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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 AI 

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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Ağıllı istehsalatda strateji qərarvermənin təkmilləşdirilməsi üçün süni 

intellektlə gücləndirilmiş rəqəmsal əkizlərin tətbiqi 

 
E.E. Nəsirov 
Azərbaycan Dövlət İqtisad Universiteti (Bakı, Azərbaycan) 
 

Xülasə  

Ağıllı istehsalat dövründə qərarvermə prosesləri dinamik mühitlər, böyük verilən axını və 

sistemlərin qarşılıqlı əlaqəsi səbəbindən getdikcə daha da mürəkkəbləşir. Bu çətinliklərin 

öhdəsindən gəlmək üçün fiziki obyektlərin virtual əkizlərini yaratmağa imkan verən Rəqəmsal 

Əkiz texnologiyası mühüm vasitə kimi meydana çıxmışdır. Süni intellektlə gücləndirilmiş 

Rəqəmsal Əkizlər məlumat nümunələrini təhlil edə, sistem davranışını proqnozlaşdıra və real vaxt 

rejimində strateji qərarları dəstəkləyə bilər. Bu məqalədə simulyasiya əsaslı Rəqəmsal Əkizləri süni 

intellekt alqoritmləri ilə birləşdirən hibrid modelləşdirmə çərçivəsi təklif olunur. Konseptual model 

ağıllı fabrikin hipotetik nümunəsi üzərində təsvir olunur və cavabvermə müddətinin azaldılması, 

resursların optimallaşdırılması və sistem uyğunlaşmasının artırılması baxımından potensial 

imkanlarını nümayiş etdirir. Nəticələr rəqəmsallaşdırılmış istehsalat mühitlərində intellektual qərar 

dəstəyi sistemlərinin gələcək tədqiqatı üçün əsas yaradır. 

 

Açar sözlər:  rəqəmsal əkiz, ağıllı istehsalat, süni intellekt, qərar dəstəyi, hibrid 

modelləşdirmə, simulyasiya, sənaye mühəndisliyi. 

 

Использование цифровых двойников с искусственным интеллектом  

для повышения эффективности стратегических  

решений в умном производстве 
 

Э.Э. Насиров 

Азербайджанский Государственный Экономический Университет (Баку, Азербайджан) 

 

Аннотация 

В условиях умного производства процессы принятия решений становятся всё более 

сложными из-за динамичных изменений, избыточности данных и взаимосвязанности 

систем. Технология цифровых двойников, позволяющая создавать виртуальные копии 

физических объектов, становится важным инструментом для преодоления этих вызовов. 

При дополнении искусственным интеллектом цифровые двойники способны анализировать 

паттерны данных, прогнозировать поведение систем и поддерживать стратегические 

решения в реальном времени. В данной статье предлагается гибридная модель, 

интегрирующая симуляционные цифровые двойники с алгоритмами ИИ для повышения 

операционной эффективности и точности решений. Концептуальная модель 

иллюстрируется на примере гипотетической умной фабрики, демонстрируя её потенциал в 

сокращении времени реакции, оптимизации ресурсов и улучшении адаптивности системы. 

Полученные результаты служат основой для дальнейших исследований интеллектуальных 

систем поддержки решений в цифровом производстве. 

 

Ключевые слова:  цифровой двойник, умное производство, искусственный интеллект, 

поддержка принятия решений, гибридное моделирование, имитация, 

промышленная инженерия.
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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 (AI) 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 AI 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 AI-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 AI 

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 (AI) 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]. AI-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 AI 

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 (AI) 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 AI 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 AI 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 AI 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–AI 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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• Mean production lead time (hours)  

• Resource utilization rate (%)  

• Energy efficiency index (kWh per 

unit)  

• 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 AI module. 

 

Discussion of Results 

To evaluate the effectiveness of the 

proposed hybrid AI-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 AI-based decision-

making continuously adjusting the production 

schedule. Three comparative strategies were 

analyzed:  

1. Baseline (Static Rule-Based Control)  

2. Digital Twin Only (No AI Layer)  

3. Hybrid AI + Digital Twin (Proposed 

Model) 

 

As shown in Table, the hybrid AI + 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 

 

 

 
Figure 1 – Production Lead Time 

Comparison Across Strategies 

 

 
Figure 2 – Daily Resource Utilization – 30-

Day Simulation 

 

Metric Baseline DT 

Only 

Hybrid 

AI + DT 

Average Lead 

Time (hrs) 

12.4 9.7 6.1 

Resource 

Utilization (%) 

73.2 81.4 89.5 

Downtime 

Occurrences (per 

month) 

6 4 2 

Energy 

Consumption 

(kWh/unit) 

2.1 1.7 1.3 
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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 AI 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 AI 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 AI 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 AI 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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