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Abstract 

The rapid evolution of industrial technologies has accelerated the transition from conventional 

automation toward intelligent, adaptive, and data-driven manufacturing environments. Artificial 

intelligence has emerged as a critical technological component of this transformation by enabling 

industrial systems to analyze operational data, recognize patterns, predict system behavior, and support 

autonomous decision-making. This study examines AI-enabled automation models for next-generation 

industrial applications and proposes an integrated conceptual framework for intelligent industrial 

operations. The research adopts a conceptual and descriptive design based on secondary literature 

concerning artificial intelligence, machine learning, industrial automation, robotics, predictive 

maintenance, intelligent manufacturing, digital twins, and industrial Internet of Things technologies. 

The proposed model integrates industrial data acquisition, preprocessing, AI-based analysis, 

intelligent decision-making, automated execution, performance monitoring, and continuous learning. 

The analysis indicates that AI-enabled automation can improve production efficiency, equipment 

reliability, quality control, resource utilization, operational flexibility, and real-time responsiveness. 

However, challenges related to data quality, cybersecurity, workforce adaptation, system 

interoperability, computational requirements, explainability, and implementation costs remain 

significant. The study concludes that AI-enabled automation can provide a strong technological 

foundation for next-generation industrial systems by combining intelligent prediction with autonomous 

operational control. Effective implementation requires scalable architectures, reliable data 

infrastructures, continuous monitoring, and appropriate human oversight. 

 

Keywords: Artificial Intelligence, Industrial Automation, Intelligent Manufacturing, Machine Learning, 

Smart Industry, Predictive Maintenance, Industrial Robotics, Digital Transformation. 

 

1. Introduction 

Industrial automation has undergone substantial transformation as organizations increasingly adopt 

digital technologies to improve productivity, quality, flexibility, and operational efficiency. Traditional 

automation systems generally depend on predefined instructions, fixed control mechanisms, and 

deterministic responses to known operating conditions. Although these systems remain effective for 

repetitive and highly structured processes, they have limited capacity to respond independently to 

unexpected events or rapidly changing production environments. The integration of artificial intelligence 
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introduces a new dimension of industrial automation by enabling systems to learn from operational data 

and make decisions based on changing conditions. This transition is contributing to the development of 

intelligent industrial environments capable of adapting to complex operational requirements. 

Artificial intelligence enables industrial systems to process large volumes of structured and 

unstructured information generated by machines, sensors, production platforms, and enterprise 

applications. Machine learning algorithms can identify relationships between operational variables and 

production outcomes, while deep learning models can analyze complex patterns in images, sensor 

streams, and time-series data. AI systems can therefore support applications such as predictive 

maintenance, automated quality inspection, demand forecasting, process optimization, robotic control, 

and anomaly detection. The ability to combine multiple data sources allows industrial organizations to 

move from reactive management toward predictive and increasingly autonomous operations. 

The emergence of the Industrial Internet of Things has further expanded opportunities for AI-

enabled automation. Connected machines and sensors can continuously collect information concerning 

temperature, vibration, pressure, energy consumption, production speed, and equipment conditions. This 

information can be transmitted to centralized or edge-based analytical systems where AI models 

generate predictions and recommendations. When integrated with industrial control mechanisms, these 

predictions can support automated responses. Such architectures can create closed-loop systems in 

which data are continuously collected, analyzed, acted upon, and evaluated. 

Next-generation industrial applications also require greater flexibility because modern 

production environments increasingly support customized products, variable demand, and rapidly 

changing operational requirements. AI-enabled automation can assist organizations in dynamically 

adjusting production schedules, allocating resources, identifying process deviations, and optimizing 

equipment utilization. Intelligent robotics can work alongside human operators, while machine vision 

systems can automatically identify defects. Digital twins can further provide virtual representations of 

industrial processes, allowing organizations to simulate conditions and evaluate potential interventions 

before implementing them in physical environments. 

Despite these opportunities, AI-enabled industrial automation introduces important technical and 

organizational challenges. Industrial AI models depend on reliable and representative data, while poor-

quality sensor measurements or inconsistent data structures can affect system performance. 

Cybersecurity becomes increasingly important because interconnected intelligent systems may create 

additional points of vulnerability. Furthermore, complex AI models can be difficult to interpret, which 

may reduce confidence when automated decisions influence production or safety. Organizations must 

also consider workforce transformation because employees may require new technical and analytical 

skills to work effectively with intelligent automation systems. 

This study therefore examines AI-enabled automation models for next-generation industrial 

applications and proposes a conceptual framework for integrating artificial intelligence with industrial 

automation. The research explores the role of machine learning, intelligent robotics, predictive analytics, 

computer vision, digital twins, and connected industrial systems. It also evaluates potential benefits, 

implementation challenges, and future development directions. The study aims to provide a 

multidisciplinary perspective on how AI can transform industrial automation from rule-based operation 

toward adaptive, predictive, and increasingly autonomous industrial intelligence. 
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2. Objectives of the Study 

2.1 Primary Objective 

The primary objective of this study is to examine AI-enabled automation models for next-generation 

industrial applications and develop an integrated conceptual framework that connects industrial data, 

artificial intelligence, intelligent decision-making, automated execution, monitoring, and continuous 

system improvement. 

 

2.2 Examination of AI-Based Industrial Automation 

The study examines major artificial intelligence technologies used in industrial automation, including 

machine learning, deep learning, computer vision, intelligent robotics, predictive analytics, and digital 

twin technologies. It evaluates their potential contribution to intelligent industrial operations. 

 

2.3 Development of an Intelligent Automation Framework 

The study aims to develop a conceptual framework that integrates industrial data acquisition, 

preprocessing, AI-based prediction, decision-making, automated execution, performance monitoring, 

and feedback. The framework is designed for flexible and adaptive industrial environments. 

 

2.4 Identification of Industrial Challenges 

The study identifies challenges associated with AI-enabled industrial automation, including data quality, 

cybersecurity, interoperability, workforce adaptation, computational requirements, implementation costs, 

and AI explainability. It also identifies opportunities for future technological development. 

 

3. Review of Literature 

3.1 Evolution of Industrial Automation 

Industrial automation initially focused on mechanized processes and programmable control systems 

designed to perform repetitive activities with consistent outputs. The development of computer-based 

control systems introduced greater flexibility and programmability into industrial operations. Subsequent 

advances in connected sensors, cloud computing, and industrial networking created opportunities for 

real-time data collection and centralized monitoring.  

Artificial intelligence has further transformed automation by enabling systems to learn from 

historical and operational information. This progression demonstrates a movement from deterministic 

automation toward intelligent systems capable of prediction, adaptation, and data-driven decision-

making. 

 

3.2 Artificial Intelligence in Smart Manufacturing 

AI has become an important technological component of smart manufacturing because it enables 

production systems to extract actionable knowledge from large volumes of operational data. Machine 

learning models can predict equipment failures, identify production anomalies, and optimize process 

parameters.  

Deep learning can analyze complex visual and sensor information that may be difficult to process 

using conventional methods. AI can also support production scheduling and resource allocation by 
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considering multiple operational constraints. However, successful implementation requires appropriate 

data infrastructures and integration with existing industrial systems. 

 

3.3 Industrial Internet of Things and AI 

The Industrial Internet of Things connects machines, sensors, controllers, and analytical platforms to 

create continuously communicating industrial environments. IIoT systems generate large quantities of 

real-time operational data that can serve as inputs for AI models. Machine learning can convert these 

data into predictions concerning equipment condition, production demand, energy consumption, and 

process performance.  

Edge computing can further support low-latency analysis by processing data closer to industrial 

devices. The combination of IIoT and AI therefore provides an important foundation for responsive and 

intelligent automation. 

 

3.4 Intelligent Robotics 

Industrial robotics has progressed from fixed, repetitive machines toward increasingly intelligent robotic 

systems capable of adapting to changing environments. AI-based vision, motion planning, reinforcement 

learning, and sensor fusion can improve robotic perception and decision-making. Intelligent robots can 

support assembly, inspection, material handling, sorting, and collaborative production tasks.  

AI can allow robots to respond to variations rather than executing only predetermined sequences. 

Nevertheless, safety, reliability, human-robot interaction, and training requirements remain important 

considerations for industrial deployment. 

 

3.5 Predictive Maintenance 

Predictive maintenance represents one of the most established industrial applications of AI. Instead of 

performing maintenance according to fixed schedules, predictive systems analyze equipment data to 

estimate degradation and identify potential failures. Machine learning can recognize patterns in 

vibration, temperature, pressure, acoustic signals, and other sensor measurements.  

Early identification of potential failures can reduce unplanned downtime and improve 

maintenance planning. However, predictive maintenance models require high-quality historical failure 

data and reliable sensor infrastructure. Their effectiveness may also decline when equipment 

configurations or operating conditions change. 

 

3.6 Computer Vision for Industrial Quality Control 

AI-powered computer vision has become increasingly important for automated quality inspection. Deep 

learning models can identify defects, classify products, verify assembly conditions, and detect visual 

deviations. Unlike conventional rule-based vision systems, deep learning models can learn complex 

visual patterns from labeled image datasets.  

Automated inspection can increase consistency and reduce the workload associated with manual 

examination. However, lighting changes, product variation, image quality, and limited training data can 

influence recognition performance. Industrial vision systems therefore require representative datasets 

and continuous validation. 
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4. Research Methodology 

4.1 Research Design 

This study adopts a conceptual and descriptive research design to investigate AI-enabled automation 

models for next-generation industrial applications. The research synthesizes existing academic 

knowledge concerning artificial intelligence, industrial automation, smart manufacturing, robotics, 

predictive maintenance, and intelligent control systems. Rather than evaluating a single industrial 

dataset, the study develops an integrated framework based on established technological concepts.  

This approach allows different AI-enabled automation technologies to be examined collectively. 

The resulting framework provides a foundation for future empirical studies involving specific industrial 

environments and datasets. 

 

4.2 Data Sources 

The study uses secondary academic literature concerning AI-based industrial applications and intelligent 

automation. Relevant research addressing machine learning, deep learning, Industrial Internet of Things, 

predictive maintenance, industrial robotics, computer vision, digital twins, and smart manufacturing is 

considered. 

 The literature provides information regarding technological capabilities, implementation 

approaches, benefits, and limitations. Particular attention is given to studies examining real-time 

industrial environments and data-driven decision-making. The collected evidence is organized 

thematically to support the development of the proposed automation framework. 

 

4.3 Analytical Approach 

A thematic and descriptive analysis is used to identify major technological patterns across the selected 

literature. Studies are examined according to dimensions including automation capability, predictive 

performance, adaptability, operational efficiency, scalability, and implementation complexity.  

Common challenges associated with industrial AI are also identified and categorized. The 

analysis connects AI technologies with their potential industrial functions and management outcomes. 

These findings are subsequently integrated into a unified conceptual framework. 

 

5. Proposed AI-Enabled Industrial Automation Framework 

5.1 Industrial Data Acquisition 

The first stage of AI-enabled automation involves collecting operational information from industrial 

equipment, sensors, production systems, and connected devices. Data may include machine conditions, 

production rates, energy consumption, temperature, vibration, pressure, product characteristics, and 

environmental variables. Continuous data acquisition allows AI models to develop an up-to-date 

understanding of industrial operations.  

However, data should be collected using reliable and synchronized systems to avoid 

inconsistencies. Appropriate sensor placement and measurement frequency are also important. A reliable 

data layer establishes the foundation for intelligent industrial decision-making. 
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5.2 Data Processing and Integration 

Industrial data frequently originate from heterogeneous systems that use different formats, protocols, and 

sampling frequencies. Data processing is therefore necessary to transform raw information into 

consistent analytical inputs. Preprocessing may include missing-value handling, normalization, noise 

reduction, anomaly identification, and temporal synchronization.  

Integration mechanisms can connect operational technology with information technology 

systems. Effective integration allows AI models to access information from multiple industrial sources. 

This can improve the completeness of system representations and support more accurate predictive 

analysis. 

 

5.3 AI-Based Prediction and Analysis 

The AI analysis layer processes industrial data to identify patterns, detect anomalies, predict future 

conditions, and classify operational states. Machine learning models can estimate production demand or 

equipment failure probability, while deep learning can process complex sensor and visual information. 

AI models can also identify relationships between process parameters and production quality.  

The selection of a model should depend on the industrial task, available data, required response 

time, and computational resources. Appropriate validation is necessary to ensure that AI predictions 

remain reliable under actual operating conditions. 

 

5.4 Intelligent Decision-Making 

AI predictions become operationally valuable when they are connected to a decision-making layer. This 

layer interprets predictions and determines appropriate responses according to production objectives, 

safety constraints, resource availability, and operational policies.  

For example, an AI model may identify an increased probability of equipment failure and trigger 

a maintenance workflow. Similarly, a quality-control model may identify a defective product and 

automatically route it for inspection. Decision mechanisms should incorporate appropriate constraints to 

prevent undesirable automated actions. Human oversight may remain necessary for high-impact 

decisions. 

 

5.5 Automated Execution 

The execution layer converts intelligent decisions into physical or digital industrial actions. These 

actions may involve adjusting machine parameters, changing production schedules, reallocating 

resources, initiating maintenance procedures, or modifying robotic operations. Automated execution can 

reduce response time and improve operational consistency.  

However, execution systems must be designed with appropriate safety mechanisms and fallback 

procedures. AI-generated recommendations should not bypass critical industrial safety controls. 

Combining intelligent automation with established control mechanisms can provide both adaptability 

and operational security. 

 

 

 

http://www.aijard.com/


 

American International Journal of Advanced  

Research and Development (AIJARD) 
 

E-ISSN: XXXX-XXXX   ●   Website: www.aijard.com   ●   Email: editor@aijard.com 

 

AIJARD Volume 1, Issue 2, March-April 2019 73 

 

6. Analysis 

6.1 AI-Based Production Optimization 
 

Table 1: Components, Primary Functions, and Contributions of AI-Enabled Production 

Optimization Systems 

Component Primary Function Contribution 

Artificial 

Intelligence 

Analyzes production data Improves decision-making 

Machine 

Learning 

Predicts production 

requirements 

Enhances operational efficiency 

Predictive 

Analytics 

Forecasts equipment failures Reduces downtime 

Process 

Optimization 

Identifies production bottlenecks Increases productivity 

Intelligent 

Automation 

Automates repetitive tasks Reduces operational costs 

Real-Time 

Monitoring 

Tracks production performance Improves quality control 

 

AI-enabled automation can improve production optimization by analyzing operational variables and 

identifying conditions associated with improved performance. Machine learning models can evaluate 

production rates, equipment utilization, material availability, and process parameters to support 

scheduling decisions. Intelligent systems can identify potential bottlenecks before they significantly 

affect production. 

 Automated recommendations can then be implemented to adjust workflows or resource allocation. This 

approach can improve productivity while reducing unnecessary resource consumption. However, 

optimization models must account for practical constraints and should be continuously evaluated against 

real production outcomes. 

 

6.2 Predictive Maintenance Automation 

AI-enabled predictive maintenance can transform maintenance operations from reactive responses 

toward proactive intervention. Machine learning models can analyze sensor data and identify patterns 

associated with equipment degradation. When the system detects a potential failure condition, automated 

workflows can generate maintenance alerts or schedule inspections.  

This can reduce unplanned downtime and improve equipment availability. Predictive 

maintenance can also support more efficient allocation of maintenance personnel and spare parts. 

Nevertheless, the reliability of the approach depends on sensor quality, historical failure information, 

and the ability of models to generalize across changing equipment conditions. 

 

6.3 Intelligent Quality Control 

AI-powered quality-control systems can automatically inspect products and identify deviations from 

required specifications. Computer vision models can examine product surfaces, shapes, assembly 
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conditions, labels, and other visual characteristics. Automated inspection can operate at production 

speed and maintain consistent evaluation criteria.  

Deep learning models can also improve their recognition capabilities when trained on diverse 

examples of acceptable and defective products. However, quality-control models must be tested under 

different lighting, production speeds, and product configurations. Continuous data collection can help 

maintain performance as production processes evolve. 

 

6.4 Intelligent Robotics and Autonomous Operations 

AI can increase the flexibility of industrial robots by enabling them to interpret sensor information, 

recognize objects, and adapt their actions to changing conditions. Intelligent robots can support material 

handling, assembly, inspection, sorting, and collaborative operations. AI-based perception can allow 

robots to identify objects with different positions or orientations without requiring complete manual 

reprogramming.  

Reinforcement learning and adaptive control can further support complex robotic behaviors. 

However, industrial robotic applications require strict safety validation. Human-robot interaction must 

also be carefully designed to maintain safe and predictable operations. 

 

7. Discussion 

7.1 Operational Efficiency 

AI-enabled automation can improve industrial efficiency by reducing unnecessary downtime, optimizing 

resource utilization, and supporting faster responses to operational changes. Predictive models can 

identify potential problems before they result in significant production losses. Intelligent scheduling can 

improve coordination between equipment, materials, and labor. Automated quality inspection can reduce 

the time required for repetitive examination.  

These improvements can collectively increase productivity and operational consistency. 

However, organizations should evaluate efficiency gains against implementation costs, infrastructure 

requirements, and workforce adaptation needs. 

 

7.2 Adaptability and Flexibility 

One of the most important advantages of AI-enabled automation is its potential to adapt to changing 

industrial conditions. Conventional automation often requires manual reprogramming when production 

requirements change. AI-based systems can learn from new operational information and adjust 

predictions or recommendations accordingly.  

This flexibility can support customized manufacturing, variable demand, and rapidly changing 

product specifications. Nevertheless, autonomous adaptation should be controlled because inappropriate 

model updates could affect production stability. Clearly defined monitoring and validation mechanisms 

are therefore necessary. 

 

7.3 Human-AI Collaboration 

Next-generation industrial automation does not necessarily require complete replacement of human 

workers. Instead, AI can support employees by automating repetitive activities and providing predictive 
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information for complex decisions. Human operators can supervise automated processes, interpret 

unusual conditions, and manage exceptions that AI systems cannot reliably address.  

Effective human-AI collaboration requires intuitive interfaces and understandable system 

outputs. Workforce training is also necessary to help employees develop skills relevant to intelligent 

industrial environments. A collaborative approach can combine human contextual knowledge with 

machine-level computational capabilities. 

 

7.4 Cybersecurity and Reliability 

Increasing connectivity creates new cybersecurity challenges for AI-enabled industrial systems. 

Connected machines, sensors, analytical platforms, and control systems can create multiple potential 

entry points for malicious activity. Manipulated data could also influence AI predictions and automated 

actions. Industrial organizations therefore need strong authentication, network segmentation, monitoring, 

secure software practices, and appropriate access controls.  

AI models should also be evaluated for robustness against abnormal or manipulated inputs. 

Security should be incorporated into the design of intelligent automation rather than treated as a separate 

post-deployment requirement. 

 

8. Industrial Applications 

8.1 Smart Manufacturing 

Smart manufacturing represents a major application area for AI-enabled automation. Intelligent systems 

can integrate production data, machine conditions, inventory information, and quality indicators to 

coordinate manufacturing processes. AI can support production scheduling, predictive maintenance, 

defect detection, and process optimization. Connected industrial equipment can provide continuous 

information for automated decision-making.  

These capabilities can increase production flexibility and reduce operational inefficiencies. Smart 

manufacturing therefore provides a practical environment for combining AI, IIoT, robotics, and 

automated control. 

 

8.2 Energy and Process Industries 

Energy and process industries can use AI-enabled automation to optimize equipment performance, 

forecast demand, detect abnormal operating conditions, and reduce energy consumption. Machine 

learning models can analyze complex relationships between operational variables and system efficiency. 

Automated control mechanisms can adjust operating parameters according to changing conditions. 

Predictive maintenance can further reduce the likelihood of equipment failures.  

Because process industries may involve high-risk environments, AI decisions must operate 

within strict safety constraints. Appropriate validation and human oversight remain essential. 

 

8.3 Automotive Manufacturing 

Automotive manufacturing involves highly automated production lines requiring precise coordination 

and quality control. AI can support robotic assembly, component inspection, predictive maintenance, 
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production scheduling, and defect detection. Computer vision systems can automatically inspect 

components for dimensional or visual abnormalities.  

Machine learning can also predict equipment conditions and optimize production workflows. 

Intelligent automation can therefore improve consistency while supporting flexible manufacturing 

requirements. The integration of AI with existing industrial control systems must nevertheless be 

carefully managed to maintain production reliability. 

 

8.4 Logistics and Warehousing 

AI-enabled automation can improve industrial logistics by supporting intelligent inventory management, 

warehouse robotics, demand forecasting, and automated sorting. Machine learning models can predict 

material requirements and optimize storage or transportation decisions. Computer vision can assist with 

object identification and automated inspection.  

Robotics can support material movement within warehouses and production facilities. These 

capabilities can reduce manual handling and improve operational speed. Effective deployment requires 

reliable communication between inventory systems, robots, sensors, and enterprise platforms. 

 

9. Challenges and Limitations 

9.1 Data Quality and Availability 

AI-enabled automation depends on accurate, representative, and sufficiently detailed industrial data. 

Sensor failures, missing observations, inconsistent formats, and measurement noise can negatively 

influence model performance.  

Historical datasets may also fail to include rare failures or unusual operating conditions. 

Industrial organizations should therefore establish strong data-quality and data-governance procedures. 

Data collection should cover a sufficiently broad range of operational states. Without reliable data, even 

sophisticated AI models may produce unreliable predictions. 

 

9.2 System Integration 

Many industrial organizations operate legacy systems that were not originally designed to communicate 

with modern AI platforms. Integrating new intelligent systems with existing machinery, control systems, 

databases, and communication protocols can therefore be complex. Interoperability problems may 

increase implementation time and cost. 

Standardized interfaces and modular architectures can help reduce these challenges. 

Organizations should also conduct careful testing before connecting AI systems to critical industrial 

operations. Effective integration is essential for translating AI capabilities into practical automation 

benefits. 

 

9.3 Workforce Adaptation 

AI-enabled automation changes the nature of industrial work by increasing demand for technical, 

analytical, and supervisory skills. Employees may need training in AI-supported operations, data 

interpretation, robotics, cybersecurity, and intelligent system monitoring. Resistance to technological 

change may occur when workers perceive automation as a threat rather than a support mechanism. 
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Organizations should therefore implement structured training and change-management programs. 

Human expertise remains valuable for handling exceptions and contextual decisions. Successful 

automation should focus on workforce augmentation and capability development rather than technology 

deployment alone. 

 

10. Future Research 

Future research should focus on developing adaptive AI models capable of operating reliably under 

changing industrial conditions. Hybrid architectures combining machine learning, deep learning, 

reinforcement learning, digital twins, and edge computing may provide improved capabilities for real-

time industrial automation. Research should examine how models can detect distribution changes and 

adapt without compromising operational stability. Further investigation is also required into AI-based 

optimization systems that can simultaneously consider production efficiency, energy consumption, 

equipment health, quality, and safety. Such multidimensional optimization could support more 

comprehensive industrial intelligence. 

Another important research direction involves trustworthy and explainable industrial AI. Future 

studies should investigate methods for making automated industrial decisions more transparent and 

auditable. Research should also address cybersecurity, adversarial robustness, privacy-preserving 

industrial analytics, and secure AI deployment. Human-AI collaboration should receive greater attention, 

particularly regarding operator trust, training, decision authority, and system supervision. Finally, future 

research should investigate sustainable AI-enabled automation that reduces energy consumption and 

minimizes computational costs while maintaining high industrial performance. These developments can 

support safer, more resilient, and more adaptive next-generation industrial environments. 

 

11. Conclusion 

AI-enabled automation represents a major development in the transformation of conventional industrial 

systems into intelligent, adaptive, and data-driven environments. By combining machine learning, deep 

learning, industrial IoT, intelligent robotics, computer vision, predictive analytics, and digital 

technologies, organizations can improve their ability to predict operational conditions and respond to 

changes. The proposed framework integrates data acquisition, processing, AI analysis, intelligent 

decision-making, automated execution, monitoring, and continuous learning into a unified industrial 

automation cycle. 

The analysis indicates that AI-enabled automation can provide significant benefits in production 

optimization, predictive maintenance, quality control, robotics, logistics, and resource management. 

However, successful implementation depends on more than technological capability. Data quality, 

system interoperability, cybersecurity, workforce adaptation, implementation costs, and AI 

explainability must be addressed throughout the automation lifecycle. Appropriate human oversight and 

safety controls remain especially important when AI systems influence physical industrial processes. 

Overall, AI-enabled automation provides a strong foundation for next-generation industrial 

applications by enabling systems to move beyond fixed instructions toward predictive and adaptive 

operations. Future industrial environments are likely to increasingly combine intelligent software with 

connected machines, autonomous robotics, and continuous data-driven learning. Responsible 
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implementation can allow organizations to achieve greater efficiency and flexibility while maintaining 

safety, reliability, transparency, and workforce participation. Continued multidisciplinary research will 

be essential for realizing the full potential of intelligent industrial automation. 
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