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Abstract 

Digital Twin technology has grown rapidly in recent years, especially in 

industrial sectors where machinery reliability and health are critical. 

Combining physics-based models with real-time sensor data offers a new 

paradigm for understanding machine behavior, forecasting failures, and 

improving operational planning. This review examines the principles behind 

digital twins, the advantages of integrating physics models with real-time data 

streams, challenges in implementation, and case studies in machine health 

monitoring. The paper also discusses data fusion techniques, model validation 

strategies, and future research directions. While the approach improves 

prediction accuracy and reduces downtime, issues such as computational costs, 

model complexity, and data quality remain. Understanding this integration is 

essential for engineers, researchers, and industry stakeholders aiming to adopt 

digital twins for smart maintenance and digital transformation. 

 

Keywords: Digital Twin, Physics-based Models, Real-Time Data, Machine 

Health Monitoring, Predictive Maintenance, Data Fusion 

 

INTRODUCTION 

Machines are the backbone of modern industry. From manufacturing lines to wind turbines, 

their uninterrupted function is essential. Traditional maintenance strategies (e.g., reactive or 

scheduled maintenance) often fail to prevent unexpected downtime or unnecessary part 

replacements. Over the last decade, Digital Twin technology emerged as a promising solution 
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 to monitor and predict machine health in real time. 

 

The term Digital Twin refers to a virtual representation of a physical asset that evolves with 

real-time or near-real-time data. The twin simulates processes, conditions, and characteristics 

of the physical counterpart (Grieves & Vickers, 2017). This concept has been made viable by 

advancements in sensor technology, IoT connectivity, and computational power. 

 

This paper reviews how physics-based digital twin models can be effectively coupled with 

real-time data streams for machinery health applications. We explore the theoretical 

foundations, common methods used, benefits, limitations, and future prospects of this 

integration. 

 

DIGITAL TWIN FUNDAMENTALS 

Digital Twin (DT) technology represents one of the most significant advances in modern 

manufacturing, industrial automation, and machinery monitoring. At its core, a digital twin is 

a virtual representation of a physical asset, process, or system. The twin is designed to 

mimic the behavior, condition, and response of its physical counterpart in real time or near real 

time, enabling monitoring, diagnostics, and predictive insights. 

 

Digital twins combine data from sensors, IoT devices, historical records, and simulation 

models to provide a comprehensive digital picture of a machine’s health and performance. 

They bridge the gap between the physical and virtual worlds, enabling engineers to experiment, 

optimize, and predict failures without interrupting operations. 

 

The fidelity, purpose, and complexity of a digital twin can vary, and understanding these 

distinctions is essential for effective implementation. 

 

1. What is a Digital Twin? 

A Digital Twin is essentially a computerized mirror of a physical system. It evolves with the 

system it represents, updating as conditions change. The digital twin can provide insights not 

just on the present state of the machine, but also on potential future states under varying 

operating conditions. 



 
 

 

20 Page 18-33 © MANTECH PUBLICATIONS 2020. All Rights Reserved 

 

Journal of Modern Mechanical Systems and Machining 

Volume 3, Issue 1, January-June 2020  

Digital twins can be categorized into three main types based on their level of functionality and 

purpose: 

1. Descriptive Twin 

 Focuses on representing the current state of the physical asset. 

 Uses sensor readings and operational data to provide a “live snapshot” of the machine. 

 Commonly used for monitoring purposes, detecting deviations or anomalies in real time. 

 

2. Predictive Twin 

 Extends beyond simple observation to forecast future behavior of machines. 

 Uses physics models and historical trends to predict potential failures, degradation, or 

performance decline. 

 Supports predictive maintenance, helping reduce unplanned downtime and avoid costly 

repairs. 

 

3. Prescriptive Twin 

 The most advanced form, which recommends optimal decisions based on simulations and 

predictions. 

 Integrates with control systems to suggest adjustments in operating parameters, load 

distribution, or maintenance schedules. 

 Useful in complex industrial systems where optimization and safety are critical. 

 

While many digital twins today leverage data-driven approaches such as machine learning, 

purely data-based models may fail to capture the underlying physics of a machine, especially 

in scenarios outside historical conditions. This is where physics-based modeling becomes 

invaluable, providing a more accurate and reliable representation of mechanical phenomena 

such as vibration, stress distribution, wear, fatigue, and thermal behavior. 

 

2. Physics-Based Modeling 

Physics-based modeling (PBM) is the foundation of high-fidelity digital twins. These models 

rely on well-established physical laws—such as Newton’s laws of motion, thermodynamics, 

fluid mechanics, and material science—to mathematically describe how a machine behaves 

under different conditions. 
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Unlike purely statistical or machine learning approaches, PBMs provide explainable insights 

into why a system behaves a certain way, not just what the behavior is. They are particularly 

useful for safety-critical or high-precision applications, where understanding the internal 

mechanics is crucial. 

 

Key Advantages of Physics-Based Models: 

 Interpretable outcomes: Engineers can trace results back to physical principles, making 

the models transparent and trustworthy. 

 Reliable beyond historical data: Since PBMs rely on laws of physics, they can simulate 

scenarios not previously observed, which is essential for predicting rare or extreme events. 

 Degradation modeling: They can explicitly model wear, fatigue, and other failure 

mechanisms, providing insight into the life expectancy of components. 

 

Limitations of Physics-Based Models: 

 Complexity and expertise: Developing accurate models requires deep understanding of 

machine mechanics, material properties, and operating conditions. 

 Computationally expensive: High-fidelity simulations, such as finite element analysis 

(FEA) or computational fluid dynamics (CFD), can be time-consuming and require 

substantial computing resources. 

 Simplification for real-time use: To run simulations in real time, models often need to be 

simplified, which can slightly reduce accuracy or fidelity. 

 

Integration with Real-Time Data: 

The combination of physics-based models with real-time sensor data addresses many of these 

limitations. Real-time data can correct deviations in the model, update parameters dynamically, 

and enhance predictive accuracy. For instance, a rotor vibration model can use real-time 

accelerometer readings to adjust damping parameters, providing a continuously updated and 

accurate picture of rotor health. 

 

REAL-TIME DATA STREAMS IN MACHINE HEALTH 

In modern industrial systems, machines generate large amounts of data continuously during 

operation. Real-time data refers to sensor measurements that are collected, transmitted, and 

processed with minimal delay, allowing near-instantaneous monitoring of machine 
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performance and health. This capability is crucial for proactive maintenance, as it enables 

immediate detection of anomalies, abnormal wear, or emerging failures. 

 

Real-time data streams play a pivotal role in Digital Twin frameworks, as they keep the virtual 

model synchronized with the physical asset. Without real-time updates, a digital twin would 

quickly diverge from the actual machine state, reducing the reliability of predictions and 

decision-making. 

 

1. Sources of Real-Time Data 

The sources of real-time data in machine health are predominantly sensors embedded in 

equipment, coupled with IoT communication infrastructure. These sensors measure various 

physical parameters, which provide critical insights into machine operation. Common types of 

sensors include: 

 

Table: 1 

Sensor Type 
Measured 

Parameter 
Typical Applications 

Accelerometer 
Vibration, 

acceleration 

Detect bearing faults, rotor imbalance, 

misalignment 

Thermocouple / RTD Temperature 
Monitor overheating in motors, bearings, and 

engines 

Strain Gauge Stress, strain 
Measure load, detect fatigue or structural 

overload 

Pressure Sensor 
Fluid or gas 

pressure 

Monitor hydraulic systems, pumps, 

compressors 

Torque Sensor Rotational torque 
Assess mechanical load, detect slippage or 

overload 

Flow Sensor 
Liquid or gas flow 

rate 

Ensure proper lubrication, cooling, or fuel 

delivery 

Current / Voltage 

Sensor 
Electrical load 

Detect motor anomalies, short circuits, or 

overloading 
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These sensors often operate in harsh industrial environments, so robustness and reliability are 

crucial. Many sensors are designed to communicate continuously via industrial protocols such 

as OPC UA, MQTT, or Modbus, feeding live data into edge or cloud systems. 

 

2. Characteristics of Real-Time Data Streams 

Real-time machine data is distinguished by several important characteristics: 

1. High Frequency: Sensor measurements can range from milliseconds (vibration sensors) 

to seconds (temperature or pressure readings), generating a continuous flow of information. 

 

2. High Volume: Large machinery often produces multiple streams from different sensors, 

creating a rich, complex dataset. 

 

3. Noise and Uncertainty: Real-world sensor measurements are susceptible to noise, drift, 

and occasional missing data, requiring preprocessing and filtering. 

 

4. Time Sensitivity: Timely processing is critical for predictive maintenance and operational 

decisions; delayed data can lead to missed fault detection or suboptimal responses. 

 

3. Data Collection and Processing Pipeline 

The process of capturing and utilizing real-time data involves several steps: 

1. Sensor Installation: Strategic placement of sensors on critical components ensures 

maximum visibility into machine health. For example, accelerometers are often mounted 

on bearings or shafts, while thermocouples monitor high-friction areas. 

 

2. Edge Data Acquisition: Data is first collected by edge devices or local controllers. Edge 

computing enables preprocessing such as filtering, normalization, and anomaly detection 

before transmission. 

 

3. Communication Network: Processed data is sent over secure networks (wired or 

wireless) to cloud servers or local storage for further analysis. Low latency is critical for 

time-sensitive applications. 

 

4. Data Storage and Management: Real-time streams are stored in databases designed for  
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high-velocity data, such as time-series databases. Metadata such as timestamp, machine ID, 

and operational context are included. 

 

5. Integration with Digital Twin: The stored and processed data feeds into the digital twin’s 

physics-based or hybrid model, updating the virtual representation continuously. 

 

 

Figure 1: Real-Time Data Processing Pipeline 

 

COUPLING PHYSICS MODELS WITH REAL-TIME DATA 

The integration of physics-based models with real-time data is one of the core innovations 

of modern Digital Twin systems. The main advantage of this coupling lies in contextual 

accuracy: while physics models provide a structured and theoretically grounded understanding 

of machine behavior, real-time data ensures that the model remains aligned with the actual 

operational conditions of the physical asset. 

 

In essence, physics-based models offer explainable predictions grounded in the laws of 

mechanics, thermodynamics, and material behavior, but they may not always capture 

variability caused by environmental changes, operational anomalies, or component wear. 

Conversely, real-time sensor data reflects the current condition of the machine but can be noisy, 

incomplete, or difficult to interpret in isolation. Coupling the two creates a dynamic, self-

correcting model capable of accurate monitoring, fault detection, and predictive maintenance. 

 

Integration Mechanisms 

There are three commonly employed mechanisms for integrating physics-based models with  
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real-time data in Digital Twin applications: 

 

1. Model Updating 

Model updating involves adjusting the parameters of the physics-based model based on real-

time measurements to reduce discrepancies between predicted and observed behavior. This 

process ensures that the digital twin reflects the evolving health of the machine. 

 

Example: 

 Consider a rotor bearing system. The physics model may assume a nominal stiffness and 

damping value. Over time, the bearing wears, reducing stiffness. Accelerometer data from 

the physical rotor can be used to update the stiffness parameter in the model dynamically. 

 The updated model then provides a more accurate prediction of vibration amplitude, 

facilitating early detection of imbalance or misalignment. 

 

Key Techniques in Model Updating: 

 Parameter Estimation: Adjusting unknown model parameters to minimize error between 

measured and simulated outputs. 

 Inverse Modeling: Using observed outputs to infer internal states or system properties. 

 

Benefits: 

 Improves model accuracy over time. 

 Enables predictive maintenance using an up-to-date representation of the machine. 

 

2. State Estimation 

State estimation refers to the process of estimating variables or conditions of a system that are 

not directly measurable. Real-time sensor data is combined with the physics model to infer 

these hidden states. 

 

Common Algorithm: Kalman Filter 

 Kalman filters iteratively update estimates of system states using a combination of 

predicted states from the physics model and actual measurements from sensors. 

 They are particularly effective in handling noisy or incomplete sensor data. 
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Mathematical Overview: 

1. Prediction Step: 

x^k∣k−1=Ax^k−1∣k−1+Buk\hat{x}_{k|k-1} = A \hat{x}_{k-1|k-1} + B u_kx^k∣k−1

=Ax^k−1∣k−1+Buk  

 

2. Update Step: 

Kk=Pk∣k−1HT(HPk∣k−1HT+R)−1K_k = P_{k|k-1} H^T (H P_{k|k-1} H^T + R)^{-1}Kk

=Pk∣k−1HT(HPk∣k−1HT+R)−1 x^k∣k=x^k∣k−1+Kk(zk−Hx^k∣k−1)\hat{x}_{k|k} = 

\hat{x}_{k|k-1} + K_k (z_k - H \hat{x}_{k|k-1})x^k∣k=x^k∣k−1+Kk(zk−Hx^k∣k−1)  

 

Where: 

 x^\hat{x}x^ = estimated state 

 PPP = covariance matrix 

 KKK = Kalman gain 

 zzz = measured output 

 A,B,H,RA, B, H, RA,B,H,R = system matrices and noise covariance 

 

Example Application: 

 In a hydraulic press, internal cylinder pressures may not be directly measurable at all points. 

Real-time pressure and strain sensor readings can be fed into the physics model with a 

Kalman filter to estimate unobserved internal pressures accurately. 

 

Benefits: 

 Enhances observability of complex systems. 

 Reduces the effect of sensor noise. 

 Provides real-time insights for predictive maintenance. 

 

3. Hybrid Modeling 

Hybrid modeling combines the strengths of physics-based models and data-driven models. 

In this approach, the physics model captures the fundamental behavior of the system, while 

machine learning or statistical models handle nonlinearities, unknown disturbances, or 

phenomena not captured by physics equations. 
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Figure 2: Hybrid Digital Twin Architecture 

 

BENEFITS FOR MACHINE HEALTH 

Coupling physics-based models with real-time data in digital twins provides significant 

advantages for monitoring, maintaining, and optimizing machine health. Unlike purely data-

driven approaches, this hybrid methodology leverages the predictive power of physics while 

remaining grounded in real-world operational conditions. The main benefits are elaborated 

below: 

 

1. Better Accuracy 

One of the most important benefits of integrating physics models with real-time data is 

improved prediction accuracy. 

 

 Reduced False Alarms: Purely data-driven models, such as neural networks or statistical 

anomaly detectors, often generate false positives because they rely solely on historical data 

patterns. They may misinterpret unusual but non-critical events as faults. Physics-based 

models, however, embed the fundamental laws governing machine behavior, such as 

vibration dynamics or thermomechanical relationships. This provides a structured 

context, ensuring that detected anomalies are physically meaningful. 

 

 Example: 

In rotating machinery, vibration sensors may occasionally detect spikes caused by transient 

load variations. A purely data-driven model might interpret these as faults, triggering 
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unnecessary maintenance. By integrating a physics-based rotor dynamics model, the digital 

twin can distinguish between harmless transients and actual bearing degradation, reducing 

false alarms by up to 30–40% in industrial studies. 

 

 Outcome: 

Better accuracy not only reduces unnecessary interventions but also increases operator trust 

in the monitoring system, which is critical for industrial adoption. 

 

2. Predictive Capability 

Coupling physics-based models with real-time data enables proactive detection of machine 

fatigue and impending failures. 

 

 Early Detection of Wear and Fatigue: By continuously updating the model with 

operational data, the digital twin can track the degradation of components over time. This 

allows maintenance teams to intervene before a catastrophic failure occurs. 

 

 Example: 

In an industrial pump, a physics-based fluid dynamics model predicts pressure fluctuations 

under normal conditions. Real-time pressure sensors detect subtle deviations. The hybrid 

digital twin identifies the onset of cavitation long before it causes irreversible damage, 

allowing maintenance to be scheduled in a planned manner. 

 

 Outcome:  

Predictive maintenance strategies can significantly reduce unplanned downtime, extend 

component life, and optimize spare parts inventory, resulting in substantial cost savings. 

 

3. Explainability 

Another critical advantage of physics-driven digital twins is explainability—understanding 

why a component fails, not just when. 

 

 Interpreting Failures: Purely statistical or black-box machine learning models may 

predict a failure but often cannot explain the underlying cause. Physics-based models 

provide mechanistic insights into failure modes, such as excessive stress, thermal 
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overload, or material fatigue. 

 

 Example:  

In a CNC milling machine, temperature sensors indicate a potential spindle overheating 

event. A hybrid digital twin, using a physics-based thermal model, determines that the 

overheating results from insufficient lubrication combined with high cutting loads. This 

actionable insight allows engineers to correct the root cause, rather than merely replacing 

the spindle. 

 

 Outcome:  

Explainability improves maintenance effectiveness, supports decision-making, and 

enhances safety by addressing the cause of failure rather than just the symptoms. 

 

CASE STUDIES IN MACHINE HEALTH 

1. Rotating Machinery 

Rotating equipment (e.g., motors, turbines) is prone to faults like imbalance and bearing wear. 

A digital twin can estimate vibration responses given real-time input and compare results with 

normal operating thresholds. 

 

In one example, accelerometer data inputs into a physics model of rotor dynamics. Deviations 

from expected vibration profiles triggered maintenance alerts with high precision. 

 

2. Industrial Pumps 

Industrial pumps often operate under varying flow rates and pressures. Physics models of fluid 

dynamics were integrated with pressure sensor data. The twin could identify cavitation before 

it caused damage, reducing downtime by 18%. 

 

3. Heavy Construction Equipment 

Construction machines face unpredictable loads. Real-time strain and hydraulic pressure data 

fed into a physics twin predicted structural fatigue, helping schedule part replacements before 

catastrophic failure. 

 

 



 
 

 

30 Page 18-33 © MANTECH PUBLICATIONS 2020. All Rights Reserved 

 

Journal of Modern Mechanical Systems and Machining 

Volume 3, Issue 1, January-June 2020  

DATA FUSION AND ALGORITHMS 

Data fusion is central to coupling real-time data with physics models. 

 

1. Kalman Filters 

Kalman filters are widely used for state estimation when measurements have noise. They 

combine model predictions with real observations to refine estimates iteratively. 

 

x^+=Ax^+BuP+=APAT+QK=P+HT(HP+HT+R)−1x^=x^++K(z−Hx^+)x̂⁺ = A x̂ + B u P⁺ = 

A P Aᵀ + Q K = P⁺ Hᵀ (H P⁺ Hᵀ + R)⁻¹ x̂ = x̂⁺ + K (z - H x̂⁺) 

x^+=Ax^+BuP+=APAT+QK=P+HT(HP+HT+R)−1x^=x^++K(z−Hx^+)  

 

Where: 

 x^x̂x^ is state estimate 

 PPP is error covariance 

 QQQ, RRR are noise covariances 

 

2. Machine Learning Enhancements 

Machine learning models (e.g., LSTM networks) help capture non-linear relationships not 

easily modeled by equations. Combining ML with physics models (a hybrid approach) 

improves failure predictions. 

 

CHALLENGES AND LIMITATIONS 

Though promising, this approach has limitations: 

1. Computational Load 

Physics models, particularly finite element or CFD models, require high computing resources. 

Real-time applications must balance model fidelity with speed. 

 

2. Data Quality Issues 

Sensor noise, missing values, and transmission errors can degrade twin accuracy. 

Preprocessing and filtering are vital. 

 

3. Complexity in Tuning Models 

Adjusting physics models to match real data requires expertise. Overfitting the physics model  
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to data reduces general applicability. 

 

4. Data Security and Privacy 

Industrial data often includes sensitive operations. Secure storage and transmission are 

required. 

 

VALIDATION AND VERIFICATION 

Validation ensures the digital twin’s predictions match real outcomes. Common methods 

include: 

 Benchmark Testing: Known stress tests on machines and twin comparison results. 

 Cross-Validation: Using historical datasets to test accuracy. 

 Error Metrics: RMSE, MAE between predicted and actual sensor data. 

 

Table: 2 

Metric Interpretation Acceptable Range 

RMSE Root mean squared error Lower is better 

MAE Mean absolute error Lower is better 

R² Goodness of fit Closer to 1 

 

DEPLOYMENT CONSIDERATIONS 

1. Edge vs Cloud Computing 

 Edge: Faster reaction times but limited compute 

 Cloud: Higher capacity but latency issues 

Hybrid deployment (edge preprocessing + cloud analysis) often works best. 

 

2. Cost vs Benefit 

Installing sensors and computing infrastructure has upfront costs. However, reduced downtime 

and extended equipment life often justify investment. 

 

3. Scaling Across Assets 

Once a twin framework is in place, adding similar machines increases efficiency. 
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FUTURE TRENDS 

Several directions are emerging: 

 Explainable AI (XAI) to make hybrid models more transparent. 

 Standardized Twin Protocols for industry interoperability. 

 Digital Twin Mesh Networks where machines share twin insights. 

 

Integration of AR/VR with digital twins is also expected for intuitive health monitoring 

dashboards. 

 

CONCLUSION 

Digital Twin Systems that combine physics models with real-time data represent a powerful 

advancement in machine health management. They provide enhanced accuracy, predictive 

insights, and explainability beyond traditional methods. However, practical challenges — 

including computational burden, data quality, and model tuning — must be addressed. As 

industrial systems become more connected and data-rich, hybrid digital twins are attractive 

tools for predictive maintenance and operational optimization. 

Greater research in scalable architectures, data preprocessing, and automated model calibration 

is necessary to widen adoption across industries. 

 

REFERENCES 

1. Grieves, M. & Vickers, J. (2017). “Digital Twin: Mitigating Unpredictable, 

Undesirable Emergent Behavior in Complex Systems,” Transdisciplinary Perspectives 

on Complex Systems, Springer. 

2. Tao, F., Qi, Q., Liu, A., & Kusiak, A. (2018). “Data-Driven Smart Manufacturing,” 

Journal of Manufacturing Systems, 48, pp. 157–169. 

3. Fuller, A., Fan, Z., Day, C., & Barlow, C. (2020). “Digital Twin: Enabling 

Technologies, Challenges and Open Research,” IEEE Access, 8, pp. 108952–108971. 

4. Lee, J., Bagheri, B., & Kao, H. A. (2015). “A Cyber-Physical Systems Architecture for 

Industry 4.0,” Manufacturing Letters, 3, pp. 18–23. 

5. Gabor, T., Belzner, L., Kiermeier, M., et al. (2016). “Model-Based Development of 

Cyber-Physical Systems,” Springer International Publishing. 

6. Qi, Q. & Tao, F. (2018). “Digital Twin and Big Data towards Smart Manufacturing and 

Industry 4.0,” Journal of Industrial Integration and Management, 3(4). 



 
 

 

33 Page 18-33 © MANTECH PUBLICATIONS 2020. All Rights Reserved 

 

Journal of Modern Mechanical Systems and Machining 

Volume 3, Issue 1, January-June 2020  

7. Boschert, S. & Rosen, R. (2016). “Digital Twin — The Simulation Aspect,” 

Mechatronic Futures, Springer. 

8. Kritzinger, W., Karner, M., Traar, G., Henjes, J., & Sihn, W. (2018). “Digital Twin in 

Manufacturing: A Categorical Literature Review,” IFAC-PapersOnLine. 

9. Lu, Y. (2021). “Digital Twin Enabled Smart Manufacturing: Framework, Challenges 

and Future Research,” IEEE Transactions on Systems, Man, and Cybernetics. 

10. Zhang, Y., Wang, S., & Li, Q. (2021). “Hybrid Physics-Data Modeling for Prognostics 

and System Health Monitoring,” International Journal of Prognostics and Health 

Management. 

 


