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Today's manufacturing industry has become more and more complex and dynamic. Hence, flexibility and efficiency throughout the production process are essential. Industry 4.0 provides a solution to cope with these challenges through large data sets coming from the manufacturing process. Moreover, applying machine learning techniques such as deep learning to process the industrial big data can support real-time decision making in different aspects of smart manufacturing. This research develops a conceptual framework to discuss the role of live video streams in providing process knowledge to realize real-time production planning and control. The application's perspectives in lead-time prediction, monitoring and control, scheduling, and simulation are discussed.

INTRODUCTION

The most important challenges of today's manufacturing systems are dealing with complexity and uncertainty and adapting to a dynamic environment. The complexity is attributed to to-be-manufactured products, manufacturing processes, and collaborative networks [START_REF] Wuest | Machine learning in manufacturing: advantages, challenges, and applications[END_REF]. Uncertainty refers to environmental and system changes which can cause disturbance in the manufacturing process [START_REF] Wazed | Uncertainty factors in real manufacturing environment[END_REF]. Manufacturing data collected from manufacturing processes is considered as the most valuable asset of manufacturing to overcome these challenges. To benefit from this asset, it is essential to find highly complex and non-linear patterns in data and transform it into knowledge and information [START_REF] Wuest | Machine learning in manufacturing: advantages, challenges, and applications[END_REF]. Smart manufacturing requires real-time data analysis to facilitate rapid and accurate decision making in the dynamic environment of today's manufacturing [START_REF] Tao | Data-driven smart manufacturing[END_REF][START_REF] Zheng | Smart manufacturing systems for Industry 4[END_REF]. Nowadays, finding a timely and cost-effective approach to gain insight into the available data is the most important challenge [START_REF] Rodríguez-Mazahua | A general perspective of Big Data: applications, tools, challenges and trends[END_REF]. Different methods were proposed in the literature to deal with structured data [START_REF] Gong | Computer vision-based video interpretation model for automated productivity analysis of construction operations[END_REF] and limited amounts of unstructured data such as images [START_REF] Andrianakos | An approach for monitoring the execution of human based assembly operations using machine learning[END_REF], while more complex unstructured data such as real-time videos has not received enough attention.

Video streams in manufacturing enable real-time monitoring of the manufacturing process. Applying deep learning techniques to analyze these streams and extract knowledge supports real-time decision making in production planning and control and creates manufacturing intelligence. Generated intelligence can in turn result in better performance of production system in terms of quality, time, cost, and flexibility [START_REF] Mittal | A smart manufacturing adoption framework for SMEs[END_REF].

To the best of our knowledge there is not any systematic review on the application of video streams on manufacturing planning and control. This study aims to survey the application of video streams in smart manufacturing and takes a step toward highlighting its role in generating manufacturing intelligence via a conceptual framework including physical, cyber and application layers.

The rest of the paper is organized as follows: Section 2 discusses the characteristics of big data and its role in the fourth industrial revolution. Section 3 highlights some information about real-time video-streams. Section 4 describes our proposed framework in detail and analyzes the necessity and benefits of applying that in three important areas of manufacturing including lead time prediction, monitoring and control, and scheduling. Section 5 concludes with some remarks and future research prospects.

INDUSTRY 4.0 AND BIG DATA

Four waves of technological progress have fundamentally upended traditional manufacturing approaches, which are called revolution. [START_REF] Lasi | Industry 4.0[END_REF]. The first industrial revolution is driven by water and steam power. The second industrial revolution depended on electric power for mass production. The trigger for the third industrial revolution was Information Technology [START_REF] Yin | Big data for modern industry: challenges and trends [point of view[END_REF]. The German Governments called the fourth industrial revolution as Industry 4.0 [START_REF] Yin | Big data for modern industry: challenges and trends [point of view[END_REF] because it originated from an advanced manufacturing vision project supported by the German government in 2011 [START_REF] Xu | Big data for cyber physical systems in industry 4.0: a survey[END_REF]. Industry 4.0 has been appeared to develop completely automated and intelligent production systems by sharing data [START_REF] Piccarozzi | Industry 4.0 in management studies: A systematic literature review[END_REF]. Generated data by machines and devices, business management, etc. called big data and considered as the fuel of the fourth MOSIM'20 -November 12-14, 2020 -Agadir -Morocco industrial revolution [START_REF] Yin | Big data for modern industry: challenges and trends [point of view[END_REF]. "5V" characteristics of big data including volume, velocity, variety, veracity, and value [START_REF] Yan | Industrial big data in an industry 4.0 environment: Challenges, schemes, and applications for predictive maintenance[END_REF] distinguish it from "very large data" or "massive data" [START_REF] Yin | Big data for modern industry: challenges and trends [point of view[END_REF]. The importance of volume in big data is related to the fact that the more data is available, the more trustworthy the estimation that can be achieved. The veracity of big data is of particular importance since data processing must be accomplished faster than data generation, otherwise, must such of data will be wasted. The variety of big data is important because patterns can be more easily identified through different perspectives. The veracity of big data refers to the need for accuracy to avoid making decisions based on incorrect data. The value of big data determines the final gain which can be obtained from data. [START_REF] Xu | Big data for cyber physical systems in industry 4.0: a survey[END_REF] In other words, the value of big data does not lie in its sheer volume but in its hidden potential information and knowledge [START_REF] Tao | Data-driven smart manufacturing[END_REF].

The Industry 4.0 concept in the manufacturing sector includes diverse applications from product design to logistics [START_REF] Zheng | Smart manufacturing systems for Industry 4[END_REF]. Big data can be acquired from different various sources such as humans, machinery, and manufacturing process. This data can be classified into three different categories: 1) Structured data with a structural format which is understandable for human and storable in rational databases. 2) Semi-structured without a structural format and weaker ability to store compared to structured data 3) Unstructured data without a pre-defined structure, which can contain both textual and non-textual data such as image, audio, and video [START_REF] Gupta | A comparative study on data extraction and its processes[END_REF]. Statistical methods is used very often to analyze big data since are they are based on probability theory and perform well for small data sets [START_REF] Gupta | A comparative study on data extraction and its processes[END_REF]. Data mining algorithms have been widely applied in the literature to process big data sets for pattern discovery and extraction. These techniques mostly focus on structured data formats and face challenges when processing semi-structured and unstructured data due to their uncertain format [START_REF] Khan | Big data: survey, technologies, opportunities, and challenges[END_REF][START_REF] Siddiqa | A survey of big data management: Taxonomy and state-of-the-art[END_REF]. Processing unstructured data is expensive and difficult. It requires conversion to structured data and development of large-scale machine learning techniques [START_REF] Chen | Big data: A survey[END_REF][START_REF] Siddiqa | A survey of big data management: Taxonomy and state-of-the-art[END_REF][START_REF] Gupta | A comparative study on data extraction and its processes[END_REF]. Video is the most complex type of unstructured data, as it can simultaneously contain audio, video, and text. Video analytics, therefore, requires analysis techniques of all other types of unstructured data such as audio classification, image recognition, etc. [START_REF] Hou | Unstructured big data analysis algorithm and simulation of Internet of Things based on machine learning[END_REF]. Among data scientists, deep learning is a popular class of machine learning techniques to process videos with higher accuracy and much better performance [START_REF] Bathla | Deep Learning for Big Data Analytics[END_REF][START_REF] Mathew | Deep Learning Techniques: An Overview[END_REF][START_REF] Xu | Advanced Data Collection and Analysis in Data-Driven Manufacturing Process[END_REF].

On the other hand, data processing can be performed both offline and in real-time concerning the requirements on response time [START_REF] Chen | Big data: A survey[END_REF]. Data received in realtime is more valuable for manufacturers at the time it arrives and can support decision making more efficiently [START_REF] Tantalaki | A review on big data real-time stream processing and its scheduling techniques[END_REF]. Nowadays, the importance of retrieval information from real-time data is similar to the importance of extracting knowledge from databases several years ago [START_REF] Angelov | Autonomous learning systems: from data streams to knowledge in real-time[END_REF]. Therefore, the necessary condition of smart manufacturing is to extract comprehensive information and knowledge from industrial data in real-time, which leads to increased manufacturing competitiveness [START_REF] Tao | Data-driven smart manufacturing[END_REF], and more efficient management and control of manufacturing process [START_REF] Yan | Industrial big data in an industry 4.0 environment: Challenges, schemes, and applications for predictive maintenance[END_REF]. Applying large amounts of manufacturing data with different formats such as video, audio in various studies can easily prove the importance of big data in the manufacturing environment.

REAL-TIME VIDEO STREAMS

There are many streams of data in today's manufacturing [START_REF] Angelov | Autonomous learning systems: from data streams to knowledge in real-time[END_REF]. Among those, video streams can potentially improve productivity. They consist records that captures actual operation times and indicate all the abnormalities during the operation [START_REF] Gong | Computer vision-based video interpretation model for automated productivity analysis of construction operations[END_REF]. They play an important role in industrial inspection systems.

Real-time video processing technology has improved significantly in recent years. In addition to hardware developments for video processing, considerable development can be considered for its application [START_REF] Kehtarnavaz | Real-time image and video processing: from research to reality[END_REF]. The worthy and accurate information that can be extracted from real-time videos makes automated data interpretation technology interesting subject for both manufacturers and researchers [START_REF] Gong | Computer vision-based video interpretation model for automated productivity analysis of construction operations[END_REF].

Traffic surveillance, for instance, has experienced considerable advancement with the emergence of traffic video surveillance systems [START_REF] Vishnu | Intelligent traffic video surveillance and accident detection system with dynamic traffic signal control[END_REF]. Video-based gesture recognition is another promising application of this technology in the automotive industry, which increases drivers' comfort and maintains their safety [START_REF] John | Deep learning-based fast hand gesture recognition using representative frames[END_REF].

Machine learning algorithms have been widely applied for processing videos. Traditional algorithms such as computer-aided algorithms require strong supervision when detecting patterns in videos [START_REF] Quellec | Multiple-instance learning for medical image and video analysis[END_REF]. In recent years, deep learning algorithms received greater attention for video processing, since they can be applied with or without supervision. They consist of many hidden layers and numerous neurons. This multilayer architecture helps to handle big video data with high accuracy [START_REF] Abbas | A comprehensive review of recent advances on deep vision systems[END_REF] and progressively learn features from data at multiple levels [START_REF] Mathew | Deep Learning Techniques: An Overview[END_REF] 

PROPOSED CONCEPTUAL FRAMEWORK

Industrial leaders require valid techniques to effectively plan and control real-time production systems (Cheng, et al., 2019) to improve competitiveness and decrease the cost of manufacturing. Analyzing real-time data of the MOSIM'20 -November 12-14, 2020 -Agadir -Morocco manufacturing process provides an opportunity for supporting real-time decision making and generating manufacturing intelligence which improves the efficiency of production systems. In the following, we propose a conceptual framework for the field of smart manufacturing using state-of-the-art methods of data analysis and simulation to digitalize tacit knowledge of manufacturing and realize data-enabled production planning and control.

Figure 1 illustrates the proposed framework consisting of three main layers: physical layer, cyber level (including data and simulation layer), and application layer. The physical layer is responsible for physical space of manufacturing and represents all manufacturing resources involved in real process of manufacturing. Human opera-tors, machines, and production processes of various products are important entities in manufacturing [START_REF] Tao | Digital twin driven smart manufacturing[END_REF] which cause complexity in production planning and control. Manufacturing entities are dynamically affected by external factors such as dynamic environment and customers. Customized products, order changes, and emergency events make manufacturing entities exposed to more randomness, abnormalities, and complexity, consequently increasing the importance of real-time monitoring of real manufacturing environments. Different technologies can be applied in physical layer to record events related to manufacturing entities such as RFID, 3D sensors, cameras, etc. In the proposed framework, we focus on real-time video streams. The cyber layer includes the data layer and the simulation layer. Manufacturing data collection and analysis are key factors in data layer to realize data-driven operations. Many researchers tried to incorporate these important components into modern manufacturing, while they do not pay that much attention to improving them. Sensors have been considered in most of the studies to collect manufacturing data [START_REF] Xu | Advanced Data Collection and Analysis in Data-Driven Manufacturing Process[END_REF]. In this study, collecting data via real-time video streams is proposed. These streams can keep track of the manufacturing process through collecting sequential data from manufacturing processes such as machines, material flows, etc. [START_REF] Xu | Advanced Data Collection and Analysis in Data-Driven Manufacturing Process[END_REF]. Recorded data contains a large volume of the valuable manufacturing process such as operation times, machine failures, human errors, process abnormalities, and so forth. This data can be collected continuously and updated regularly which makes data stream analysis more challenging and interesting for researchers. To cope with the high complexity of data streams in terms of volume and speed of input data, intelligent data-handling is required. This technique can facilitate data analysis and guarantee the quality of data processing results in the next step [START_REF] Kholghi | An analytical framework for data stream mining techniques based on challenges and requirements[END_REF]. Deep learning technique is proposed for processing data stream in this layer because it can learn how to extract useful features automatically without human intervention [START_REF] Xu | Advanced Data Collection and Analysis in Data-Driven Manufacturing Process[END_REF]. Extracted features are considered as the accurate knowledge of manufacturing events which is required for the next layer.

In the simulation layer, simulation models of manufacturing processes are needed to evaluate and compare different rules without disturbing the manufacturing process. In the framework, we proposed dynamic process mining techniques to generate simulation models instead of MOSIM'20 -November 12-14, 2020 -Agadir -Morocco model generation through traditional data sources, because of their greater computability with the real process (Martin, et al, 2014). The dynamic approach provides an opportunity to register event logs during the process and discover a more accurate business process. According to [START_REF] Pérez-Castillo | An empirical comparison of static and dynamic business process mining[END_REF], four steps are considered for the dynamic process mining: QVT (Query, View, and Transformation), pattern matching, rule generation, and knowledge discovery Meta-model (KDM) generation. Collected event logs of the manufacturing process must be transformed into decision support data to create business intelligence. QVT performs this task and makes data available from data warehouses to users. Online analytical processing (OLAP) technique is proposed to be applied in the QVT step due to the ability of multi-dimensional and multi-level analysis on a large volume of data (Queiroz-Sousa and Salgado, 2019, [START_REF] Kaur | Comprehensive Survey of OLAP Models[END_REF]. It can collect, transform, and summarize data to create Business Intelligence through specific operations [START_REF] Patil | OLaaS: OLAP as a Service[END_REF]. Slicing /dicing, drill-down, and roll-up are considered as the most important OLAP operations in the literature. These operations provide aggregated data visualization with different perspectives (Queiroz-Sousa and Salgado, 2019). Slicing/dicing determines a particular aspect of data. Roll up provides a brief overview of data and drill-down prepares data with details considering user's preferences [START_REF] Chen | Graph OLAP: a multi-dimensional framework for graph data analysis[END_REF]. Pattern-matching then aims to correctly link the particular data in the event warehouse to a running process by exploring the correlation between different events. Mapping generates if-then rules in the manufacturing system. These rules have great importance for coping with uncertainties in the manufacturing process. Consequently, a process model is built automatically from event logs [START_REF] De Medeiros | Genetic process mining: an experimental evaluation[END_REF] which is called simulation knowledge discovery metamodel. This model can be updated automatically by utilizing comprehensive events information obtained from real-time video streams and realizing data-driven simulation. It supports the assessment of more complex manufacturing scenarios considering numerous process rules and overcomes weakness of the other simulation methods such as Discrete Event simulations, System Dynamics, and Agent-Based simulations [START_REF] Goodall | A data-driven simulation to support remanufacturing operations[END_REF]. Consequently, simulation results benefit from a higher degree of realism and result in more efficient solutions to manufacturing problems.

The application layer represents practical manufacturing applications [START_REF] Tao | Digital twin driven smart manufacturing[END_REF]. In the application layer of our proposed platform, knowledge coming from previous layers will be utilized to develop a more dynamic and smart production planning and control system i.e. smart manufacturing assistants in three important areas of production planning and control: lead time prediction, monitoring and control, and scheduling.

Lead Time Prediction

According to Gyulai, et al., (2019), "the accurate lead time (LT) prediction is a key factor in successful production planning and control", since any earliness or tardiness in delivery leads to an increase in the cost of production and a decrease in the firm competitiveness [START_REF] Wang | Deep neural networks based order completion time prediction by using real-time job shop RFID data[END_REF]. Predicting LT is a hard challenge for manufactures considering the constantly changing product and production lines [START_REF] Onaran | Predicting cycle times in textile manufacturing using artificial neural network[END_REF]. LT is affected by several factors including process parameters (Gyulai, et al., 2019), shop congestion (Öztürk, et al., 2006) and dispatching rules (Öztürk, et al., 2006). The complexity of the production process [START_REF] Onaran | Predicting cycle times in textile manufacturing using artificial neural network[END_REF] and customized products (Gyulai, et al., 2019) increase the difficulty of accurate lead time prediction. Analytical methods available in the literature, such as Little's Law, cannot be applied when a great variation of products and process parameters need to be addressed, while data analytics and machine learning methods are proven to be efficient in such a situation (Gyulai, et al., 2019). However, these methods mostly focus on structured data, ignoring unstructured data such as audio, images, and video. Employing real-time videos as direct observations of operations and processing them using deep learning techniques can provide exhaustive and precise information about the manufacturing process. Using this information to predict LT enables us to develop a realtime production controller and to increase the reliability of control decisions such as due-date assignment and order prioritization.

Monitoring and Control

Although machines replaced humans in many operations due to the industrial revolution, there is still a high amount of assembly operations that are carried out manually [START_REF] Andrianakos | An approach for monitoring the execution of human based assembly operations using machine learning[END_REF]. These assembly operations are complex and require human flexibility and intelligence [START_REF] Tarallo | A cyber-physical system for production monitoring of manual manufacturing processes[END_REF]. The more complex assembly processes and variation of products, the more need for human operators [START_REF] Kaczmarek | Progress monitoring and gesture control in manual assembly systems using 3D-image sensors[END_REF]. In practice, these operators must operate various actions and employ different hand-held equipment simultaneously. They must perform their tasks based on planned procedures and particular orders since any incorrect assembly operation leads to loss of quality, rework or rejection the product, resulting in higher total manufacturing cost [START_REF] Andrianakos | An approach for monitoring the execution of human based assembly operations using machine learning[END_REF]. Therefore, there is a need to monitor human operators' activities during the assembly process.

Tools for monitoring assembly process track humans to judge whether operations were performed correctly and thus detect mistakes [START_REF] Tarallo | A cyber-physical system for production monitoring of manual manufacturing processes[END_REF]. Hence, humanrelated errors can be distinguished at the early stages of assembly [START_REF] Gong | Computer vision-based video interpretation model for automated productivity analysis of construction operations[END_REF]. Traditional methods of monitoring assembly operations used direct observation of the assembly process, which is time-consuming, error-prone, and labor-intensive [START_REF] Yang | Construction performance monitoring via still images, time-lapse photos, and video streams: Now, tomorrow, and the future[END_REF]. Dif-MOSIM'20 -November 12-14, 2020 -Agadir -Morocco ferent 3D image sensors-based techniques, such as Kinect, have also been used by researchers to track human operators. These techniques require certain gestures of workers in a specific place to understand that the task is performed [START_REF] Weichert | A review of machine learning for the optimization of production processes[END_REF]. Recently, vision sensors, such as 2D images and machine learning techniques are being applied to automatically monitor the execution of human-based assembly operations [START_REF] Weichert | A review of machine learning for the optimization of production processes[END_REF]. These images are not generic enough to be applied in the industrial environment [START_REF] Andrianakos | An approach for monitoring the execution of human based assembly operations using machine learning[END_REF]. In practice, more images of the assembly process are required [START_REF] Andrianakos | An approach for monitoring the execution of human based assembly operations using machine learning[END_REF]. Real time data is required to avoid sudden interruptions in manufacturing process [START_REF] Angelopoulos | Tackling Faults in the Industry 4.0 Era-A Survey of Machine-Learning Solutions and Key Aspects[END_REF]. Video streams as a worthy source of data can detect abnormalities of the process [START_REF] Gong | Computer vision-based video interpretation model for automated productivity analysis of construction operations[END_REF]. Video stream analysis through deep learning techniques, as valid approaches for processing complex data sets and retrieval information [START_REF] Shokri | Privacypreserving deep learning[END_REF], helps to develop an active monitoring controller.

Scheduling

Scheduling as an important optimization problem focuses on assigning the available resources, such as machines and human operators, to manufacturing processes at particular times to minimize makespan or/and cost (Zhang, et al., 2019). Since this problem has a direct effect on production efficiency and manufacturing cost, many scheduling algorithms have been presented in the literature [START_REF] Zhang | Review of job shop scheduling research and its new perspectives under Industry 4.0[END_REF]. Small size production scheduling problems can be solved optimally by mathematical optimization, while for large-scale problems, local optimization is applied, potentially leading to sub-optimal solutions [START_REF] Waschneck | Optimization of global production scheduling with deep reinforcement learning[END_REF]. Structures of traditional scheduling algorithms are far from the real manufacturing environment and fail to respond to real-time changes [START_REF] Waschneck | Optimization of global production scheduling with deep reinforcement learning[END_REF], Zhang, et al., 2019). This limitation results from unpredictable real-time events during the manufacturing process, such as order cancelations, machine failures, and emergency events [START_REF] Ouelhadj | A survey of dynamic scheduling in manufacturing systems[END_REF]Petrovic, 2009, Zhang, et al., 2019). In such circumstances, previous feasible schedules lose their optimality and turn into infeasible ones [START_REF] Zhang | Flexible job-shop scheduling/rescheduling in dynamic environment: a hybrid MAS/ACO approach[END_REF]. Rescheduling is then required, but can cost more time and impose severe disruptions to a manufacturing process [START_REF] Zhang | Review of job shop scheduling research and its new perspectives under Industry 4.0[END_REF].

Among different developed techniques in the literature for scheduling in the presence of real-time events, multiagent systems showed better performance due to their dynamic nature and robustness against failure [START_REF] Ouelhadj | A survey of dynamic scheduling in manufacturing systems[END_REF]. In this context, each agent is responsible for responding to local conditions and interacting with other agents to achieve optimal and robust schedules [START_REF] Ouelhadj | A survey of dynamic scheduling in manufacturing systems[END_REF]. Therefore, combining new learning techniques with multi-agent systems (which have self-decision-making capacity) is demanded in smart scheduling. Agents can learn how to address major issues of real-time rescheduling, and especially how and when to react to real-time events through deep learning techniques [START_REF] Zhang | Flexible job-shop scheduling/rescheduling in dynamic environment: a hybrid MAS/ACO approach[END_REF]. As a result, they could predict, construct, and solve their scheduling model concerning real-time changes. Using real-time video streams to train these agents can endow the scheduling system with high flexibility and robustness.

Real-time Simulation

The complexity of the manufacturing process and customer-specific variations lead to drastic changes in planning and control manufacturing approaches [START_REF] Wenzel | Transformation of Realtime Reporting Event Data to Long-term Simulation Models[END_REF]Peter, 2017, Lugaresi and[START_REF] Lugaresi | Real-time simulation in manufacturing systems: Challenges and research directions[END_REF]. Simulation, as one of the Industry 4.0 revolution pillars, has gained the greatest importance in this context [START_REF] Lugaresi | Real-time simulation in manufacturing systems: Challenges and research directions[END_REF]. Digital twins, defined as a digital replica of a physical entity, provide an opportunity to gain insight into complex systems, evaluate alternative rules and designs, without disturbing the real system [START_REF] Mourtzis | Simulation in the design and operation of manufacturing systems: state of the art and new trends[END_REF].

The development of computer technology made both deterministic and stochastic real-time simulation possible for real-time production control (Kuffel, et al., 2016, Lugaresi and[START_REF] Lugaresi | Real-time simulation in manufacturing systems: Challenges and research directions[END_REF]. Literature is rich in applications of real-time simulation in manufacturing [START_REF] Lugaresi | Real-time simulation in manufacturing systems: Challenges and research directions[END_REF] from training and assisting human operators [START_REF] Sharma | Collaborative Virtual Assembly Environment for Product Design[END_REF][START_REF] Bruno | A Handheld Mobile Augmented Reality Tool for On-Site Piping Assembly Inspection[END_REF] or robots [START_REF] Papadopoulos | An Advanced Human-Robot Interaction Interface for Teaching Collaborative Robots New Assembly Tasks[END_REF], Li, et al., 2020) to throughput analysis and production scheduling [START_REF] Hosseinpour | Importance of simulation in manufacturing[END_REF]. Data collection is the first important step in simulation. Although this step has been widely discussed in the literature, real-time complexity coming from big streams of data has been neglected and intelligent data-handling units are still required [START_REF] Lugaresi | Real-time simulation in manufacturing systems: Challenges and research directions[END_REF].

Model generation is the second important step in the simulation of manufacturing systems. [START_REF] Lugaresi | Real-time simulation in manufacturing systems: Challenges and research directions[END_REF]. Simulation models can be generated through process documentation, experts' interview, and process observation. Traditional information sources cannot provide simulation models with appropriate real process compatibility. Due to the importance of realism degree of simulation models, analyzing data related to the real process can provide useful insights (Martin, et al, 2014). Process mining is a recent technique for generating a simulation model based on the record of manufacturing events [START_REF] Wenzel | Transformation of Realtime Reporting Event Data to Long-term Simulation Models[END_REF]. Focusing on streams of data is a promising field of research, that can provide a sufficient level of events availability, but it has not yet received enough attention [START_REF] Wenzel | Transformation of Realtime Reporting Event Data to Long-term Simulation Models[END_REF]Peter, 2017, Lugaresi and[START_REF] Lugaresi | Real-time simulation in manufacturing systems: Challenges and research directions[END_REF]. Applying real-time video streams challenges us face the high complexity of big data streams and develop intelligent data handling units. The sufficient level of recorded events of the manufacturing process can be also applied to generate a dynamic simulation model. Consequently, tacit knowledge of manufacturing can be interestingly transformed and digitalized, potentially overcoming one of the most important challenges of new simulation approaches.
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CONCLUSION AND FUTURE WORK

The manufacturing industry has faced increasing complexity and uncertainty in the last years. To improve firm competitiveness and manufacturing efficiency, it is important to support production managers in real-time decision making by valorizing real-time large data sets captured from manufacturing processes.

In this research, we propose a conceptual framework for realizing data-enabled manufacturing. This framework considers real-time video streams as a valuable source of real-time data, which can be processed by deep learning techniques to provide rich knowledge of manufacturing events. This tacit knowledge can generate simulation models through dynamic process mining techniques and offer manufacturing intelligence needed to support decision making in three important domains of production planning and control.

This study considers only a small portion of the potential information hidden in live video-streams, the tip of the iceberg. In future work, a case study of the proposed framework can be addressed to validate it and study its effects on a real industrial environment. Applying this framework in other optimization manufacturing domains is also interesting.

Figure 1 :

 1 Figure 1: The architecture of the proposed conceptual framework
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