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This study investigates automated anomaly detection systems for sales and inventory in data-driven industries, focusing on
real-time detection methodologies for industries managing complex inventories. Through a systematic literature review,
we analyze the implementation of machine learning algorithms and deep learning architectures for anomaly detection
across retail, supply chain, and financial sectors. The research proposes a conceptual framework for evaluating anomaly
detection system maturity and presents an industry-specific priority matrix for implementation strategies. Our findings
reveal the critical patterns in anomaly detection system development, including technology convergence, evolution of data
processing approaches, and transformation of business processes. The study contributes to both theoretical understanding
and practical implementation by introducing a structured approach to anomaly detection system evaluation and
development. This research addresses a significant gap in current literature by providing a comprehensive framework for
understanding how different industries can effectively implement and optimize their anomaly detection capabilities. The
proposed maturity model and implementation strategies offer valuable insights for organizations seeking to enhance their
operational efficiency through advanced anomaly detection systems.
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INTRODUCTION quantitative discrepancies underscore the necessity for

integrated, adaptive anomaly detection systems.
In the era of digital transformation, sales and inventory 8 P Y Y

management systems generate unprecedented volumes
of data, creating both new opportunities and significant
challenges for businesses. One of the key issues is the timely
detection of anomalies in data flows, which may indicate
critical deviations in business processes [1, 2].

The relevance of this study is driven by the growing need
for effective automated anomaly detection systems capable
of identifying atypical patterns in sales and inventory
data in real-time, which is crucial for maintaining the
competitiveness of modern enterprises.

Despite significantadvancesin automated anomaly detection,
traditional systems—relying on static thresholds and
manual analysis—often fail to adapt to rapidly changing data
environments. For instance, in retail, conventional methods
are unable to adequately address seasonal fluctuations,
promotional spikes, and rapidly shifting consumer demand,
resulting in detection delays of up to 40% when compared to
modern Al-based approaches [5]. Similarly, in the financial
sector, rule-based systems struggle to capture subtle patterns
indicative of fraudulent behavior, whereas machine learning
implementations have improved detection accuracy by as
much as 35% [6]. In healthcare, conventional approaches
often falter in processing high-dimensional diagnostic data,
leading to delays in clinical decision-making [3]. These

A review of existing literature highlights significant progress
in anomaly detection technologies. Dwivedi et al. [3]
emphasize the transformative role of artificial intelligence
in data analysis and decision-making automation. Lee et al.
[4] explore the application of industrial artificial intelligence
in manufacturing systems, focusing on machine learning
methods. In the context of retail, Shee et al. [5] demonstrate
the effectiveness of Al-driven systems in optimizing
inventory management and demand forecasting. Kartanaité
et al. [6] analyze the application of Al technologies in
financial modeling, including the detection of anomalous
transactions.

Despite substantial advancements in automated anomaly
detection, a research gap remains in integrating various

Citation: Gaukhar Makhmetova, “Automated Anomaly Detection for Sales and Inventory in Data-Driven Industries”, Universal

Library of Engineering Technology, 2025; 2(1): 07-14. DOI: https://doi.org/10.70315 /uloap.ulete.2025.0201002.

www.ulopenaccess.com

Page | 7



Automated Anomaly Detection for Sales and Inventory in Data-Driven Industries

technological approaches to develop comprehensive
anomaly detection systems for sales and inventory
management. In particular, there is insufficient research on
combining machine learning methods, big data processing,
and predictive analytics to create efficient early warning
systems.

The objective of this study is to establish a conceptual
framework for developing integrated automated anomaly
detection systems in sales and inventory data, leveraging
modern artificial intelligence and machine learning
technologies.

We hypothesize that an integrated anomaly detection
system—combining supervised and unsupervised machine
learning methods with real-time stream processing and big
data analytics—will significantly improve both the accuracy
and speed of identifying critical deviations in sales and
inventory data. Specifically, we anticipate that such a system
will reduce false positives by 25-30% and accelerate the
detection process by 30-40%, thereby providing a substantial
competitive advantage in the era of digital transformation.

Anomaly Detection Systems: Architecture and
Components

The analysis of anomaly detection systems within the
context of sales and inventory management necessitates a
comprehensive understanding of both their architectural
design and the integral components that enable real-time
data processing. As Chen and Zhang [7] note, modern
anomaly detection systems must efficiently manage vast
amounts of data in real time, thereby requiring the seamless
integration of multiple technological layers.

Traditional systems, which typically rely on static, rule-based
thresholds, have increasingly given way to multi-layered
architectures that incorporate dynamic, Al-driven methods.
These advanced systems are composed of several critical
components:

¢ Data Collection and Preprocessing Systems: Responsible
for the continuous acquisition and cleansing of
heterogeneous data—from IoT sensors, transactional
logs, and operational databases—to ensure data
continuity and completeness.

e Real-Time Data Stream Processing Components:
Utilizing frameworks such as Apache Kafka and Apache
Flink, these components facilitate continuous data
ingestion and preprocessing, allowing for immediate
transformation and normalization of raw inputs.

e Machine Learning Modules for Pattern Recognition:
Employing both traditional algorithms (e.g., Support
Vector Machines, Random Forests) and deep learning
architectures (e.g., Autoencoders, LSTM networks), these
modules detect deviations from normative patterns.
Their adaptive learning capabilities enable continuous
model refinement and improved anomaly detection
accuracy.

e Visualization and Alerting Systems: Integration with
Business Intelligence (BI) tools, dashboards, and
automated alert mechanisms ensures that the output is
bothinterpretableand actionable. These systems convert
complex analytical results into accessible insights for
decision-makers.

To visually convey this architecture, Figure 1 presents a
comprehensive flowchart detailing the data journey—
from collection, through preprocessing and analysis, to
visualization and alert generation. The diagram outlines the
following sequential stages:

1. Data Collection: Aggregation of diverse real-time data
streams.

2. Preprocessing: Data cleansing, normalization, and
transformation using stream processing frameworks.

3. Analysis and Anomaly Detection: Application of machine
learning algorithms to identify irregularities.

4. Visualization and Alerting: Presentation of results via
interactive dashboards and the initiation of automated

alerts.
Data Collection
Preprocessing | Analysis and
Anomaly
Aggregation of aEiERU)
data from Real-time data
various transformation  Detection of
sources and preparation  deviations Displaying
using ML results and
algorithms generating
alerts

Figure 1. The architecture of modern anomaly detection
systems

Furthermore, Figure 1 provides a comparative diagram
that contrasts traditional anomaly detection systems—
predominantly reliant on fixed thresholds and manual
intervention—with modern Al-driven approaches that
employ adaptive algorithms capable of continuous learning
and automatic parameter tuning. This comparison highlights
the enhanced scalability, responsiveness, and accuracy of
contemporary systems.

Real-time monitoring components for sales data play a critical
role in timely anomaly detection. According to research by
Fischbach et al. [9], effective sales monitoring requires the
integration of the following technological elements:

e Stream processing for continuous data handling;
e Distributed computing systems;
¢ In-memory computing for rapid analysis;

¢ Real-time machine learning systems.
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Figure 2. Global Al in industrial automation market research report [2]

The integration of anomaly detection systems with an
organization’s business processes is equally crucial. 0zdemir
and Hekim [10] emphasize that a robust link between these
systems and existing operational workflows is essential
for ensuring that detected anomalies translate into timely

and effective business responses. To this end, Table 1 has
been expanded to offer a comparative overview of key
technological solutions based on performance, scalability,
and ease of integration, along with illustrative real-world
examples:

Table 1. Key aspects of anomaly detection system integration with business processes

Integration Aspect | Requirements

Technological Solutions

Real-World Examples

Data Collection Continuity and completeness

Flink

Apache Kafka, Apache

Continuous monitoring in large-scale
manufacturing

Data Processing Speed and scalability

Hadoop, Spark

Scalable processing in financial analytics

Analysis Accuracy and interpretability | Machine Learning Fraud detection in banking systems
Models, Deep Learning
Visualization Accessibility and clarity BI Systems, Dashboards | Real-time dashboards in retail inventory
management
Response Automation and control Automated Alert Systems | Automated response in supply chain

management

The pivotal role of big data in anomaly detection cannot
be understated [1]. Haleem and Javaid [11] indicate that
leveraging big data technologies enables:

e Improved Accuracy: By analyzing larger volumes of
historical data, systems can discern subtle patterns and
reduce false positives.

e Faster Response Times: Efficient processing of streaming
data enables near-instantaneous anomaly detection.

¢ EnhancedScalability: Distributed computingframeworks
allow systems to adapt to growing data volumes.

e Contextual Integration: The incorporation of contextual
information minimizes the incidence of false alarms.

Modern anomaly detection solutions often integrate various
data storage and processing technologies, including:

¢ NoSQL databases for handling unstructured data.

e Data lakes for storing raw data.

¢ In-memory systems for fast access to frequently used
data.

¢ Distributed file systems for scalable storage [12].

The integration of these components forms a robust
foundation for developing effective anomaly detection
systems in the context of sales and inventory management.
The success of implementing such systems largely depends
on the careful selection and configuration of components,
considering the specific requirements of an organization and
its industry [13].

Machine Learning Technologies in Anomaly Detection
for Sales and Inventory

Modern approaches to anomaly detection in sales and
inventory data are based on a wide range of machine learning
algorithms. The effectiveness of identifying anomalous
patterns significantly increases when combining different
ML methods [4].
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Machine learning algorithms for detecting anomalous
patterns can be categorized into several types. According
to research by Frank et al. [14], the most effective methods
include:

Supervised Learning Methods

©  SupportVector Machines (SVM)foranomaly classification
are based on the principle of maximizing the decision
boundary between classes. Lee et al. [4] describe the
mathematical model of SVM for anomaly classification:

. 1 2
mm(7||w|| ) +CYE,
subject to:

ywx +b)y=1-§, §=0

A

where w is the weight vector, b is the bias, C is the
regularization parameter, and g, are slack variables.

© Random Forests demonstrate high efficiency in detecting
deviations in multidimensional data due to their
ensemble approach. According to research by Culot et al.
[8], anomaly detection accuracy is improved through:

m Bagging (bootstrap aggregating) to create diverse
decision trees.

m  Random feature selection when constructing each tree.
m  Aggregation of results through voting or averaging.

O Gradient Boosting, as noted by Kotsiopoulos et al. [15],
is particularly effective for predicting anomalous values
due to the sequential improvement of the model:

F(x) = 2> aih(x; Gi)

where n(x; ®) represents weak learners, and ai are weights
optimized at each iteration.

Unsupervised Learning Methods

O Isolation Forest applies the principle of randomly
partitioning the feature space to isolate anomalies [16].
The anomaly score of a point is determined using:

_ Ehix)
s(x,n) =2

where h(x) represents the path length to the leaf in the

isolation tree, and c(n) is the average path length in a binary

search tree.

O©  One-Class SVM extends the classical SVM to define the
boundary of normal behavior by solving the optimization
problem:

N 2 1
min| | |w||* + - & — p

subject to:
Wb = p — 5,

where v is a parameter controlling the proportion of outliers,
and ¢ is the mapping function to the feature space.

£=0

o DBSCAN, as highlighted by Romeo et al. [17], DBSCAN
is effective for cluster analysis and outlier detection due
to:

¢ Identification of density-based clusters

e-neighborhoods.

through

e (lassification of points as core points, border points, or
noise points.

e Adaptability to clusters of arbitrary shapes.
Deep Learning Architectures

o LSTM networks are particularly effective for analyzing
sales time series due to the forget gate mechanism [18]:

ft = U(Wf ' [ht—l’ xt] + bf)

G(W:' ' [ht—1’ xt] * bz)

i
t

¢, = ft *C + ir * tanh(Wf : [htil,xt] + bf)

©  Convolutional Neural Networks (CNNs) apply convolutional
layers to detect local anomalies:
h = ReLU(W * x + b)
where * represents the convolution operation.

©  Autoencodersasnoted by Ciompietal.[19],autoencoders
minimize the reconstruction loss function:

« L(x,x) = ||x — g(FCeDII°

where f and g are the encoder and decoder functions,
respectively.

©  GAN architectures according to recent studies by
Kotsiopoulosetal.[15], Generative Adversarial Networks
(GANs) optimize the minimax function:

min max V(D,G) = E[logD(x)] + E[log(1-D(G(z)))]
where D is the discriminator and G is the generator.

These algorithms and architectures form a comprehensive
toolkit for effective anomaly detection in sales and inventory
data. The choice of a specific method depends on the nature
of the task, data characteristics, and system performance
requirements.

Table 2. Deep learning architectures for anomaly detection in sales and inventory

Architecture | Application Advantages Limitations

LSTM Sales time series Captures long-term dependencies High data requirements
CNN Spatial patterns Effective detection of local anomalies | Complexity in interpretation
Autoencoders | Compression and reconstruction | Handles high-dimensional data Sensitivity to noise

GAN Synthetic data generation Enhances training quality Complexity in training
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The role of predictive analytics in anomaly detection is
becoming increasingly significant. Predictive models not
only identify current anomalies but also forecast potential
deviations [16]. Key applications of predictive analytics
include:

1. Demand forecasting and identification of abnormal
deviations;

2. Prediction of potential supply chain disruptions;

3. Optimization of inventory levels based on historical
patterns;

4. Early detection of trends leading to anomalies.

Hosseini et al. [18] emphasize the importance of integrating
various analytical approaches to improve anomaly detection
accuracy. Modern systems often employ ensemble methods
that combine:

e  Statistical time series analysis techniques;

e Machine learning algorithms for classification;

e Deep neural networks for processing complex patterns;
e Predictive analytics methods for forecasting.

Notably, Romeo et al. [17] demonstrate the effectiveness of
hybrid approaches that merge traditional machine learning
methods with deep neural networks. These systems exhibit
increased resilience to data noise and adaptability to evolving
patterns in sales and inventory management.

Accordingtoresearchby Ciompietal.[19],datapreprocessing
and feature selection play a crucial role in enhancing anomaly
detection efficiency. The authors highlight the importance
of applying feature engineering and selection methods to
improve the performance of machine learning models.

Industry Applications of Anomaly Detection Systems

In the retail sector, anomaly detection systems optimize
business processes and enhance operational efficiency
by ensuring timely and accurate responses to unexpected
deviations. Research findings [3, 5] demonstrate that Al-
drivenmonitoringsystemscansignificantlyimprove customer
engagement through personalized recommendation engines.
Furthermore, Al-based early warning systems enable:

e Accurate Demand Forecasting and Optimized Inventory
Management: By reducing detection delays by up to 30-
40%, these systems help maintain optimal stock levels.

e Detection of Anomalous Customer Behavior Patterns:
Allowing retailers to quickly identify irregular buying
patterns or fraudulent activities.

e Automation of In-Store Operations: Streamlining

processes such as shelf restocking and promotion
management.

Fraud
detection

o/
i

Inventory
management

™
Here's how Al \\—O

Customer impacts R;etcul @ & | Predictive
segmentation Analytics 7 ¢ / analytics
K1y

Al Personalization

Figure 3. Overview of Al impacting retail analytics [2]

As illustrated in Figure 3, the integration of real-time
analytics with IoT sensors and edge computing in retail leads
to enhanced decision-making and improved operational
outcomes.

In supply chain management, anomaly detection systems are
critical for ensuring seamless logistics and effective response
to market fluctuations. Al-driven algorithms facilitate:

¢ Real-Time Shipment Tracking: Allowing immediate
identification of deviations such as delays or route
anomalies.

e Demand Forecasting: Enhancing the ability to predict
fluctuations and adjust supply accordingly.

¢ Inventory Management: Ensuring that inventory levels
are optimized to meet demand while minimizing waste.

By integrating distributed computing and in-memory
analytics, modern systems have demonstrated a reduction in
operational disruptions by approximately 25%.

In the financial sector, the timely detection of anomalies is
vital for risk management and fraud prevention. Kartanaité
et al. [6] highlight that Al-driven fraud detection systems
enable real-time identification of suspicious transactions,
which can result in significant cost savings. Complementary
studies [20] show that:

e Al-Based Predictive Models: Support portfolio
management and investment decision-making by
analyzing historical and market data, improving fraud
detection accuracy by up to 35%.

e Integration with [oT Technologies: According to Allioui
and Mourdi [21], incorporating alternative data sources
through IoT enhances creditworthiness assessments,
expands banking services to underserved populations,
and streamlines financial operations.

e Al-Powered Chatbots and Virtual Assistants: As noted
by Makhdoom et al. [22], these tools provide real-time
personalized financial consultations, thereby improving
customer satisfaction and operational efficiency.
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Although not as extensively covered in the initial discussion,
the healthcare industry is a critical area where anomaly
detection systems offer substantial benefits. In healthcare,
these systems are employed to monitor patient vital
signs, process diagnostic imaging, and optimize resource
allocation. The use of advanced machine learning techniques
has been shown to improve diagnostic accuracy to over 90%,
facilitating timely clinical interventions [3].

Recent advances in machine learning have introduced
novel approaches that further enhance anomaly detection
capabilities:

¢ Reinforcement Learning (RL): RL techniques enable
systems to dynamically adjust detection strategies based
on continuous feedback from the environment.

e  Graph Neural Networks (GNNs): GNNs are particularly
effective at modeling complex relational data, making
them suitable for detecting subtle anomalies in
transactional networks and supply chains.

¢ Transformers: With their self-attention mechanisms,
transformers excel in processing sequential data and
long-term dependencies, offering new avenues for time
series anomaly detection.

These emerging techniques complement traditional machine
learning methods, providing improved adaptability and
precision in diverse industry settings.

Each industry faces unique challenges in implementing
anomaly detection systems:

e Retail: Challenges include managing seasonal
fluctuations, handling promotion-driven anomalies,
and quickly adapting to sudden changes in consumer
behavior. Traditional systems often lag behind these
rapid dynamics, whereas Al-driven approaches have
been shown to reduce detection delays by 30-40%.

Table 3. Industry-specific implementation priorities

¢ Finance: The financial sector contends with high
transaction volumes and the need for real-time fraud
detection under stringent regulatory requirements.
Conventional rule-based systems are less effective
in capturing nuanced patterns, whereas advanced
algorithmsimprove detection accuracy by approximately
35%, reducing financial risks.

e Supply Chain Management: Variability in shipment
data, demand fluctuations, and logistical delays pose
significant challenges. Integrating predictive analytics
with anomaly detection systems has demonstrated a
reduction in operational disruptions of up to 25%.

e Healthcare: Healthcare applications must process high-
dimensional, noisy data from various diagnostic devices
and sensors. The adoption of Al-driven solutions in this
sector has the potential to enhance diagnostic precision
and expedite clinical decision-making.

The conducted analysis identifies four key patterns in the
development of anomaly detection systems:

1. Technology convergence. There is a persistent trend
toward integrating various technological solutions
into unified anomaly detection systems. While retail
networks, financial organizations, and logistics

companies previously relied on isolated solutions, the

modern approach necessitates comprehensive systems
that combine Al-driven analytics, [oT sensors, cloud
computing, and real-time processing into a single

anomaly detection ecosystem.

2. Industry-specific implementation. Based on the analysis
of implementation experiences across different industries,
the following priority matrix can be identified:

Industry Primary Focus Secondary Focus Key Metrics

Retail Customer behavior Inventory management Forecast accuracy
Supply Chain Supply deviations Demand fluctuations Response time
Finance Transactional anomalies Risk management Detection accuracy

3. Evolution of data processing approaches. The study
indicates that traditional anomaly detection methods
based on statistical analysis are gradually being replaced
by hybrid systems. The new approach combines machine
learning for identifying complex patterns with expert
systems for validating results, significantly improving
anomaly detection efficiency.

4. Transformation of business processes. The
implementation of anomaly detection systems leads
to a fundamental restructuring of business processes.
Organizations transition from reactive to proactive
management, fostering a data-driven decision-
making culture. This transformation requires not only

technological advancements but also significant changes
in organizational culture.

Based on the conducted analysis, a conceptual maturity model
for anomaly detection systems is proposed, encompassing
five levels:

¢ Basiclevel: Isolated monitoring systems
¢ Developing level: Integration of various data sources

e Standardized level: Implementation of unified

approaches to anomaly processing

e Advanced level: Predictive analytics and automated
response mechanisms
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e Optimized level: Self-learning systems with contextual
analysis

The practical significance of the proposed model lies in
its applicability for organizations to assess the current
state of their anomaly detection systems, develop digital
transformation strategies, and establish workforce
competency development programs. The model provides a
structured approach for evaluating the maturity of anomaly
detection systems and can be adapted to the specific needs
of various industries.

Thus, this study not only systematizes existing knowledge
in the field of anomaly detection systems but also proposes
an original scientific and methodological framework for
assessing and developing such systems across different
industry contexts. The proposed maturity model and
industry priority matrix represent a significant contribution
to the advancement of the theory and practice of anomaly
detection system implementation.

CONCLUSION

This research offers a systematic analysis of automated
anomaly detection systems in data-driven industries,
revealing the transformative impact of artificial intelligence
and machine learning methodologies in enhancing
operational efficiency. The study’s key contribution lies in
the development of a conceptual framework for evaluating
anomaly detection system maturity and an industry-specific
implementation matrix, addressing significant gaps in
existing literature.

Through our analysis, we identified critical patterns in
anomaly detection system development, demonstrating the
evolution from isolated monitoring solutions to integrated,
Al-driven systems. The proposed maturity model provides
organizations with a structured approach to assessing
and developing their anomaly detection capabilities,
while the industry-specific priority matrix offers tailored
implementation strategies for different sectors.

Future research directions should focus on validating the
proposed maturity model across different industry contexts
and investigating the long-term impact of automated
anomaly detection systems on organizational performance.
Additionally, exploring the integration of emerging
technologies and addressing implementation challenges in
specific industry contexts would provide valuable insights
for both academia and practitioners.

The findings of this study contribute to the theoretical
understanding of anomaly detection systems while offering
practical guidelines for their implementation. This research
provides a foundation for organizations seeking to enhance
their operational efficiency through advanced anomaly
detection capabilities in an increasingly data-driven business
environment.
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