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Abstract

:

The incomplete constraint induced by multipoint reconfigurable fixturing and the inherently weak rigidity of thin shell parts significantly hinder the stability of flexible fixturing systems. In particular, during the trimming operation, the number of effective locators may change with the progressive separation of the desired shape from that of the blank part, which easily produces the cliff effect (instantaneous dramatic reduction) of the system stiffness. As a result, the location layout becomes a main crux in reality. Regarding this issue, the author herein presents a digital twin-based decision-making methodology to generate reconfigurable fixturing schemes through integrating virtual and physical information. Considering the intrinsic features of the trimming process, such as the time-varying propagation of the system stiffness and the coupling effects of multiattribute process parameters, the hidden Markov model was introduced to cope with reconfigurable fixturing optimization. To achieve fast convergence and seek a feasible solution, local information (where low system rigidity occurs) was extracted and shared to guide the optimization process in a front-running simulation. To demonstrate the presented method, trimming experiments were performed on a large-size compliant workpiece held by a reconfigurable fixturing system that was developed independently by our research group. The experimental results indicate that the proposed method could adaptively iterate out the optimal locating schema and process control reference from the virtual fixturing and trimming simulation to guarantee the time-varying stability of the trimming process in the real world. Clearly, the digital twin-based reconfigurable fixturing planning approach generated a high possibility of building a context-specific, closed-loop decision-making paradigm and allowing the reconfigurable fixturing system to behave in a more adaptable and flexible manner.
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1. Introduction


Large-size thin shell parts are among the most widely used components in industrial applications such as aircraft skins, vehicle cover panels, rocket outer shells, and ship curved panels. Therefore, they cannot be seen as rigid bodies, as they are inherently compliant and usually have complex curved surfaces. The design of fixturing and holding schemes is a critical task during the operations of machining, welding, handling, assembly, and inspection. Traditionally, single-purpose tooling or dedicated fixtures are employed in real manufacturing scenes, but this is not economical for small-batch production and is likely to cause long lead times. Therefore, flexible tooling solutions such as reconfigurable fixtures (RFs), modular fixtures, and robotized fixtures have attracted increasing attentions [1,2], as they are changeable, reconfigurable, programmable, or reusable to suit the dimension and shape changes of compliant parts.



The fact that compliant sheet metal parts are of low stiffness means that they no longer meet the general assumptions around rigid bodies in terms of positioning and constraints; that is to say, the general “3-2-1” location principle cannot provide sufficient constraints. To this end, the “N-2-1” (N ≥ 3) fixture layout principle was proposed [3] and is widely accepted to characterize the positioning and constraining of thin shell or thin sheet parts [4,5]. Clearly, if the number “N” of locators on the primary datum approaches infinity, the locating fixture becomes the traditional single-purpose rigid mold. However, another important problem should be pointed out: in most process operations, such as assembling, laser scribing, welding, and measuring, the effective locators of the “N-2-1” locating schema remain almost the same from the beginning to the end, while during the trimming operation, the effective locators may change with the cutting separation of the desired shape from the original part [6]. In this case, “N” is no longer a constant but a dynamic time-varying variable, so the author suggested replacing “N” with “X” and called this particular location fashion the “X-2-1” location principle [7].



Besides the aforementioned differences in locating principles, the “N-2-1”or “X-2-1” fixturing schemes with inherent multidimensional or dynamic variables make the decision making of the locator layout (i.e., location and number of locators) especially troublesome. The first difficulty is that there does not always exist an analytical or form-closed expression between the fixture layout and the concerned workpiece deformations under the actions of manufacturing process loads such as assembly loading or machining forces [8]. Therefore, most researchers have formulated optimization models of multipoint fixture layouts to achieve the minimum workpiece deformation and computed the deflection under different fixture layouts by the finite element method (FEM). To further solve optimization formulations, many different types of optimization algorithms have been introduced, such as the genetic algorithm [9,10], particle swarm optimization [11], the bat algorithm [12], the nondominated sorting genetic algorithm [13,14], the cuckoo search algorithm [15], and the grey prediction model [16]. All in all, extensive research has been conducted to optimize the fixture layout of thin shell parts by using probability optimization algorithms coupled with FEM. However, these studies are not directly applicable to the case in which the effective locators dynamically change throughout the trimming operation. From the grand vision of smart manufacturing or Industry 4.0, the epistemology of digital twin-embedded cyber-physical systems (CPSs) would bring out extraordinary smart and reconfigurable capabilities for new-generation intelligent manufacturing [17]. The motivation of the current work was triggered by this insight, and the author intended to explore the reconfiguration planning methodology for trimming operations on large-size thin shell parts held by programmable flexible fixtures.



The remainder of this article is organized as follows. Section 2 reviews related works about reconfigurable manufacturing systems and the digital twin modeling method. Section 3 presents the digital twin-based reconfigurable fixturing method and, in particular, the location layout optimization method. Section 4 discusses the experimental work to verify the developed methods. Section 5 presents a further discussion and avenues for forthcoming work. This article concludes in Section 6.




2. Related Works


2.1. Reconfigurable Manufacturing Systems


As a recommended alternative to dedicated manufacturing systems or flexible manufacturing systems, reconfigurable manufacturing systems (RMSs) are advocated to respond to sudden changes in the market or regulatory requirements using basic process modules (hardware and software) that can be recoupled quickly and reliably [18]. More broadly, besides reconfigurable machine tools, reconfigurable robots, conveyors, tooling and fixtures, and inspection machines are the underlying components and key enablers of RMSs. Over a long period in the past, the core reconfigurable characteristics of RMSs were defined by scalability, convertibility, diagnosability, flexibility, integrability, and modularity [19,20]. The reconfiguration driven by the variants of part families in RMSs is usually divided into levels: machine-level and system-level (processes, machine layouts, and resource scheduling) [21]. The true reconfigurability of RMSs largely depends on the quality of decision making: the macroprocess planning, which determines the best sequence among multiple different processing steps and setups, and the microprocess planning, which determines the best process parameters of each individual operation [22]. Thus, reconfigurable process planning and scheduling become very complex when the manufacturing environment is full of heterogeneous, changeable, and multiscale elements and information. It therefore makes sense that although production systems seem to be designed to be reconfigurable, many manufacturing floor shops still lack positive reconfiguration [23].



More recently, the integration of smart technologies under the concept of Industry 4.0 such as Internet of Things (IoT), big data and analytics, artificial intelligence (AI), cloud computing, and autonomous robots might significantly contribute to the full or high-level reconfigurability and flexibility of manufacturing systems [24,25]. For example, the digital twin-enabled reconfigurable modeling approach presented by Zhang et al. [26] provides the possibility to solve the inconsistency between the traditional reconfigurable solutions and the actual situation due to the lack of actual data and constraints. Aiming at the problem of when to reconstruct the RMS, Liu et al. [27] proposed a digital twin-based reconfiguration time point prediction method. Magnanini et al. [28] presented a novel digital twin-based methodology for tactical and strategical decisions in manufacturing systems. Leng et al. [29] demonstrated a digital twin and manufacturing simulation integrated platform embedded in a CPS. Obviously, although the main concerned issues in industrial production systems do not really change, increasingly complex production environments demand the emerging decision-making paradigm and thinking mindset for tackling the connected issues.




2.2. Digital Twin Modeling Method


Initially, as the presenter of the digital twin concept stated, a digital twin is a digital informational construct that is embedded within the physical system itself and connected with the physical counterpart through the system lifecycle [30]. Nearly since 2017, this attractive metaphor has gained increasing attention. Through embedding a digital twin into the CPS, the acquisition and sharing of information have the potential to identify and eliminate the unpredicted undesirable problems of complex systems and then greatly reduce the waste of physical resources (e.g., time, energy, and material). Consequently, digital twins are increasingly regarded as a core part or an implementation manner of CPSs; that is, their frontiers are increasingly overlapping [31]. Digital twin-embedded CPSs hereby generate a high possibility to reshape the manufacturing processes into a deeply digital and smart paradigm transformation. This requires us to have more interdisciplinary factors than just mechanics, electronics, modeling, and simulation, and informatics in particular should be gathered under the umbrella of cybernetics [32].



However, owing to the intrinsic heterogeneity, concurrency, and sensitivity to the timing of CPSs, twinning the conventional and well-known automation system into a digital twin-embedded CPS is full of challenges [33,34]. Digital twin modeling is difficult to achieve overnight; hereby, this means that the “truth” of digital twins is an evolving process throughout the system lifecycle. Madni et al. [35] divided the maturity of digital twins into four levels: pre-digital twin, digital twin, adaptive digital twin, and intelligent digital twin. Currently, there are no specific criteria or universal reference architectures to standardize the digital twinning process. According to the survey, there are mainly four types of representative architectures to offer guidelines and procedures for digital twinning: the generalized layered architecture [36,37], system development lifecycle-based method [38,39], Asset Administration Shell (AAS) framework [40,41], and ISO 23247 digital twin architecture [42]. In fact, whatever they say, the basic configuration of a digital twin system consists of three main parts: a physical entity (asset, process, or system) in real space (physical twin); a digital representation of the physical counterpart in cyberspace; and the cross-space entity to fuse and align the data and information between the physical side and virtual space. Every type of digital replica to mirror the real entity of different granularities can be seen as a twin; thus, it is possible and often also quite advisable for a CPS to match multiple digital twins.





3. Digital Twin-Based Reconfigurable Fixturing Method


3.1. Digital Twin-Driven Paradigm of Reconfigurable Fixturing


The efficiency and effectiveness of reconfiguration planning are some of the most important issues in RMSs [43]. Regarding the reconfigurable fixturing planning for the trimming operation of thin shell parts, its basic task is to transfer the information of the desired model into the location information of the reconfigurable fixture, but the parallel and very different requirements of location accuracy and holding stability throughout the whole process of trimming make the decision making of deterministic locating thorny. For instance, due to the complex interaction dynamics that involves the multipoint location, the low rigidity of thin shell parts, and the ongoing separation of the desired shape, the cliff effect where the stiffness of the fixturing system obviously steps down is very likely to emerge unexpectedly [7]. This emergent behavior would bring out potentially harmful effects or waste expensive large-size thin shell parts owing to out-tolerance, so it needs to be eliminated through reconfigurable fixturing planning. Previous works of modeling and “front-running” simulation analysis provide the necessary foundations for the decision making of reconfiguration planning [6,7,44], but the concept of digital twins tends to integrate the multidisciplinary and multiscale models and bottom-up data of the production site into an actionable continuum. Largely speaking, especially according to our engineering practice in the reconfigurable manufacturing of aircraft skins [2], transforming an RMS into a digital twin-embedded CPS is a natural transition, not a disruptive leap.



Figure 1 distinguishes what is truly new here and what is not. Without a digital twin, the data and models about an entity are usually scattered, and this leads to broken information flowing across the lifecycle of the entity. Additionally, some information may be repetitive, conflicting, and even missing. Moreover, this may result in decision making of a low efficiency or poor quality. For example, in order to ensure the accurate transmission of the geometric information of the skin part from the stretch forming process to the trimming operation, after the skin part is formed, two to four datum holes need to be punched out as positioning references through the hole-making device on the forming tooling. Relying on the alignment of datum holes and positioning pins on the reconfigurable fixturing tooling, across-space coordination of the part-holding posture between the digital space and reality can be achieved. However, this information transmission of positioning data cannot be obtained directly from the product lifecycle management (PLM) system, and it is only extracted after the stretch forming process. If this information is missed, the information flow of the geometric data would be broken. Additionally, information silos hinder the adoption of advanced techniques such as big data analytics and AI, which require accessing a large amount of information. If there is a digital twin, it would help to cope with the information silo problem. A digital twin serves as a proxy that collects data centrally for every entity and then significantly contributes to the production transparency and near-real-time optimization. The digital twin of an entity is a means of, and the single interface to, accessing its lifecycle information [45]. As said, there may be separate digital twins for a single entity because the context is different and the information is used in different ways.




3.2. Digital Twin-Driven Reconfigurable Fixturing Planning


Following the ISO 23247 digital twin architecture [42], the domain- and entity-based digital twin framework was adopted to describe the digital twinning method of the reconfigurable fixturing planning for the trimming operation of thin shell parts, as shown in Figure 2. Domains refer to a set of functional entities (FEs), which are mainly classified into three categories: the observable physical domain, digital (core) domain, and cross-space domain. Each domain has a logical group of tasks and functions, which are performed by the functional entities or sub-entities of a lower level.



(1) Physical domain. The observable manufacturing domain, alternatively called the physical domain, connects the observable manufacturing elements (OMEs) (e.g., reconfigurable fixture, five-axis numerical control (NC) machine, and blank part) into a real manufacturing system. The available functions of the involved hardware and their embedded software systems belong to the physical domain. Here, the reconfigurable fixturing system was developed independently by our research group, and the moveable and stoppable vacuum end effectors can be accurately controlled in three directions by the computer control system. Meanwhile, the end effectors can swivel up to 45° in any direction; thus, they can adaptively contact and support the free-form workpiece. The working parameters of the developed reconfigurable fixture are listed in Table 1. The physical domain definitely determines the maximum possible capability frontier of the real production system.



(2) Digital domain. The digital domain, or the cyberspace domain, is responsible for the overall operation and management of digital twins (e.g., digital twin of reconfigurable fixturing, digital twin of NC trimming). The digital twin of reconfigurable fixturing hosts core functions such as model-based feature extraction, location allowance judging, part-holding posture design, and reconfigurable layout optimization. The model-based feature extraction is to collect the geometric information of blank and as-designed parts such as the trimming lines and contour edges. The location allowance judging method, part-holding posture determination method, and FEM simulation method were developed in a previous work [7] and are not further covered here. The reconfigurable layout optimization method is introduced in Section 3.3. The simulation and optimization in the digital domain are responsible for generating a layout solution and control compliance for the real process.



(3) Cross-space domain. The cross-space domain is responsible for the absolute data translation and information interactions between the virtual model and real entity: for example, the layout design data and NC program. The recent advances in industrial information and communication technologies such as fieldbuses, Ethernet, and Open Platform Communications (OPC) substantially consolidated the technological foundation of real-time, reliable, and secure transmission of different types of data. The alignment and fusion of simulated data, measured data, and master data of the RF and different semantic information (e.g., system stiffness, layout, and accuracy) enable the physical entities and virtual models to be integrated into a whole system. In this work, to measure the time-varying stiffness of the in-process fixturing system, the dynamic displacements of key reference points (KRPs) were real-time monitored by the eddy current displacement sensors. Through aligning the measured displacements of KRPs with the simulated displacements of the corresponding KRPs, the time-varying stiffness of the in-process fixturing system is clearly controlled within the allowable range as the front-running simulation optimization results predict.




3.3. Reconfigurable Fixturing Optimization Method


From the foregoing discussion, owing to the progressive separation of the desired shape from that of the blank part throughout the whole trimming process, the interaction dynamics of the whole trimming process is highly time-variably nonlinear and has a complex state space that involves heterogeneous variables such as the location layout, machining forces, and trimming route. Obviously, the stiffness representation of the fixturing system cannot be directly characterized by an analytic method, so the hidden Markov model (HMM) was used to describe the complex coupling effects of heterogeneous variables on the in-process stiffness of the fixturing system (see Figure 3). Further, the FEM simulation model was adopted to simulate the material removal process and estimate the maximum fluctuation amplitude of the dynamic deformations [7]. The FEM method can perform batch simulation calculations of the in-process stiffness of the fixturing system, and according to the simulated results, the HMM further drives the combinational optimization of heterogeneous variables with the conditional probabilities in the allowable state spaces. That is to say, the interaction dynamics model of the whole trimming process is built in the virtual space by the combination of HMM and FEM. The FEM simulation method was developed in a previous work [7] and is not further covered here. Next, the layout optimization method of RFs is introduced.



Given a 3D free-form surface part with the trimming contours, the layout optimization problem of locators can be formulated as


   {      F i n d :    L →  =  [   x  10   ,  x  11   , ⋯ ,  x  1 m   ,    x  20   ,  x  21   , ⋯ ,  x  2 m   ,   ⋯ ,  x  n 0   ,  x  n 1   , ⋯ ,  x  n m      ]        m i n   f  (  L →  )  =       ∑   i = 1  N   δ  K R  P i   2   N          S .   t . {       L →  =  [   x  10   ,  x  11   , ⋯ ,  x  1 m   ,    x  20   ,  x  21   , ⋯ ,  x  2 m   ,   ⋯ ,  x  n 0   ,  x  n 1   , ⋯ ,  x  n m      ]  ∈ Ω ⊂  R 2         |   x  i m −    x   (  i + 1  )  m    |  >  X  i n t e r v a l     and    |   y  n j −    y  n  (  j + 1  )     |  >  Y  i n t e r v a l   ,   i = 1   to   n ,   j = 0   t o   m         f  (  L →  )    ≤    δ  a l l o w a b l e                 



(1)




where   L →   denotes the position coordinates of the allowable locators. In the array   L →  , the first subscript  n  is the number of the movable frame, and the second subscript  m  is the number of the telescopic rods in the same movable frame. To avoid the excessive fluctuation of the fixturing system’s stiffness, as many locators as possible should be arranged according to the size of the thin shell blank workpiece. Once the number of allowable locators is confirmed, the remaining task is to determine their positions. The function “  f  (  L →  )   ” denotes the FEM simulation process containing the boundary constraints, material removal, solution, and stiffness evaluation of the in-process system. As stated, in order to quantitatively characterize the system stiffness, a certain number of KRPs are defined along the trimming path, and the standard deviation of their normal deflections is viewed as the indicator of the fixturing system’s stiffness. In the constraints,  Ω  denotes the allowed region on the part surface that can be sucked by the suction cups;    X  i n t e r v a l     and    Y  i n t e r v a l     are the minimum intervals of the X-axis and Y-axis, respectively (see Table 1);    δ  a l l o w a b l e     is the maximum allowable fluctuation value considering the system stability and the contour accuracy.



In the FEM simulation of the trimming process, according to the element life and death technique, the basic principle of material removal is to sequentially “kill” the elements on the trimming paths to simulate the cutting separation process of the desired part. Meanwhile, the milling forces are exerted on the elements that would be “killed” in the next step. The milling forces’ magnitude is modeled by the experimental measurement data [46]. Every time the trimming simulation may result in a very long computation time, this renders the application of large-scale population-dependent global optimization algorithms unfeasible. An insight is the opinion that the reconfigurable layout process is not entirely stochastic, and the optimizing direction of the locator layout reconfiguration should change to the local regions where the KRPs’ normal deflections are serious. Indeed, the probability density function of the locator layout is high-dimensional and unknown. To this end, we introduced the Markov chain Monte Carlo (MCMC) sampling method to generate the new potential samples that depend on a transition probability [47]. The sequence of layout samples explores the state space following a Markov chain mechanism to imitate a target distribution. The differential evolution sequence of the locator layout reconfiguration is formulated by


   {        L →   k + 1   =   L →  k    +  Δ s     A k     P k          Δ →   K R  P k    = f  (    L →  k   )         



(2)




where the state transition probability    P k    denotes the probability array    [   P  10   ,  P  11   , ⋯ ,  P  1 m   ,    P  20   ,  P  21   , ⋯ ,  P  2 m   ,   ⋯ ,  P  n 0   ,  P  n 1   , ⋯ ,  P  n m      ]   , which is defined according to the Manhattan distance   M d i s t   between the locators and KRPs’ position (   X  m a x    ,    Y  m a x    ) where the normal deflections are serious;     Δ →   K R P     denotes the deformation array [   δ 1  ,  δ 2  , ⋯ ,  δ V   ] of  V  numbers of KRPs, which is calculated from the FEM simulation, where the closer the locators to the regions where the normal deflections are serious, the bigger the transition probability adjusting these locators;    Δ s    is the predefined step size to adjust the locators. The transition probability array    P k    is now approximated by


   {         P  i j   = 1 −   M d i s  t  i j       ∑  i    ∑  j  M d i s  t  i j                 M d i s  t  i j   =  ω x   |   x i  −  X  m a x    |  +  ω y   |   y  i j   −  Y  m a x    |         



(3)




where    ω x    and    ω y    are the coefficients of the preferred movement direction. Since the movement of one X-axis frame of the RF would cause the collective movement of the rods in the same frame,    ω x    is defined as 0.2 and    ω y    is preferred to be 0.8 to prioritize the adjustment of the Y-axis. Further, the adjustment of locators also needs to confirm the status transition direction    A k   , which is defined by


   A k  =  {      1 ,  x i  −  X  m a x   < 0 ,    y  i j   −  Y  m a x   < 0       − 1 ,   o t h e r w i s e        



(4)







Obviously, in the presented Markov chain, given an initial layout and the transition probabilities, the optimized layout could be predicted. In particular, the information extraction of the fixturing system stiffness distribution helps to update the location layout and accelerate the convergence of the iteration process. Once the standard deviation of KRPs’ normal deflections reaches the acceptable range, the differential evolution procedure can stop. To implement the simulation optimization in Abaqus software, a plug-in program was developed to conduct the iterative procedures by using the Python scripting.





4. Experiment


4.1. Process Planning in Digital Space


As a proof of concept, an aluminum alloy (2B06) skin part with a thickness of 1.27 mm was selected to be held by the reconfigurable fixturing system, then to be trimmed by the five-axis high-speed milling machine. The milling cutter is a solid carbide endmill with two teeth, an 8 mm diameter, and a 30° helix angle. According to the presented method, in the virtual domain, the time-varying stiffness of the in-process fixturing system was measured by the KRPs’ deformations. Three aspects of process parameters including the location layout, trimming routes, and cutting parameters were considered in the decision-making process with the HMM. Here, the transition probabilities of the milling force state and the trimming route state were equally distributed in the given options. Figure 4, Figure 5 and Figure 6 visually present the evolution sequence of the time-varying stiffness of the in-process fixturing system.



Clearly, after the optimization prediction, it can be seen that the cliff effects of the in-process dynamic stiffness almost disappeared and the standard deviation of KRPs’ normal deflections was less than 0.005 mm (see Figure 6), which was far less than the required limit value of 0.5 mm. The final optimized process scheme is shown in Table 2.




4.2. In-Process Monitoring and Results in Physical Space


Figure 7a,b show the in-operation trimming process. The real-time displacements of the KRPs were real-time monitored by the eddy current displacement sensors. The measured data of KRPs’ vibration amplitudes in the real process were less than the simulated data of counterparts in the virtual simulation; that is to say, the fixturing system showed good stability during the whole process. After that, the finalized part was placed on the stretching tool, and the trimming accuracy was checked by the datum profile and datum holes, as shown in Figure 7c. The edge dimension error was less than 0.1 mm in the measurement with the filler gauge. This suggests that the optimized process scheme successfully ensured the “first pass“, and the experimental results are very exciting. Undoubtedly, the proposed solution contributed to reducing the blindness and experience dependence of the complex process planning.





5. Discussions


No matter how magnificent the vision of the digital twin metaphor is, its vitality lies in the industrial applications. However, owing to the complexities of twinning the reality with a fully peer-to-peer digital avatar, the digital twin applications in production systems have not progressed enough in recent years [48]. Obviously, as a positive practice of the digital twin concept, a digital twin-driven reconfigurable fixturing optimization method was presented. The contributions, novelty, and limitations of this work are summarized in Table 3. For better future research, the author keeps a more open mind to discuss what this exploration means to the smartness enhancement of RMSs.



Embedding a digital twin into an RMS demonstrates powerful potential to enable the RMS to be both smarter and reconfigurable to unpredictable or complex changes. The bidirectional information fusion brings about more information gains to guide the decision making and produce the closed-loop process control that merges the virtual space and real world. In this work, although the time-varying stiffness of the fixturing system could not be modeled by analytical methods and be controlled by the universal control law, it can be predicted to serve as a reference to the real-time control. This suggestion could be also introduced into the complex product assembly to ensure stability [49] and generate the optimal assembly sequence [50,51]. The tight coupling between the simulation and optimization in cyberspace and the sensory feedback in the physical world opens new opportunities to build system-level reconfigurable and intelligent manufacturing systems with high-dimensional, nonlinear, and heterogeneous features or elements. This demands the digital twin-driven all-round development view of products, processes, and resources, just as illustrated in Figure 1.



The digital twin concept helps to reshape the design development of reconfigurable machines. For a long time, the integrability, modularity, reconfigurability, and other flexible capabilities have been the representative pursuits to develop reconfigurable equipment. In engineering practice, the planning, development, execution, measurement, and analysis are separate and serial, and the same is true for our previous research. Without the high-level information fusion, the adaptability of RMSs to uncertain and complex events cannot be sufficiently shown. The reason may be the lack of sensors, but the underlying reason is the inability to know in advance what decisions should be taken or how to synthesize the measured data. The available information, in-process feedback, changeable modular structures, and embedded intelligence should be seamlessly integrated to bridge the gaps between virtual and physical systems toward the new generation of industry.




6. Conclusions


Industry 4.0 indicates that future manufacturing is becoming smart to autonomously adapt to uncertain and unpredictable changes. The ambition of reconfigurable manufacturing systems and the pursuit of smart manufacturing converge at this point. Embedding a digital twin into a cyber-physical production system generates new opportunities for the decision-making mechanism, optimization, and control of manufacturing processes. On the basis of earlier research, this research endeavored to extend the digital twin concept to an engineering practice, and this tiny progress has contributed to the better reconfigurability and flexibility of a reconfigurable fixturing system.



Specifically, the complex interaction dynamics that involves multipoint holding, the low rigidity of the thin shell part, and the ongoing separation of the desired shape causes the reconfigurable fixturing and trimming process to be full of high complexity and uncertainty. To alleviate this, a digital twin-based reconfigurable fixturing planning framework was presented by combining the simulation optimization method and the online measurement in the real process. The simulation optimization in the virtual space successfully generated a layout recommendation and a reference criterion for the real process control. The unpredicted undesirable problem that the stiffness of the fixturing system dramatically drops down was successfully identified and eliminated. Clearly, the digital twin-based model that characterizes the whole environment could provide a holistic and contextual insight into the complex process, rather than simple abstractions of reality investigated in a highly fragmented fashion. Philosophically, this indicates that industrial modeling and cybernetics are transcending the traditional rigid system into the digital ecosystem.
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Abbreviations




	AI
	Artificial intelligence



	AAS
	Asset Administration Shell



	CPS
	Cyber-physical system



	DT
	Digital twin



	FEM
	Finite element method



	FE
	Functional entity



	HMM
	Hidden Markov model



	ISO
	International Organization for Standardization



	IoT
	Internet of Things



	KRP
	Key reference point



	MCMC
	Markov chain Monte Carlo



	NC
	Numerical control



	OME
	Observable manufacturing element



	OPC
	Open Platform Communications



	PLM
	Product lifecycle management



	RF
	Reconfigurable fixture



	RMS
	Reconfigurable manufacturing system
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Figure 1. Digital twin-driven paradigm of reconfiguration planning. 
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Figure 2. Digital twin-based reconfigurable fixturing for trimming operation of aircraft skins. 
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Figure 3. Interaction dynamics state space of the fixturing system based on hidden Markov model. 
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Figure 4. KRPs’ normal deflections with different fixturing layouts. 
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Figure 5. KRPs’ normal deflections of trimming routes with layout #2. 
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Figure 6. KRPs’ normal deflections of milling parameters with layout #2 and trimming route #2. 
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Figure 7. Trimming experiment of large-size aircraft skin: (a) in-operation; (b) end of trimming; (c) contour accuracy checkout. 
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Table 1. Master data of reconfigurable fixture.
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Parameter

	
Value






	
Number of locators

	
X-axis: 6 movable frames; Y-axis: 5 adjustable telescopic rods per mobile frame




	
Range of movements

	
X-axis: 4000 mm; Y-axis: 1800 mm; Z-axis: 450 mm




	
Minimum intervals

	
X-axis two adjacent frames: 380 mm; Y-axis two adjacent rods: 230 mm




	
Diameter of suction cup

	
100 mm or 60 mm available




	
Maximum conical angle of end effector swing

	
45°




	
Allowable weight

	
110 Kg




	
Duration per reconfiguration

	
<10 min




	
Speed and accuracy

	
Axis

	
Speed (mm/min)

	
Positioning accuracy (mm)




	
X

	
1000

	
±0.1




	
Y

	
1000

	
±0.1




	
Z

	
500

	
±0.1
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Table 2. Optimized process scheme.
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Locators’

position

(mm)

	
Frame No.

	
    x  i 0     

	
    x  i 1     

	
    x  i 2     

	
    x  i 3     

	
    x  i 4     

	
    x  i 5     

	
    x  i 6     




	
   i = 1   

	
−800

	
0

	
360

	
680

	
1000

	
1320

	
1640




	
   i = 2   

	
0

	
0

	
340

	
660

	
1020

	
1340

	
1660




	
   i = 3   

	
550

	
0

	
345

	
675

	
1000

	
1310

	
1620




	
   i = 4   

	
1050

	
0

	
310

	
620

	
990

	
1350

	
1670




	
   i = 5   

	
1750

	
0

	
330

	
630

	
995

	
1380

	
1680




	
Trimming

route
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Milling

parameters

	
Spindle speed (r/min)

	
13,000




	
Feed rate (mm/Z)

	
0.06
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Table 3. Overview of digital twin-driven reconfigurable fixturing method.
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	Item
	Description





	Contributions
	
	
Embedding a digital twin into an RMS apparently contributed to digging into the intrinsic reconfigurability of RMSs through the front-running simulation evaluation and in-process optimization.



	
The cross-space information fusion successfully enabled the digital space and real process to be more closely coupled: for example, the quantitative comparison of the real-time measured data and simulated data of the system stiffness initially upgraded the automatic fixturing system into a smart manufacturing system.








	Novelty
	
	
As an application-oriented practice of the digital twin concept, the digital twin-driven decision-making framework for a reconfigurable fixturing system was presented.



	
The hidden Markov model and FEM simulation method were combined to fulfill the reconfigurable fixturing optimization problem that involves the variants of process parameters with different semantics (i.e., location layout, milling forces, and trimming routes).








	Limitations
	
	
This research reminds us that the current design of RFs has overlooked the capability of in-process information capture, which means that additional sensors are used to collect the real-time data that are produced in reality.



	
The quantity, variety, and real-time bidirectional information flow between the digital twin and physical domain are very low, and the extraction and accumulation of characterization data are so weak that the big data analytics and AI methods have not been introduced yet. In future, flexible strain and shape sensors such as thin-film strain sensors and bending curvature sensors should be proposed to real-time capture the in-process strain fields and deformations.
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