International Journal of Recent Advances in Engineering and Technology

_—
f/l
/|

Archives available at  journals.mriindia.com

International Journal of Recent Advances in Engineering and

Technology
ISSN: 2347 - 2812

Volume 14 Issue 02s, 2025

A Review on the Implementation of Artificial Intelligence for Real-
Time Product Pricing and Demand Forecasting Optimization

IMr. DhananjayNayak , 2Ms. ArchanaThorat, 3Dr. Hanmant Renushe
1Research Scholar , Bharati Vidyapeeth (Deemed to be University), Pune Karad, India
2Research Scholar ,Bharati Vidyapeeth (Deemed to be University), Pune, Karad, India
3Assistant Professor. Bharati Vidyapeeth (Deemed to be University), Pune, Karad, India
Email: Vicky.jaynayak@gmail.com, ?Archana.jadhav2709 @gmail.com,
3Hanmant.renushe@bharatividyapeeth.edu

Peer Review Information

Submission: 21 Oct 2025
Revision: 18 Nov 2025
Acceptance: 05 Dec 2025

Keywords

Artificial intelligence,
dynamic pricing, demand
forecasting, revenue
optimization, machine
learning

Abstract

In the contemporary, fast-paced global market environment,
organizations need to respond swiftly and effectively to changing
consumer expectations, rival pricing schemes, and fluctuating economic
conditions.

A paradigm shift from traditional, heuristic-based approaches to data-
driven, adaptive, and scalable solutions is represented by the
incorporation of Artificial Intelligence (AI) into pricing and demand
forecasting processes. Artificial intelligence (Al) techniques, including
machine learning (ML), deep learning (DL), and reinforcement learning
(RL), have shown remarkably effective at identifying latent demand
patterns, capturing non-linear relationships, and facilitating real-time
dynamic pricing decisions. With a focus on their algorithmic
underpinnings, implementation designs, real-world applications, and
quantifiable effects on business performance, this paper summarizes the
most recent state-of-the-art Al techniques used in product pricing and
demand forecasting optimization.The paper also describes potential
research routes and discusses current issues such data heterogeneity,
model interpretability, and computational complexity. Clarifying the
strategic role of Al in promoting revenue optimization, raising customer
happiness, and boosting overall operational efficiency across a range of
industrial areas is the key goal.

Introduction

But in today's erratic markets, which are

The strategic and operational excellence of
contemporary businesses is supported by two
key npillars: pricing strategy and demand
forecasting. They strengthen a company's
competitive edge by influencing revenue
trajectories, optimizing inventory flows, and
improving  customer  happiness.  These
techniques provided fundamental insights and
were historically guided by rule-based heuristics
and traditional statistical models such as linear
regression, ARIMA, and exponential smoothing.
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characterized by shifting customer behaviour
and complicated data environments, such
strategies frequently fail because they lack the
depth and agility required to handle complexity.
Globalization, digital revolution, and quick
changes in consumer tastes have all contributed
to the growing complexity of market dynamics,
making manual demand planning and static
pricing models inadequate. In this regard, a
revolutionary paradigm change has been
brought about by the development of artificial
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intelligence (AI) and machine learning (ML).
With the help of these technologies, businesses
may move from reactive to proactive tactics,
utilizing vast amounts of real-time data to
improve prediction accuracy and facilitate quick
decision-making.

With an emphasis on real-time applications, this
review paper critically investigates the use of Al
in demand forecasting and product pricing
optimization. It examines the existing literature,
identifies important issues and potential lines of
inquiry, highlights well-known algorithmic
techniques, assesses their applicability in a
range of sectors, such as retail, e-commerce,
transportation, and hospitality. The main goal is
to show how Al is becoming increasingly
important for improving long-term profitability,
customer-centric decision-making, and company
agility.

Literature Review

MohitApte et.al,2024This study introduces a
novel model-free reinforcement learning
technique called Q-learning for dynamic pricing.
In order to enable the Q-learning agent to
iteratively learn the best pricing strategies based
on consumer behaviour and market input, the
study creates a simulation environment that
replicates real-world retail dynamics. The model
adjusts pricing strategies to optimize cumulative
long-term benefits, which eventually results in
higher revenue. The authors show notable
increases in price responsiveness and efficiency
by comparing Q-learning results with
conventional rule-based and static pricing
models. The work demonstrates the potential of
reinforcement learning in real-time retail pricing
and provides solid empirical validation and
theoretical insights. This study makes a
significant contribution to Al-driven revenue
management, especially in retail settings that
are highly competitive and subject to change.

Yi Zheng et.al ,2024 In this work, a novel dual-
agent deep reinforcement learning (DRL)
framework for concurrently optimizing pricing
and inventory replenishment decisions is
presented. Understanding that pricing and
restocking periods are asynchronous, the
authors use two cooperative agents, one for
inventory management and the other for
dynamic pricing. In comparison to conventional
monolithic models, this design better handles
changing decision frequencies and market
dynamics. Furthermore, by using a decision tree-
based machine learning model, demand
prediction accuracy is improved, and more
precise signals are fed into the DRL agents. In
contrast to traditional rule-based and single-
agent techniques, the simulation findings show
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notable gains in revenue performance and
inventory turnover. This study emphasizes how
useful modular, Al-powered techniques are in
intricate pricing and supply chain settings.
Xiaoming Li et.al2023An approach to demand
forecasting in the automotive industry using
hybrid machine learning is presented in this
study. Two high-performance gradient boosting
algorithms, XGBoost and LightGBM, are
deliberately used in the study to model intricate
patterns in the demand for car replacement
parts. The authors find that combining the two
models improves forecasting accuracy when
compared to using each approach alone. The
model's ability to handle high-dimensional data
and capture non-linear correlations is crucial for
comprehending demand fluctuations caused by
consumption patterns, part failures, and
seasonal trends. The model's scalability and
durability are confirmed by experimental
findings, which establish the fusion technique as
a workable option for supply chain optimization
and intelligent inventory planning in the car
aftermarket sector.

Yanting Liao et.al,2024The LightGBM algorithm
is the subject of a comparative analysis of
machine learning models for product demand
forecasting in the research publication. In order
to identify patterns and temporal relationships
in the dataset, the authors painstakingly create
49 characteristics using window statistics and
lag variables. The predicting accuracy of four
machine learning models is assessed: XGBoost,
LightGBM, decision tree regression, and random
forest. LightGBM performs better than its
alternatives in terms of accuracy and
computational efficiency, according to empirical
findings. The study demonstrates the
algorithm's applicability for real-time demand
forecasting jobs and its capacity to manage
large-scale, high-dimensional data. The results
support LightGBM's usefulness in supply chain
and retail settings where precise, timely
forecasts are essential for strategic planning and
inventory optimization.

The Thesis 2023 In comparison to conventional
statistical techniques, the study assesses
algorithms like XGBoost, LightGBM, and Random
Forest, emphasizing their higher accuracy and
versatility. This work's emphasis on model
interpretability, which highlights the necessity of
explainable Al in real-world commercial
contexts, is one of its main contributions. The
thesis shows how these models produce more
accurate demand forecasts by successfully
capturing seasonal patterns and nonlinear
correlations in previous sales data. It also
discusses how crucial feature selection, model
validation, and hyperparameter tuning are to



International Journal of Recent Advances in Engineering and Technology

enhancing performance. This study is a useful
resource for practitioners and researchers
looking to improve forecasting accuracy through
data-driven techniques since it demonstrates the
practicality of ensemble-based machine learning
techniques in actual supply chain applications.
Pablo Hleap2023 , uses reinforcement learning
(RL) to examine the relationship between
dynamic pricing and optimal execution.
According to the study, RL is an effective
framework for managing sequential decision-
making in situations with real-time pricing. The
research shows how agents can learn optimal
pricing strategies through trial-and-error
interactions with the market by modeling
pricing and trade execution as Markov Decision
Processes (MDPs). Since RL actively adjusts to
shifting consumer behavior and market
turbulence, its adaptability is highlighted. The
paper successfully demonstrates how Q-learning
and policy gradient approaches can maximize
pricing results by bridging theoretical
underpinnings with real-world
implementations. Overall, the study highlights
how reinforcement learning may be used to
create sophisticated, flexible pricing systems,
which makes it applicable to both the retail and
banking industries.

ELEKS Research 2023 The ability of RL to
continually learn and modify pricing plans
depending on real-time market variables like
customer demand, competitive pricing, and
consumer behavior is highlighted in this 2023
article by ELEKS Research. The paper describes
how RL agents can independently investigate
and take advantage of the best price points,
which will increase customer happiness and
revenue creation. Because RL enables more
granular control and personalization than
classic rule-based or static pricing models, it is
extremely relevant in dynamic online
marketplaces. The scalability of RL systems and
their suitability for extensive e-commerce
platforms are also covered in the study. All
things considered, the study successfully
demonstrates RL's revolutionary potential in
attaining dynamic, data-driven, and customer-
centric pricing methods, establishing it as a
crucial component of e-commerce systems that
are prepared for the future.

Jeremy Bradley's 2023 A useful and approachable
examination of reinforcement learning (RL) as a
remedy for dynamic pricing problems may be
found in Jeremy Bradley's 2023 handbook.
describing  the fundamental ideas of
reinforcement learning (RL)—agents,
environments, rewards, and policies—before
moving on to its practical uses in pricing
optimization. In order to keep pricing strategies
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flexible and data-driven, they highlight how RL
models can dynamically modify prices in
response to changes in the market, consumer
behavior, and competition actions. Bradley also
describes important implementation processes,
such as algorithm selection, reward function
design, and environment modeling. The paper is
a useful tool for practitioners looking to include
RL into their pricing infrastructure since it
connects theory with real-world deployment
problems. All things considered, the approach
emphasizes RL's function in sustaining customer
engagement in fluctuating market settings while
optimizing long-term profitability.

Georgios Kamaropoulos 2023, The use of
gradient boosting models, XGBoost and
LightGBM, for time series forecasting,
particularly in the area of energy consumption
prediction, is investigated by Georgios
Kamaropoulos. The author demonstrates how
designing lag characteristics, rolling statistics,
and calendar variables can successfully adapt
these sophisticated machine learning
algorithms—which were initially created for
tabular data—for sequential forecasting. The
study contrasts the predictive performance of
the models, highlighting the effectiveness of
LightGBM and the resilience of XGBoost in
managing big datasets with little adjustment.
This article shows how ensemble approaches
are more flexible in real-world situations than
classic time series models like ARIMA, which
have trouble with non-linear patterns and scale.
For data scientists and engineers working on
demand forecasting in the energy sector or
related applications, the article's practical and
organized approach makes it a valuable
resource.

Outcome of the Literature Review

The literature review on Al-based demand
forecasting and dynamic pricing reveals the
following key outcomes:

Improved Accuracy and Adaptability: By
identifying intricate patterns, machine learning
models such as XGBoost and LightGBM provide
better predicting. Hybrid strategies increase
robustness and performance even more.
Real-Time Dynamic Pricing: Reinforcement
learning makes it possible to adjust prices in
real-time in response to consumer behaviour
and market developments, increasing customer
satisfaction and profitability.

Scalability and Efficiency:LightGBM and other Al
models are scalable and quick, which makes
them appropriate for high-frequency settings.
Pricing and inventory systems can be easily
integrated using modular architectures. Al-
assisted inventory and revenue optimization
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reduces stock problems, improves demand
forecasts, and aligns pricing with inventory
decisions.

Explainability and Implementation: Tools for
interpretability, such as feature importance,
facilitate deployment and foster confidence.
Effective feature engineering, model validation,
and feedback utilization are essential for
success.

Challenges and Limitations Identified In the
Literature Review

Based on the reviewed literature, several
challenges and limitations have been observed
in the real-world implementation of Al-based
models for dynamic pricing and demand
forecasting. These challenges span technical,
organizational, and operational aspects:

Data Availability and Quality: Time-stamped,
accurate data is essential for Al forecasting
models. Model reliability is decreased by
missing values, poor data quality, and a dearth of
behavioural or competitive data.

Trust and Interpretability of the Model:
Stakeholders may find it difficult to trust
judgments made by highly accurate models, such
as XGBoost, due to their lack of transparency.
Explainable Al is becoming more and more

necessary to maintain moral and legal
compliance.
Computational Complexity —and  Resources:

Complex models require specialized hardware
and a lot of processing power. The need for
resources is increased by real-time updates,
particularly in dynamic pricing.

Integration Challenges: It can be challenging to
incorporate Al outputs into current workflows
and platforms since existing business systems
might not be compatible with Al tools.

Cost and Skill Requirements: SMEs may find it
difficult to afford the specialist talent and high
costs associated with developing Al solutions.

Conclusion

Modern organizations have made tremendous
progress in data-driven decision-making with
the use of Artificial Intelligence (AlI)-based
optimization in real-time product pricing and
demand forecasting. This review has shown that,
in comparison to conventional statistical and
rule-based methods, machine learning models
like XGBoost and LightGBM, as well as
reinforcement learning strategies like Q-learning
and Deep Q-Networks, provide significant gains
in forecasting accuracy, adaptability, and
revenue optimization.

Al-powered models are excellent at identifying
intricate, non-linear patterns in historical data,
which helps businesses react quickly to shifts in
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the market, in consumer behaviour, and in the
dynamics of competition. Furthermore, dual-
agent systems and modular frameworks exhibit
significant promise for coordinating inventory
and pricing choices, especially in high-frequency
settings like retail supply chains and e-
commerce.

However, successful deployment of these
advanced models requires addressing key
challenges such as data quality, model
interpretability, computational demands, and
integration with legacy systems. The balance
between automation and ethical considerations,
especially in dynamic pricing, must also be
carefully managed.

To sum up, artificial intelligence (Al) presents a
revolutionary route to intelligent, real-time
pricing and demand forecasting decision-
making. Explainable Al, real-time analytics, and
system integration are all on the verge of
becoming indispensable tools for attaining
competitive advantage, strategic agility, and
operational excellence in the digital economy.
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