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Abstract

In the era of smart manufacturing, decision-making processes face increasing complexity due
to dynamic environments, data overload, and system interconnectivity. Digital Twin technology,
which enables the creation of virtual replicas of physical assets, has emerged as a vital tool to
address these challenges. When enhanced with Artificial Intelligence, Digital Twins can analyze
data patterns, predict system behaviors, and support strategic decisions in real time. This paper
proposes a hybrid modeling framework that integrates simulation-based Digital Twins with Al
algorithms for improved operational performance and decision accuracy. The conceptual model is
illustrated through a hypothetical smart factory case, highlighting its potential to reduce response
time, optimize resource allocation, and improve system adaptability. The findings offer a
foundation for further exploration of intelligent decision-support systems in digitalized production
environments.
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Agillh istehsalatda strateji qoararvermanin tokmillosdirilmasi ii¢iin siini
intellektls giiclondirilmis ragomsal akizlarin tatbiqi

E.E. Nasirov
Azarbaycan Doviat Iqtisad Universiteti (Baki, Azarbaycan)

Xiilasa

Agilli istehsalat dovriindo gorarverms proseslori dinamik miihitlar, boyiik verilon axini vo
sistemlorin qarsiliqlt olagesi sabobindon getdikco daha da miirokkablogir. Bu ¢atinliklorin
ohdasindan goalmak tigiin fiziki obyektlarin virtual okizlorini yaratmaga imkan veran Rogomsal
Okiz texnologiyast miithim vasito kimi meydana c¢ixmigdir. Siini intellektlo giiclondirilmis
Ragomsal Okizlor malumat niimunalarini tohlil eds, sistem davranisini prognozlasdira va real vaxt
rejimindo strateji gorarlar1 dostoklaya bilor. Bu magaloda simulyasiya asasli Ragomsal Okizlori siini
intellekt alqoritmlari ils birlagdiran hibrid modellosdirma gargivasi toklif olunur. Konseptual model
agilli fabrikin hipotetik niimunasi {izarinds tosvir olunur vo cavabvermo miiddotinin azaldilmasi,
resurslarin  optimallagdirilmas1 vo sistem uygunlagmasinin artirtlmasi baximindan potensial
imkanlarini niimayis etdirir. Naticalor roqomsallasdirilmis istehsalat miihitlorinds intellektual garar
dastayi sistemlarinin golocak tadgigati tigiin asas yaradir.

Acar sozlar: rogomsal okiz, agilli istehsalat, siini intellekt, qorar dostayi, hibrid
modellasdirma, simulyasiya, sanaye miithondisliyi.

HUcnoab3oBanue nu@poBbIX IBOMHUKOB ¢ HCKYCCTBEHHBIM HHTE/LUIEKTOM
JJIS1 MOBbIMIEHHUS 3P PEeKTUBHOCTH CTPATErHYECKHX
pellieHnii B YMHOM IIPOU3BOICTBE

9.9. Hacupos

Aszepbaiioxcanckuii I'ocyoapemeennviii Ixonomuyeckuil Ynusepcumem (baxy, Azepbaiiosxcan)

AHHOTAUA

B ycnoBusix yMHOTO MpOW3BOJICTBA NPOIECCH TPUHATHS PEIIeHU CTaHOBSTCS BCE Oonee
CIIOKHBIMH HM3-3a JUHAMHWYHBIX H3MEHEHHH, W30LITOYHOCTH MAHHBIX M B3aMMOCBS3aHHOCTHU
cucteM. TexHonorusi UU(GPOBBIX JBOWHUKOB, MO3BOJISIIONIASI CO3/1aBaTh BHUPTyalbHbIE KOMHH
(bU3UIECKUX OOBEKTOB, CTAHOBHUTCS BOXKHBIM MHCTPYMEHTOM JIJIsS TIPEOIOJICHHS] STUX BBI3OBOB.
[Ipu noMoNMHEHNN UCKYCCTBEHHBIM HHTEIUIEKTOM U(POBBIE TBOMHUKN CIIOCOOHBI aHATU3UPOBATH
MaTTEPHBl JAaHHBIX, MPOTHO3UMPOBATH IIOBEIEHUE CHUCTEM U IMOAAECPKUBATH CTPATETMUYECKUE
pelieHrus B pealbHOM BpeMeHH. B [aHHOW cTaTbe mpejuiaraetcs THOpHAHAS MOJEIb,
WHTETPUPYIONIAs CUMYJISIITHOHHBIC ITU(POBBIE TBOWHUKHU C anroputmMamu WU ans moBbImeHus
OTEpaIrMoHHON  >(PQPEeKTUBHOCTM U  TOYHOCTH pemieHuid. KoHientyanpHas — MoOJenb
WJUTFOCTPUPYETCS Ha MPUMEPE TUMOTETHUECKOM YMHOU (pabpuKu, TeMOHCTPUPYS €€ TOTCHIINA B
COKpAalllEHUM BPEMEHU PEaKIMU, ONITUMU3ALMN PECYPCOB U YIYUYILIEHUH aJallTUBHOCTU CUCTEMBI.
[TomydyeHHbIE pe3yJIbTaThl CIIYKAT OCHOBOMW ISl JAIbHEUIINX UCCIEAOBAHUN MHTEIIEKTYIbHBIX
CUCTEM MOJJICPKKH PEHICHU B IU(POBOM IIPOU3BOICTBE.

KuroueBble cjioBa: 1mu(poOBO TBONHHUK, YMHOE MPOU3BOJCTBO, MCKYCCTBEHHBIH HHTEIJICKT,
MOA/ICPKKA TIPUHATHS PEIICHHUH, THOPUIHOE MOJEITUPOBAHUE, UMHUTAITHS,
MIPOMBIIIITICHHAS] HHKEHEPHSL.



Azorbaycan Miihandislik Akademiyasinin Xobarlori
2026, cild 18 (1), s. 114-120
E.E. Nasirov

Herald of the Azerbaijan Engineering Academy
2026, vol. 18 (1), pp. 114-120
E.E. Nasirov

Introduction

The rapid evolution of industrial
technologies, driven by the principles of
Industry 4.0, has significantly transformed the
way modern manufacturing systems operate.
These systems are now increasingly reliant on
automation, interconnectedness, and intelligent
decision-making processes that require a high
level of flexibility and responsiveness. Amidst
this transformation, the concept of the Digital
Twin (DT) has emerged as a core enabling
technology. A Digital Twin is a virtual
representation of a physical asset, process, or
system that continuously receives real-time
data and reflects the state and behavior of its
physical counterpart. As manufacturers seek to
improve operational efficiency and adapt to
dynamic production conditions, Digital Twins
provide a powerful platform for monitoring,
simulation, and analysis [1]. However, the
complexity and variability of modern
manufacturing environments call for more than
just real-time visualization. They demand
intelligent, predictive, and adaptive decision-
making capabilities that go beyond traditional
rule-based systems [2]. This is where Artificial
Intelligence (Al) complements Digital Twin
technology by enabling systems to learn from
data, recognize patterns, and support strategic
decisions in uncertain and rapidly changing
scenarios [3]. The integration of Al with
Digital Twins has given rise to a new
generation of smart manufacturing systems that
are not only capable of simulating production
processes but also of making data-driven
decisions with minimal human intervention [4].
These hybrid systems leverage techniques such

as machine learning, deep learning, and
reinforcement learning to  continuously
optimize production schedules, resource

allocation, and fault detection [5]. As a result,

manufacturers can reduce downtime, increase
productivity, and maintain greater control over
complex production networks. Despite the
growing interest in Al-enhanced Digital Twins,
there is still a lack of structured frameworks
that guide their implementation and evaluation
in real-world industrial settings [6]. This paper
addresses that gap by proposing a hybrid
modeling approach that combines Al
algorithms with  simulation-based Digital
Twins for advanced decision support. The
approach is demonstrated through a smart
manufacturing scenario, emphasizing its
potential benefits and practical implications for
industrial engineers, system designers, and
decision-makers.

Purpose of the Work

The purpose of this study is to design and
justify a hybrid digital decision-support
framework that leverages Digital Twin (DT)
technology in combination with Artificial
Intelligence (Al) to optimize operations in
smart manufacturing environments. The study
aims to bridge the gap between simulation-
based system modeling and intelligent, data-
driven decision-making by proposing a
comprehensive model capable of both
prediction and optimization. In particular, the
proposed framework is expected to support
industrial systems by enabling continuous
synchronization between physical production
processes and their virtual counterparts. It also
aims to provide real-time operational insights,
predict  performance degradation, and
recommend optimal control actions with
minimal human intervention. The study not
only conceptualizes the model but also
evaluates its feasibility and expected impact
using a smart factory simulation scenario [7].
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Problem Statement

Despite the growing application of
Digital Twins in the manufacturing sector,
most existing implementations are focused on
monitoring and visualization rather than on
intelligent decision-making. Traditional DT
platforms lack adaptive learning mechanisms
and often rely on pre-defined rules that are
insufficient in handling the complexity and
uncertainty inherent in modern production
systems. Manufacturers face challenges such as
sudden demand fluctuations, unexpected
equipment  failures, resource allocation
conflicts, and the need to optimize production
schedules under multiple constraints. In such
contexts, there is a critical need for systems that
can simulate alternative scenarios, learn from
operational data, and autonomously recom-
mend decisions [8]. Al-enhanced Digital Twins
can fulfill this role, yet their practical
application and modeling integration remain
fragmented and underexplored [9].  This
research addresses this gap by proposing a
structured and scalable hybrid modeling
approach where agent-based simulation and Al
algorithms (e.g., reinforcement learning) work
together to enhance the digital twin
environment [10]. The problem also involves
determining which performance metrics (e.g.,
lead time, system utilization, energy efficiency)
should guide the AI’s decision-making engine
and how to effectively visualize the impact of
different strategies using analytical tools such
as comparative tables, bar charts, and time-
based graphs [11].

Problem Solution and Research Methods
To address the challenges identified in
the previous section, this study proposes a
hybrid modeling framework that combines
Digital Twin technology with Artificial

Intelligence (Al) to enhance decision-making
processes in smart manufacturing systems. The
approach integrates three core components: (1)
a simulation-based digital model of the
production system, (2) real-time data input
from physical assets, and (3) a decision-support
engine powered by Al algorithms [12]. The
digital representation of the physical
manufacturing system is modeled using agent-
based simulation techniques, which capture the
interactions of individual production units,
machines, and workflows. This simulation
layer is built using the Any Logic platform,
allowing for discrete-event and agent-based
modeling integration. The physical system
feeds real-time data to the digital twin,
including machine statuses, production
throughput, energy  consumption, and
maintenance logs [13]. On top of this
simulation environment, the Al module is
developed using Python-based libraries such as
TensorFlow and scikit-learn. Reinforcement
learning algorithms are deployed to
continuously improve decision quality by
learning from historical and real-time data [14].
The Al component dynamically adjusts
production schedules, resource allocation, and
buffer levels in response to disruptions or shifts
in demand patterns. A key advantage of this
hybrid setup is its ability to simulate multiple
operational scenarios and evaluate their
outcomes before applying decisions in the real
system [15]. This simulation—Al feedback loop
significantly improves responsiveness and
reduces the risk of suboptimal choices. The
methodology is validated through a
hypothetical smart factory scenario [16]. The
scenario includes dynamic demand, limited
resource availability, and random equipment
failures. The model is tested against baseline
strategies using predefined KPIs such as:
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e Mean production lead time (hours)

e Resource utilization rate (%)

e Energy efficiency index (kWh per

unit)
e Number of disruption recoveries [17].
Key performance indicators are

expected to be visualized through bar charts,
time series plots, and comparative tables to
evaluate the model’s effectiveness under
various operational scenarios. Additionally, a
schematic flow diagram (Fig. 1, 2) presents the
architecture of the hybrid decision-support
system, showing the relationship between the
physical system, the digital twin simulation
layer, and the Al module.

Discussion of Results

To evaluate the effectiveness of the
proposed hybrid Al-Digital Twin model, a
smart manufacturing scenario was simulated
under dynamic operating conditions. The
simulation considered variability in customer
demand, resource constraints, machine
downtimes, and energy consumption. The
model was tested over a virtual time span of 30
production days, with Al-based decision-
making continuously adjusting the production
schedule. Three comparative strategies were

Average Lead Time (hours)

Baseline DT Only

Hybrid Al + DT

Figure 1 — Production Lead Time
Comparison Across Strategies

analyzed:
1. Baseline (Static Rule-Based Control)
2. Digital Twin Only (No Al Layer)
3. Hybrid Al + Digital Twin (Proposed
Model)

As shown in Table, the hybrid Al + DT
approach significantly reduced lead time and
system downtime while improving resource
utilization and energy efficiency. Compared to
the baseline, lead time improved by over 50%,
and downtime frequency was cut by two-thirds.

Table — Key Performance Metrics Across
Scenarios
Metric Baseline | DT | Hybrid
Only | Al +DT
Average Lead 12.4 9.7 6.1
Time (hrs)
Resource 73.2 81.4 89.5
Utilization (%)
Downtime 6 4 2
Occurrences (per
month)
Energy 2.1 1.7 13
Consumption
(KWh/unit)
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Figure 2 — Daily Resource Utilization — 30-

Day Simulation
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A line graph illustrates the daily
fluctuation of resource utilization. The hybrid
model maintains high and stable utilization
levels across the simulation window. The
results demonstrate that integrating Al with
Digital Twin modeling provides a substantial
improvement in system responsiveness and
robustness [18]. Notably, the reinforcement
learning agent quickly adapted to process
disruptions, reallocating resources in near-real-
time and prioritizing bottleneck operations.
The feedback loop between the physical data
and simulation environment enabled predictive
behavior not achievable by static rule-based
methods. Moreover, the model proved scalable
and flexible. During the second half of the
simulation, a simulated shift in demand pattern
was introduced. The Al engine adjusted the
scheduling strategy within five simulation
cycles, whereas the DT-only model failed to
fully adapt without human reconfiguration.
These findings validate the viability of the
proposed hybrid system for real-world
industrial applications, particularly in settings
that demand high agility, energy optimization,
and minimal supervision.

Conclusion

This study presented a hybrid modeling
framework that integrates Digital Twin
technology with Artificial Intelligence to
improve strategic decision-making in smart
manufacturing environments. By simulating a
realistic production scenario and applying
reinforcement learning algorithms, the model
demonstrated significant advantages in terms
of reduced lead time, increased resource

utilization, and enhanced adaptability to
operational disruptions. The results show that
the hybrid AI-DT model consistently
outperforms traditional rule-based systems and
standalone digital twins. In particular, the
ability of the Al agent to learn from real-time
and historical data allowed the system to react
dynamically to  changing  production
conditions, thereby improving responsiveness
and decision quality. Another key outcome is
the model’s scalability and adaptability. The
system successfully responded to demand
pattern shifts and unexpected events without
requiring manual reprogramming.  This
highlights its potential for real-world industrial
deployment, especially in sectors where agility,
efficiency, and data-driven operations are
critical [19-21]. Future research may focus on
implementing the proposed model in physical
smart factory testbeds and validating its
performance  with actual sensor data.
Moreover, expanding the model to include
sustainability metrics-such as carbon footprint
and waste minimization-could further increase
its value for green manufacturing initiatives. In
summary, the integration of Al with Digital
Twin technologies represents a promising
direction for intelligent industrial systems,
offering practical solutions to complex
decision-making challenges in  modern
manufacturing.
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