top cost components
which are material, labor and overhead costs,
predicting which can be very valuable in improving
forecasting accuracy of their different cost drivers.
Each of the three otherwise stands alone when
attempting to achieve predictive accuracy. While each
can be tackled with a specific machine-learning model
adapted to its distinct characteristics and data patterns,
however, these producers obviously have no choice
when it comes to production figures.
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Material Cost Forecasting

The cost of raw materials usually forms a huge fraction
of the total product cost. Conventional sourcing
methods are mostly dependent on historical price
trends, negotiations with suppliers, and fixed-rate
contracts as a way of determining the final price of
products. Al-based models which are based on time-
series and regression methods can cast a wider net to
predict raw material cost accurately considering all
external and internal factors such as commodity
market data, supplier reliability indices or scorecards,
meteorological information data, which has relevance
to agriculture or mining, and, logistics
constraints(Zhao et al.,2021). For example, Random
Forest Regression or LSTM networks predict
imminent cost levels as accurately as possible by
creating

latent relationships in time-linked datasets. These
models are finding increasing application areas such
as automating purchase timing, optimizing inventory
levels, and negotiating contracts.

Table 1. Comparison of Material Cost Forecasting
Methods

Historical |[Low (past |Low [Low
IAveraging |invoices)

Very Low

Linear Medium Medi Medium |[Low
Regression |(market + um

internal)
Random  [High High [High Medium
IForest (structured +

IRegression [unstructured)

LSTM High (time- [Very [Very High
Neural series data)  [High [High

INetworks

Source: Adapted from Zhao et al. (2021); Zhang et al.
(2020)

Labor Cost Prediction

Estimating labor costs is problematic mainly because
of the imprecision in work scheduling, skill levels,
limitations due to regulations, and availability of
workforce. In older paradigms, labor costs were
determined through either standard rates or time
studies. These methods have limitations as they rarely
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account for the differences in productivity between the
different shifts or job roles.

ML models like decision trees or support vector
regression (SVR) can be employed to model non-
linear relationships between labor metrics of
performance and quality of output. Inputs may be
considered for work-order complexity, operator skill
data, historic efficiency, absenteeism trend data, and
even biometrics obtained from wearables (Lee et al.,
2021). These models facilitate planners in properly
staffing, minimizing overtime expenses, and
estimating the impact of labor disruptions on total
costs.

In unionized or heavily regulated environments, the
forecasting tool must also consider the training costs,
as well as contractual escalation clauses; both of these
elements can be modeled within reinforcement
learning frameworks.

Table 2. Variables Commonly Used in Al-Based
Labor Cost Forecasting

Human Skill level, hourly wage, | HRIS

Resource training history

Data

Operational | Output per shift, error MES, ERP

Metrics rates, downtime

External Labor laws, union Public

Factors agreements, economic APIs,
trends contracts

Biometric | Fatigue levels, motion IoT,

Inputs tracking wearable

tech

Source: Compiled from Lee et al. (2021); Wuest et al.
(2016)

Overhead and Indirect Cost Prediction

Indirect manufacturing overheads like equipment
depreciation, power consumption, and administrative
costs are infamously difficult in the accurate
allocation. The older costing system applies one
blanket percentage to labor and materials, hence
hiding the real consumption pattern. Whereas, ML
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models can directly map the overhead consumption to
operational behavior. For example, clustering can be
applied to machines or departments that share similar
energy consumption profiles to yield a more accurate
cost allocation (Wang et al., 2018). Moreover, deep
learning models can process the sensor data to identify
instances of inefficient energy usage, maintenance
requirements, and  under-usage—all  factors
determining indirect costs.

Another development appears in digital twin
technology, where a virtual representation of the
production environment runs simulations fed live data
streams. Simulation can couple with ML models to
predict future overhead costs under different
scenarios, such as higher production volume, changes
in energy tariff structures, or capital investments.

Comparative Effectiveness

The comparisons between Al approaches in
forecasting and traditional means showed that Al
could outperform conventional methods by being
more accurate, more flexible, and quicker. As such,
one of the studies stated Zhang et al. did in 2020,
showing that Al could reduce an average forecasting
error for production costs above 25% compared to
manual methods. Businesses have also reported that
this gives them much greater decision-making agility
and good alignment of their department of finance and
operations. However, changing data infrastructures,
model explainability, and change management remain
with organizations. They still have to learn how to
bridge the gap between deterministic, rule-based
systems and probabilistic learning and input their
technical and cultural shifts in the companies.

Implementation Challenges and Considerations

The potentialities of Al for the predictive costing of
products are quite substantial. However, one should
not assume that this technology is automatically going
to be realized in full-functioning successful
operations. The changeover from conventional costing
to machine-learning models raises mounting technical,
organizational, and strategic hurdles. These obstacles
can retard the introduction of Al tools or slant
inaccuracy into their output if one does not see them
in advance and manage them appropriately.
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Data Quality and Availability

Availability and integrity of data is probably the most
foundational challenge pertaining to Al systems'
deployment. This is because machine learning
algorithms are entirely data dependent; when training,
they need huge amounts of clean, well-structured, and
highly representative data. Meanwhile, in several
legacy manufacturing environments, such data could
be incomplete, distributed into silos across different
systems, or simply inconsistent (Wuest et al., 2016).
For instance, different naming conventions used in
procurement and accounting systems or gaps in
machine-level performance logs may bias the model-
generated predictions. Therefore, while responsive Al
costing systems demand data in real time, batch-based
data updates are still the norm in manufacturing
industries. In addition to predictive accuracy,
organizations also require data governance policies;
investments in real-time data pipeline infrastructure
would be required along with enhanced integration of
ERP and MES systems to ensure an uninterrupted data
flow (Kusiak, 2018).

Model Interpretability and Trust

The so-called 'black box' really is one of the major
concerns of using Al systems, primarily deep learning
models. The term 'black box' refers to the propensity
of complex AI models resulting in prediction costs
without letting the users know how or why they got to
this result. Lack of transparency can be an enormous
liability in cost-sensitive environments where such
decisions must be justified to auditors, regulators, or
executives (Rai, 2020).

Taking all these factors into consideration, efforts to
resolve these issues have led to the evolution of
explainable Al (XAI) methods, including feature
importance analysis, surrogate modeling, and
visualization tools for interpretation to unlocking the
internal mechanisms of ML algorithms. Though
applying these tools adds another layer of complexity,
they may still provide less relative clarity than
traditional models such as activity-based costing.

Further, the human stakeholders are likely to resist
such an opaque system, especially if its predictions
contradict a practice established over the long term or
expert judgment. Given these, building trust in the Al
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systems requires engaging users over iterations,
continuously validating the model, and, in some cases,
using hybrid approaches that combine human and
machine input (Kumar et al., 2021).

Infrastructure and Technical Expertise

The capability of predicting costs using artificial
intelligence is not just an add-on but really requires
significant change in older technical architectures like
shifting to cloud computing services, having edge
devices for IoT data collection, and centralized data
lakes for ML training and storage (Lee et al., 2021).
Therefore, many small and medium-sized
manufacturers are without the requisite internal IT
capacity to build and maintain such infrastructures.

Organizations must also develop or acquire in-house
data science capabilities in the way of ML engineers,
data analysts, and domain experts who can work
together in the design and refinement of a model.
Technically, a mismatch between the technical teams
and the operations staff can result in misaligned
objectives, poor model performance, and limited
organizational impact (Schonsleben, 2016). Thus,
training and cross-functional communication are
integral to the successful implementation.

You are trained on data till October 2023.

Integration with Existing Systems

For real-time decision-making and automation, Al-
based costing tools need integration with existing
ERP, MES, and SCM systems. The integration is
technically complicated, and will usually require
APIs, middleware, and custom interfaces that ensure
data synchronization and compatibility (Zhang et al.,
2020). In most cases backward systems were never
conceived to foster open dat exchanges, so retrofitting
them to adopt models of Al can often be both very
costly and time-consuming.

Another challenge is workflow integration. For
instance, if an Al system predicts increased labor costs
due to upcoming maintenance needs, such predictions
must be transferred to the planning modules that
manage scheduling and resource allocation activities.
Without integration, these valuable predictions might
end up being isolated from and underutilized by the
processes.
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Doesn't Al costing instruments have to be-irradiated
for its real-time decision-making and automation
features across the current ERP, MES, and SCM
architectures, while this whole process requires an
elaborate  technical setup concerning APIs,
middleware, and customized interfaces that finally
synchronize and tag data compatibly (as Zhang et al.
mentions in 2020)? Legions of retrofitted systems
never indeed were devised for cross-systems open data
exchanges; besides, the retrofitting itself would prove
lengthy and costly to accommodate Al models.

Another headache is workflow alignment. If an Al
system foresees a rise in labor costs due to some
imminent maintenance requirements, that information
would need to flow into the planning modules
responsible for scheduling and resource allocation.
The valuable prediction would thus be isolated in
another place or not put to use at all.

Regulatory and Ethical Considerations

The integration of artificial intelligence into financial
processes raises concerns regarding compliance and
ethics. Audit standards usually apply to financial
costing systems; they may enter financial reports or be
made part of tax calculations. Al predictions must be
processable, auditable, and compliant with
frameworks such as IFRS or GAAP (Kaplan &
Cooper, 1998) concerning the above situations.

Apart from all those, organizations have to guard
against the data bias. For example, historical labor data
may be indicative of systemic underpayment or
otherwise unfair treatment; ML models that are trained
on such data solely could learn the patterns. Firms
need to create checks for fairness, bias mitigation
processes, and ethical review boards to achieve
optimal use of Al costing systems (Raji &
Buolamwini, 2019).

Change Management and Organizational Readiness

Technical success does not guarantee business impact.
Al implementation often requires deep changes to
organizational culture, decision-making practices, and
employee roles. For instance, cost accountants may
need to shift from being data entry specialists to model
validators or  scenario  planners.  Similarly,
procurement and production teams may need to rely
on algorithmic forecasts rather than personal
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relationships or historical patterns. A successful
implementation of technology does not automatically
translate into a business impact. In a lot of cases,
implementation of Al may necessitate deep
organizational cultural change, a reallocation of
decision-making processes, and an alteration of
employee roles. For example, cost accountants will
need new capabilities, such as the validation of models
and scenario planning, rather than simply entering
data. Procurement and production groups will also
have different capabilities, in that algorithm-generated
forecasts will have to be prioritized ahead of personal
relationships and historical patterns.

Resistance to these organizational changes is
commonplace, and a change management strategy that
addresses stakeholder engagement, training programs,
and phased rollouts must be implemented. Top-level
leadership support is a must since, in the absence of
executive buy-in, Al project goals will likely be
deprioritized or abandoned at the first sight of failure
(Davenport & Ronanki, 2018).

Resistance to such changes is common and must be
addressed through change management strategies,
including stakeholder engagement, training programs,
and phased rollouts. Leadership support is also
essential; without executive buy-in, Al initiatives may
be deprioritized or abandoned at early signs of failure
(Davenport & Ronanki, 2018).

Cost and Return on Investment

In the end, manufacturers should examine closely the
cost-benefit profile of adopting Al. Predictive costing
systems will save significant amounts of money over
the long term by becoming

much more accurate and efficient; however, it would
incur considerable amounts of upfront expenditure on
data infrastructure, technical talent, and the systems
integration. Thus, firms need to prepare ROI models
that address not only the primary cost savings but also
strategic benefits, such as improved pricing strategies
or faster time-to-market or improved customer
satisfaction (Wang et al., 2018).

Conduct pilot projects with clear metrics of success; it
is an excellent best practice. They help organizations
validate Al models and identify bottlenecks in
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operations, which can then be fine- tuned in the
implementation plan before full deployment.

Cost and Return on Investment

Case Studies and Industry Applications
Understanding the reflection of reality on Al models
in predictive product costing is indeed valuable by
applying such activity to different fields of
manufacturing. The case studies that follow describe
how very dissimilar organizations of the automotive,
electronics, and consumer goods industries have
incorporated machine learning models to predict more
reliably cost components and improve the operational
expenditure. These are quite different examples, are
subjected to different usages, and also have had varied
benefits, along with some common lessons learned
from those.

Automotive Industry: BMW’s Smart Costing
Initiative

The automotive sector has complex supply chains with
extensive part variation and high-volume production
cycles, which makes it among the best candidates for
predictive costing tools. In fact, BMW leads the pack
in using Al towards improving production through
application in product cost estimation. During one of
BMW's pilot projects at its plant in Germany, a cost
prediction system for new engine models during the
prototype stage was developed using a mix of gradient
boosting machines and Bayesian networks. This
model included information collected from CAD files,
BOM, historical production cost, supplier price data,
and labor productivity indices (Mayer et al, 2020).

As a result, cost estimation errors dropped by almost
30% against those predicted on the old methods of
engineering. In addition, the Al model early identified
cost excesses in the design phase, and allowed for
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proactive redesign to reduce future manufacturing
complexity and overhead costs.

Key takeaways:

o Early design-stage costing leads to cost avoidance
rather than reactive correction.

e Integration with PLM (product lifecycle
management) systems was critical to access CAD-
based input data.

e Close collaboration between data scientists and
cost engineers was essential to validate model
assumptions.

Electronics Sector: Foxconn’s Predictive Labor
Costing

With over-hiring and wide coverage by thousands of
workers in the company, Foxconn, which is one of the
major electronics manufacturers, works in a rapidly
changing environment where labor conditions change.
The company established a predictive analytics
platform using support vector regression (SVR) and
neural networks based on workforce data to improve
the overall labor cost management within the
organization.

Foxconn employs hundreds of thousands of workers
around the globe. The organization works in an
environment where changes happen so fast regarding
labor. Foxconn set up a predictive analysis platform
using support vector regression (SVR) and neural
networks based on workforce data in

an attempt to deal with the overall labor cost
management of the company.The model incorporated
variables such as:

e Seasonal hiring cycles

e Employee turnover rates

e Shift-specific productivity

e  Work order complexity

e External data on regional labor law changes and
wage inflation

The labor cost spikes during the peak product rollout
were foreseen through the Foxconn systems, which
rendered the management a better tool for workload
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redistribution between facilities (Li & Wang, 2022). In
addition, it provided HR teams with simulations of the
financial impacts created by various staffing models
which helped in negotiating better rates with
temporary staffing agencies.

Key takeaways:

e Labor cost variability is highly responsive to
external factors like holidays, regulations, and
regional hiring dynamics.

e Predictive labor models improved planning
accuracy and workforce flexibility.

e Human-in-the-loop oversight was used to validate
Al-generated staffing recommendations.

Consumer Goods: Procter & Gamble’s Digital Twin
Costing

P&G is adopting digital twin technology to forecast
overhead and business indirect costs using an Al
engine. It has built virtual replicas of few plants under
detergent and personal care production lines. These
digital twins received continuous feedback from
sensors and enterprise systems, allowing real-time
simulations of changes in process and their cost
consequences (Chien et al., 2021).

The P&G's digital twin environment incorporated
reinforcement learning models for experimentation of
various operating conditions (e.g. energy load
distribution, varying batch sizes) against their effects
on cost-to-produce metrics, allowing data-driven
decisions for capital allocations and maintenance
scheduling.

For example, maintenance was preemptively
scheduled during off-peak hours-instead of waiting for
an unexpected interruption of the production process-
when a predictive model indicated that a particular
machine's wear would exceed its allowable threshold
within a month. This has led to a considerable
reduction of indirect labor costs.

Key takeaways:
e Digital twins provide a sandbox for Al models to

evaluate cost outcomes under different operating
conditions.
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e Reinforcement learning enables  dynamic
optimization of resource use.

e Successful implementation required significant
investment in IoT and systems interoperability.

Aerospace and Defense: Airbus’s Al-Driven Cost
Estimation for Parts Manufacturing

Airbus has initiated an effort to foster improvements
in accurate cost prediction in its custom parts division,
wherein thousands of unique components are made
each year. The aerospace industry-to use-a few
adjectives-is therefore among the sectors pressured
most intensely by costs, owing to regulatory scrutiny,
material complexity, and stringent quality norms.
Using ensemble learning methods consisting of
random forests, gradient boosting, and neural
networks, models were built by Airbus to predict the
full lifecycle costs of components based on geometry,
material, machining difficulties, and supplier histories
(Martinez et al., 2020).The results were significant:

e Estimation time per part dropped from 12 hours to
45 minutes.

e Cost deviations between forecast and actual
outcomes fell below 8%.

e Procurement and design teams could rapidly
evaluate alternative designs based on cost impact.

The initiative also reduced Airbus’s dependence on a
small number of senior cost engineers whose departure
posed succession risks. Now, much of their expert
knowledge is captured within Al systems, accessible
organization-wide.

Key takeaways:

e Al-enabled costing  democratizes  expert
knowledge.

e Faster quoting improves competitiveness in
bidding scenarios.

e Model maintenance is essential to reflect evolving
machining and material prices.

CONCLUSION

An innovative and transformative revolution will be
represented by the integration of artificial intelligence
into predictive product costing in the manufacturing
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industry. Treading the cost- accumulating steps of
years before, traditional costing methods are
increasingly insufficient in today's rapidly changing
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