
www.ijcrt.org                                              © 2026 IJCRT | Volume 14, Issue 2 February 2026 | ISSN: 2320-2882 

IJCRT2602629 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org f369 
 

Integrated AI Control Towers And Digital Twin 

Simulations For Resilient Supply Chain 

Management 
 

Roshan Atulkumar Tathed 

Harvard Business School, Boston, USA 

 

Abstract:  In an environment characterized by heightened global volatility, uncertainty, and an increasing 

frequency of supply chain disruption events, the strategic design of agile and resilient supply chain 

operations has become imperative. This paper examines how the integration of AI-powered supply chain 

control towers with advanced digital twin simulations can form an intelligence-driven ecosystem for real-

time and anticipatory decision-making. We develop a multi-layered theoretical framework that connects 

data ingestion, predictive and prescriptive analytics, visualization, and simulation-based planning through 

closed-loop feedback mechanisms grounded in Industry 4.0 and digital twin literature. Using a simulation-

based experimental study, we demonstrate measurable improvements in demand forecasting accuracy, 

disruption detection and response times, resource efficiency, and sustainability-related outcomes. All 

performance metrics reported are derived from the authors’ experimental simulations. Despite these 

benefits, adoption challenges remain, including data interoperability across heterogeneous platforms, 

algorithmic transparency, and cybersecurity risks. To address these gaps, the paper outlines a future 

research agenda focused on ethical AI design, real-time adaptive learning, and cross-industry standards to 

enable scalable deployment. Overall, the integration of AI control towers and digital twins represents a 

promising pathway toward more resilient, responsive, and increasingly autonomous supply chain 

networks. 

 

Index Terms - Supply Chain Resilience, Digital Twin, Control Tower, Predictive Analytics, Disruption 

Management, Real-Time Simulation, Industry 4.0, Intelligent Logistics.  

 

1.Introduction 

As Supply chains find themselves working in a constantly increasing, connected and uncertain global 

economy, a constant mounting pressure is on the supply chains to be more agile, intelligent and 

resilient.The disruptions of the international pandemics, geopolitical threats, climate change, cybercrimes 

and evolving market forces have manifested the latent vulnerability in the traditional models of the supply 

chain [1], [2]. To respond to this, the industries are now moving to the practice of digital transformation 

and are applying more sophisticated technologies such as Artificial Intelligence (AI), control towers, and 

digital twins to make more parts of the industry more visible, better in decision-making, and risk 

management [3]. Specifically, AI-enhanced supply chain control towers have turned into one of the most 

important aspects of this change. These platforms provide a centralized online platform to design the entire 

supply chain processes, and its assimilation with real-time data, predictive analytics, and autonomous 

decision making. It does not solely concern operational efficiency but also the formulation of flexible and 

resilient supply chains capable of forecasting, acting as well as rising again to destruction quite well [4]. 

At the same time, the digital twins that are virtual representations of the real supply chains enable the 

dynamic simulations, scenario planning, and impact analysis to support the process of the proactive 

http://www.ijcrt.org/


www.ijcrt.org                                              © 2026 IJCRT | Volume 14, Issue 2 February 2026 | ISSN: 2320-2882 

IJCRT2602629 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org f370 
 

decision-making and constant optimization [5]. Together, the two of these technologies are extremely 

powerful: the control towers can provide control and coordination, and digital twins can provide insight 

and foresight. It is a particularly timely problem in the modern research community, in which the digital 

innovation enters the stage of controlling the complexity and instability of the modern supply chains. It is 

a paradigm shift in thinking and designing supply chains, not just an improvement, it is a response to the 

old, linear and reactive supply chains with the new, intelligent and interconnected ecosystems [6]. 

Governments and corporations are making large investments in digital supply chain infrastructure and it 

is projected that global investments in digital transformation of logistics and supply chain should exceed 

USD 1.1 trillion by 2026 [7]. It is also in line with the general tendencies of Industry 4.0 in which cyber-

physical systems, artificial intelligence, and the Internet of Things (IoT) technologies are converging to 

create autonomous and data-driven production and distribution networks [8]. Interest and investment in 

the such technologies has grown, however, there are significant gaps in research and problems with 

implementation.The literature available studies AI control towers and digital twins at the case-by-case 

level, and lacks a framework that would study their combination and co-reinforcement.Scalability, 

interoperability and real time efficacy of these systems during the event of actual disruption is also a lack 

of empirical evidence as well [9].Also, the ethical concerns of algorithmic transparency, data privacy and 

the accountability of decisions in AI-based systems lack empirical research, particularly in stakes-based 

supply chain contextualization [10]. 

Table 1: Summary of Key Research Studies on AI Control Towers and Digital Twins in Supply 

Chain Management 

 

Reference Focus Findings  

[11] Application of ML in 

manufacturing and supply 

chain processes 

Highlighted the 

transformative potential of 

ML in predictive 

maintenance, forecasting, 

and adaptive decision-

making. Emphasized the 

need for integration into 

broader digital strategies. 

[12] Systematic review of 

Industry 4.0 technologies and 

their impact on supply chains 

Identified AI, IoT, and cyber-

physical systems as critical to 

future supply chain systems. 

Introduced the need for 

digital twins to model 

complex processes. 

[13] Overview and classification 

of digital twin applications 

Classified digital twin 

implementations by 

complexity and purpose. 

Found significant benefits in 

visualization, scenario 
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analysis, and process 

optimization. 

[14] Exploration of AI's role in 

supply chain decision-

making 

Concluded AI improves 

agility, forecasting accuracy, 

and disruption management. 

Noted limited practical 

integration of AI with real-

time control systems. 

[15] Investigated digital 

technologies’ contribution to 

resilience 

Demonstrated that digital 

twins and AI-based systems 

enhance the adaptability of 

supply chains during 

disruptions. Showed positive 

correlation with operational 

continuity. 

[16] Explored the future of 

autonomous supply chain 

operations 

Found that AI control towers 

enable autonomous decision-

making by aggregating real-

time data and facilitating 

collaboration across 

stakeholders. 

[17] Integration of digital twins 

for real-time supply chain 

control 

Demonstrated how real-time 

digital twins improve 

visibility, reduce lead times, 

and enable proactive 

disruption handling. 

Proposed a modular 

architecture for deployment. 

[18] Reviewed design, 

architecture, and capabilities 

of control towers 

Identified types of control 

towers and key components 

such as analytics engines, 

visualization tools, and real-

time data interfaces. 

Highlighted gaps in cross-

enterprise collaboration. 
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[19] Fusion of AI, IoT, and digital 

twin in logistics and 

transportation planning 

Demonstrated that 

integration leads to faster 

response times, energy 

savings, and lower 

transportation costs. 

Emphasized data quality and 

semantic interoperability as 

success factors. 

[20] Investigated ethical issues in 

AI-driven supply chain 

systems 

Warned about bias, lack of 

explainability, and data 

misuse. Recommended 

governance frameworks and 

human-in-the-loop systems 

to ensure responsible 

deployment. 

 

2.Proposed Theoretical Model: Integration of AI Control Towers and Digital Twin Simulations for 

Resilient Supply Chain Management 

These growing volatility and complexity of world supply chains have created the need to develop 

responsive, intelligent, and self-healing systems in that they cannot only respond to disruption, but also 

anticipate and alleviate disruption before it takes place. To address these difficulties, this section presents 

a theoretical framework that combines AI-controlled control towers and digital twins simulation into a 

single smart architecture to supply chain resilience. The main concept is to integrate real-time monitoring, 

smart analytics, and foresight in simulations to create end-to-end visibility, dynamic decision-making, and 

proactive risk management across international supply chains [21]. 
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2.1 Conceptual Framework and Functional Architecture 

Figure 1: Integrated AI Control Tower & Digital Twin Architecture for Supply Chain Resilience 

 

 

Figure 1 above presents the block diagram of the proposed architecture. The model consists of four key 

layers. 
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2.2 Functional Explanation 

 

IoT Layer and Data Acquisition 

 

It is the layer that consumes real-time data of IoT sensors, RFID devices, ERP systems, and third party 

cloud platforms (e.g., weather APIs, financial market feeds). It makes sure that data is flowing 

continuously and it improves situational awareness [22].  

 

AI Control Tower Core 

 

The supply chain brain is the AI control tower. It applies machine learning algorithms to: Demand 

forecasting Supplier performance scorecard. Inventory optimization Real-time anomaly detection The 

layer combines historical, real-time and unstructured data in order to develop improved predictive 

capability [23]. The control tower promotes prescriptive analytics, which suggests actions in case of 

possible disruptions. 

 

Digital Twin Simulation Layer 

 

 A digital twin module is a simulated version of the end-to-end ecosystem of the supply chain. It supports 

the ability to conduct analysis of what-if, with different scenarios of disruption being tested (e.g. port 

closures, cyber-attacks, supplier bankruptcies) without damaging the real system [24]. Simulation 

modeling methods, including discrete event simulation and agent-based modeling are used to construct 

this layer, which is connected to real-time data streams to reflect on the conditions of operations [25].  

 

Actuation Layer  

 

After making simulations and decisions, they are converted into action.Actuation layer is connected to 

robotic systems, logistics software (e.g., TMS, WMS), and supplier portals to initiate automated or human-

accepted processes like rerouting, reordering or reallocating resources [26]. 
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2.3 Data Flow and Decision Loop 

Figure 2: Closed-loop Decision-Making Enabled by AI-Digital Twin Integration 

 

Figure 2 illustrates the decision-making feedback loop enabled by the integration: 
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This closed-loop feedback system ensures that every decision made is informed, optimized, and 

continuously refined. It also helps the system to learn from disruptions, building cognitive resilience over 

time [27]. 

2.4 System Benefits 

The model proposed has a number of fundamental strengths:  

Proactive Risk Management: It is a simulation of the problem that anticipates the problem prior to its 

occurrence.  

Decision Agility: AI models will suggest the best courses of action in real-time with live data.  

Traceability and transparency: Digital twins bring complete visibility to the system.  

Operational Continuity: The system is able to dynamically redistribute resources to avoid bottlenecks. 

Sustainability Optimization: CO 2 and wastes can be virtually designed and minimized [28]. 

2.5 Implementation Challenges 

Notwithstanding its prospect, there are a number of obstacles to be overcome to implement it successfully: 

Interoperability: Systems should be able to communicate with other platforms, vendors and data formats 

[29].  

Data Quality & Latency: The model requires high quality real-time data which is not always available. 

Scalability: It has high computational power as it is necessary to scale to complex supply chain simulations 

with thousands of nodes [30].  

Ethics and Compliance: AI judgments must be justifiable, reasonable, and adherent to regulatory practices 

[31]. 

2.6 Summary 

This theoretical framework imagines a self-healing intelligent supply chain ecosystem, and it incorporates 

AI-based control towers and real-time digital twin simulations. It offers a framework and dynamic body 

of decision which can be developed in feedback, simulate failures, and autonomically react to develop a 

basis of next generation resilient logistics systems. 

3.Experimental Results, Graphs, and Tables 

3.1 Experimental Setup 

To verify the proposed theoretical framework of AI control tower and digital twin simulation integration, 

a hybrid simulation and AI-based predictive analytics solution were created in the form of Python 

(predictive analytics) and the AnyLogic (simulation) programming. The experimental scenario was based 

on a global supply chain which incorporates: 

1  Three manufacturing plants 
2  Five suppliers 
3  Seven distribution centers 
4  Three transport modes (air, road, sea) 
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Digital twin was employed to model the disruptive events like supplier delays, port closures, and spikes 

in demand. At the same time, the AI control tower used historical demand, weather forecasts, supplier 

behavior, and transportation information to forecast disruption and recommendation. The data collection 

was made based on the publicly available logistics data and synthetic inputs simulating the real-life 

scenarios (e.g., disruptions in Maersk supply and delays due to COVID-19) [32]. 

3.2 Key Performance Metrics 

The following metrics were tracked across three experimental conditions. 

Table 2: Experimental conditions  

Scenario Description 

Baseline No AI or digital twin; manual response to 

disruptions 

AI Control Tower Only AI-powered predictive analytics with no 

simulation-based feedback 

AI + Digital Twin Integration Full integration of real-time AI analytics with 

dynamic digital twin simulation 

 

 

 

 

 

 

 

 

 

 

 

 

 

http://www.ijcrt.org/


www.ijcrt.org                                              © 2026 IJCRT | Volume 14, Issue 2 February 2026 | ISSN: 2320-2882 

IJCRT2602629 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org f378 
 

3.3 Results  

Table 3: Performance Comparison Across Experimental Scenarios 

 

Metric Baseline AI Control Tower 

Only 

AI + Digital Twin 

Demand Forecast 

Accuracy (%) 

71.3 85.6 93.2 

Inventory Holding 

Cost ($M) 

4.9 3.7 2.4 

Average Order 

Fulfillment Time 

(hrs) 

36.5 29.1 21.7 

Disruption Response 

Time (hrs) 

18.6 10.4 5.8 

Revenue Loss Due to 

Disruptions (%) 

9.2 4.3 1.5 

CO₂ Emissions 

(tons/month) 

3,450 2,980 2,200 

Source: Compiled from simulation runs and AI output datasets [32], [33]. 

The integration of AI control towers with digital twins yielded superior performance across all dimensions. 

Particularly notable was a 62% reduction in disruption response time and a 74% drop in revenue loss due 

to disruptions, showing a marked improvement in resilience. 

 

 

 

 

 

http://www.ijcrt.org/


www.ijcrt.org                                              © 2026 IJCRT | Volume 14, Issue 2 February 2026 | ISSN: 2320-2882 

IJCRT2602629 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org f379 
 

3.4 Graphical Analysis 

Graph 1: Forecast Accuracy Comparison 

 

 Comparison of demand forecast accuracy across scenarios 

Source: Generated via experiment (Python Matplotlib) [34] 

This graph demonstrates how the combined model dramatically improved forecast accuracy, thanks to the 

feedback loop between simulation and AI learning. 

Graph 2: Inventory Holding Cost Over 12 Weeks 

 
This graph depicts Inventory holding cost comparison across 12-week simulation 

Source: Output from AnyLogic simulations and cost modeling [35] 
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A notable drop in inventory costs was observed due to more accurate demand predictions and faster 

disruption recovery. The digital twin allowed planners to simulate optimal reorder points under uncertain 

conditions. 

Graph 3: Disruption Response Time by Scenario 

 
Reduction in response time to supply chain disruptions 

This illustrates the time it took each system configuration to restore supply chain stability after a 

disruption. The integrated model significantly outperformed others. 

3.5 Experimental Insights 

1. Integration Synergy: The results validate that AI is adequate as far as foresight is 

involved, but does not provide the richness of context to facilitate evaluation of dynamic 

responses. Comparatively, digital twins simulate results, but are not AI-based and, thus, 

they are not able to respond and react in real-time. The collaboration between the two 

provides a self correcting system.  

2. Sustainability Results: The supply chain was made greener and sustainable because 

improved transport routes and smart sourcing saved 36 percent of CO 2 emissions and 

made the supply chain more environmentally friendly, which now is one of the objectives 

of the current supply chain strategy. 

3. Operational Resilience: The hybrid system was found to be more resilient to back to back 

issues. The AI-digital twin architecture was able to manage cascading effects more 

efficiently when two events happened at the same time (e.g. supplier shutdown and port 

congestion) compared to either system separately.  

4. Scalability: The model scaled well over the number of nodes in the simulation and the 

viewpoint of performance did not lose its speed even when the suppliers and distribution 

centers doubled. Nonetheless, the complexity, in terms of time of computation of digital 

twin simulations, is an area that can be optimized in the real world. 
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4.Future Research Directions 

Although the application of AI control towers and simulations of digital twins has a great potential in 

increasing the resilience of supply chains, there are still some open questions, which should be further 

examined in the future studies.  

4.1 Integration Architectures Standard: Standard frameworks and protocols, allowing a seamless flow 

of communication and interoperability between AI engines, simulation platforms, ERP systems, and IoT 

devices are urgently required. Nowadays, integration is very customized, which cannot be scaled to a 

variety of industry sectors.  

4.2 Real-Time Learning and Self-Adaptive Learning: The next generation models should be aimed at 

real-time learning where the AI systems dynamically re-train based on feedback of the results of the digital 

twins and real-time data of the supply chain. This necessitates the development of improvements on online 

machine learning and reinforcement learning algorithms that can constantly improve performance without 

degrading.  

4.3 Regulatory and ethical Frameworks: The growing autonomy of AI systems in making decisions 

presents threats in terms of the bias of the algorithm and transparency, as well as accountability. The best 

way to achieve ethically-appropriate AI implementation in global supply chains is to conduct research on 

governance models, explainable artificial intelligence (XAI), and regulatory compliance.  

 

5.Conclusion 

The current paper has discussed how AI-controlled supply chain control towers and simulations of digital 

twins are increasingly being integrated as a core model of creation of resilient, adaptive, and intelligence-

driven supply chains. The analysis has started with the conceptual design in which AI becomes the 

analytical engine that provides predictive insights, anomaly detection, and prescriptive decision support, 

and digital twins are dynamically simulated virtual replicas that allow testing scenarios and verifying 

performance and proactively modeling disruptions. Collectively, these technologies form an extended 

feedback cycle that enhances operational agility and situational awareness. The results of the experiment 

that have been mentioned in the course of the review also emphasize the usefulness of such an integration. 

Increased forecasting accuracy, quick reaction to disruption, low cost and increased sustainability are all 

indicators that the hybrid approach is highly superior to the traditional silo systems. These benefits tap 

into the technological foundation of the underlying enablers machine learning, internet of things 

connection, engines of real-time simulation and cloud infrastructures to scale. There are also various 

challenges with this development. Compatibility of heterogeneous systems that occurs continuously, 

development of open and ethically controlled AI frameworks, intuition of real-time autonomous learning, 

and reinforcement of cybersecurity remain one of the key issues. These issues are some of the priorities 

of realizing the potential of the integrated AI-digital twin ecosystem in their entirety. Lastly, the converged 

technologies hold a bright future not only of predictive and responsive supply chain systems, but also of 

self corrective and secure and ethical as well which can act as an interesting roadMap to the future of 

resilient supply chain management. 
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