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This paper explores the application of a novel adaptive consolidation sensor framework for the characterisation of composite precursors. The designed framework develops material-driven test programmes in real-time and defines robust material models for the studied composite precursor. The proposed approach allows to remove any subjective judgement about the material behaviour and to reduce human involvement at the experimentation stage. The proposed framework along with the developed data transfer/acquisition hardware setup was put to the test within several characterisation exercises. Two different material systems were tested. The output of the proposed testing method—model and properties for the tested materials—is compared with the results of the conventional deterministic characterisation tests.
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1 INTRODUCTION
The production of composites has its own challenges, including a possible negative impact on the environment. The manufacture of a part made of carbon fibres requires 14 times more energy than its steel counterpart (Das 2011). The production of defective composite parts contributes greatly to the additional waste generation. The existing methods for recycling of composites through the controlled pyrolysis process are energy demanding as well and are currently unable to be applied at scale. To lower the energy consumption and make the manufacturing process more sustainable, it is important to reduce the number on unsuccessful manufacturing trials and defective composite parts.
The complexity of composites manufacturing stems from the nature of composite precursors—the combination of loosely-joined fibre network and liquid viscous resin—often heterogenous and enhanced with tougheners or functional additives. The resultant system is compliant, deforms irreversibly, exhibits almost negligible resistance to axial compressive stresses and has a multitude of flow/deformation mechanisms. This makes precursors prone to defects at all stages of the composites manufacturing process—from the deposition to cure.
One of the fundamental processes, universal almost for the entire range of composites manufacturing methods, is consolidation, where a composite precursor undergoes compression to engage plies in contact, squeeze out volatiles, control fibre volume fraction and thickness, obtain near-net component shapes, etc. Material response in consolidation arises from a complex interaction of various deformation mechanisms (i.e. the internal or percolation flow of resin (Hubert et al., 1999), flow of fibrous suspensions (Paterson et al., 2019), densification of reinforcement (Haghdan, Tannert, and Smith 2015), (Castellanos et al., 2020), relative movement of plies (Lightfoot, Wisnom, and Potter 2013), and others). Different forms of these mechanisms take place at different structural scales and often occur in parallel or exhibit transition from one state to another. There is a vast variety of deformation mechanisms and physical models of resin flow occurring on macro and micro levels of the material: shear flow of inter-ply resin ligaments, resin filling between tows, fibrous tapes, and macroscopic sheets of preforms (Groves 1989; Kaprielian and O’Neill 1989; Rogers 1989; Shuler and Advani 1996), percolation resin flow through fibre network (Timothy G. Gutowski et al., 1987b; T. G Gutowski and Dillon 1992; T. G. Gutowski et al., 1987a), the deformation of the reinforcement (Bréard et al., 2003; Somashekar, Bickerton, and Bhattacharyya 2007), etc. The co-existence of different deformation phenomena and the transition from one mode to another was reported in a number of studies (Hubert and Poursartip 2001a), (Ivanov et al., 2013), (Nixon-Pearson et al., 2017). Characteristic features for both percolation (resin bleeding) and shear (ply squeezing) flows were reported by Belnoue et al. (J. P. H. Belnoue et al., 2016).
The co-existence of many deformation modes requires special attention when assessing precursors. Process optimisation hinges on the reliability of material models. Yet, the details of flow process occurring at ply or sub-ply scales are often difficult to observe and examine directly. For this reason, in the conventional experimentation the dominant deformation mechanism is often assumed prior to the experiment and the testing program is designed in accordance with that assumption. Such approach introduces bias into the testing which might affect the validity of the characterisation outcome within a different set of processing conditions.
There are many strategies to identify material models’ parameters depending on the assumed flow type and the studied phenomenon. Characterisation of glass fibre textiles by a multiplicative phenomenological material model was performed by (Kelly 2011) in a series of monotonic compression tests at various rates (at very slow and very fast rates as referred to by the author) with the subsequent load relaxation. The characterisation of toughened prepregs under processing conditions consistent with different types of composite manufacturing—automated fibre placement (low temperature/moderate pressure), autoclave consolidation (high temperature/high pressure), debulking (wide range of temperatures/low pressure) was conducted by (Nixon-Pearson et al., 2017). Ramp-dwell displacement controlled tests for separating viscous and elastic contributions of fibrous and resin components were conducted by (P Hubert and Poursartip 2001b). To observe various rheological behaviours of shear flow, was performed by (Engmann, Servais, and Burbidge 2005) performed a series of characterisation tests with different plate closure speed/rate/relaxation conditions. Creep behaviour of carbon fibre prepreg at various strain levels was studied by (Almeida et al., 2018). The shear-percolation transitional model, called DefGen ProToCoL (J. P.H. Belnoue et al., 2016), suggested a bespoke testing methodology and exhibited high adaptivity to various materials and consolidation cases. Yet, there is currently no universal testing approach that provides differentiation between the flow modes and guarantees robust assumption-free parameter identification. This creates ground for subjective judgement on the nature of underlying processes and significant errors in process analysis.
Robust and relevant material model allows to achieve target thickness of a composite part and prevent defects formation within the specified processing conditions (J. P.H. Belnoue et al., 2018). (Koptelov et al., 2022) demonstrated that the conventional testing poses a high risk of introducing fundamental error in results interpretation. A theoretical framework to tackle this problem was suggested and validated in virtual space. Plain experimental programmes, e.g. series of monotonic loading tests, could be insufficient for a material’s characterisation. The derived model might perform deceptively well within data provided for training but completely fail to adapt to changing processing conditions. The main idea of the new framework is to use autonomous testing, where various candidate models compete in a real-time interrogation of a material. All the models are constantly fitted to available experimental data and prioritised based on the quality of fit. At every testing stage, the load trajectory (load, load rate, ramp type) is selected to maximise the difference between the two best models. The process continues until a satisfactory match with all the data is obtained. Virtual testing based on these principles has been shown to successfully identify various shear, percolation and synthetic (i.e., DefGen) models hidden from an interrogation module in a “black box”.
This paper continues the work done by (Koptelov et al., 2022) by implementing the theoretical framework into a full prototype combining standard testing equipment, bespoke consolidation rig, and autonomous module for human-free load trajectory navigation. The paper starts with a summary of key features and principles of the Autonomous Testing Framework (ATF). This system is then applied to well-studied materials with transitional behaviour, such as toughened prepregs (Nixon-Pearson et al., 2017; Matveev et al., 2019), to acquire an independent assessment of most suitable models. The consistency of load trajectories produced by the ATF are explored in a wide range of tests with varying test settings, such as load curve constraints, test duration etc. Eventually, the ATF is discussed as a tool to minimise the efforts required for testing complex systems and obtaining reliable unbiased material assessment.
2 THE CONCEPT OF AUTONOMOUS TESTING FRAMEWORK
The main purpose of the ATF is to build a testing programme in real time and in a responsive manner based on the continuously supplied data on thickness evolution of a tested sample. The detailed algorithm of the consolidation sensor is shown in Figure 1. It is assumed that the compacted material can be adequately described by one of the consolidation models from a pre-defined library (Koptelov et al., 2022), but there is no prior knowledge about what flow type will dominate and appear to be most adequate for the material description. This library contains models of resin flow in the form of ordinary differential equations. After the end of each load step, the framework challenges all consolidation models from the library (which are referred to as candidate models) to analyse the incoming compaction response from the testing machine. The performance of each model is assessed for its ability to fit the experimental compaction curve. Based on the prediction of two best performing candidates the load schedule for the next step is generated and is passed to the testing machine. The designed loading programme aims at distinguishing between best performing candidate models. The primary driver for such algorithm is not to determine the material properties per se, though this is also achieved as a by-product of the process, but to select the right flow mode. Such an approach is free from bias towards any of the consolidation models. Thus, the framework is only limited by the diversity of the candidate models in the consolidation library. Moreover, the library can be expanded by adding new compaction models if new material is needed to be considered.
[image: Figure 1]FIGURE 1 | Detailed algorithm of the ATF.
In its current form the library includes compaction models that in their general forms are governed by a differential equation of the following form:
[image: image]
where F(t, h) is a function containing the history of the evolution of the applied pressure, h is the thickness, [image: image] is the thickness rate, and Q(h) is a function of thickness/width and the material parameters. This type of equations can be obtained for shear or percolation flows under certain simplifying assumptions and by integrating the constitutive, equilibrium and mass balance equations over the volume of the compacted sample [Gutowski, Rogers, etc]. The functions Q may be dependent on the interaction of the compacting plate with the loaded material and reflects non-uniformity of the strain and deformation rates over the volume of the material. It is worth mentioning that not all the models can be condensed to this form. For instance, the fibre volume fraction will be distributed non-uniformly through-the-thickness when percolation to external bleeders occurs [Gutowski]. In such case the resolving solution cannot be reduced to a 1D partial differential equation. Moreover, some forms of non-Newtonian fluids, such as Carreau (Shahsavari and McKinley 2015), cannot be integrated. In principle, more complicated cases can be added to the library without losing the generality of the approach, though some of the models may have negative impact on the efficiency of real-time processing. Yet, a significant class or relevant cases can be described by Eq. 1. For instance, the compaction of prepreg tapes in an Automated Fibre Placement (AFP) process can be approximated through the behaviour of a single tape compressed between parallel plates. This deformation can be modelled by transversely isotropic Newtonian and power-law fluid under various scenarios of interaction with loading plates or bleeding of resin from the tape at lower resin viscosity (Jonathan P.H. Belnoue et al., 2017). The phenomenological DefGen model has also been constructed in a similar differential form.
For instance, for the DefGen model material parameters represent the following: parameter a relates to the flow behaviour and defines whether the fluid is dilatant, Newtonian or shear-thinning; parameter b represents an energy barrier controlling the ability of resin to flow through the fibre network; and lastly, parameter k is related to the size of a fibre in relation to the unit cell size (J. P. Belnoue et al., 2021).
The main focus of the proposed study was on the development of new testing methodologies for composite characterisation rather than the development of specific models for the considered materials. The physics, assumptions and limitations of any particular flow models were beyond the scope of this manuscript. However, every model used in this study is well-known and was previously trialled and verified experimentally for the similar material types. The flow models present in the library are consistent with previous work (Koptelov et al., 2022). The properties of the laminate are defined by the flow and deformation characteristics of the individual plies. The models deployed in the library are used to deduce the properties of a unidirectional ply and not the effective properties of the tested laminate. One of the critical parameters distinguishing various configurations is the aspect ratio of initial with to thickness, which is explicitly included in all the models. A summary of all the models, material parameters, and abbreviations used can be found in Table 1. The reader is asked to refer to (Koptelov et al., 2022) for the full mathematical representation of the models considered.
TABLE 1 | Candidate flow models used in the study.
[image: Table 1]3 IMPLEMENTATION OF THE ATF
The experimentation with closed-loop feedback on real materials imposes a number of technical challenges. The adaptive consolidation sensor must provide a continuous data exchange between the analytical module of the ATF and the testing machine. The applied loading programme must be defined by the ATF and supplied to the compression machine prior to the start of the next load step. The thickness evolution history from the experiment must be received by the ATF at the end of each load step for post-processing and load programme definition. The input for the testing machine should include applied load, load rate, and load type (monotonic or ramp-dwell).
The acquisition of the experimental data from the testing rig should not be interrupted at any point of the test. It means that the experiment cannot be stopped or put on pause while the framework processes the compaction results, despite the fact that the load command for the next step may not be formulated yet. For this reason, the data processing time must be minimised to reduce the delay between receiving the input and defining the load trajectory for the next step.
The conceptual design of the autonomous characterisation testing setup is presented in Figure 2.
[image: Figure 2]FIGURE 2 | Autonomous real-time testing setup overview.
The proposed testing system is composed as follows:
• The adaptive testing framework is located on the host (PC/laptop) external to the testing machine. As described before, the framework “waits” for the compaction data to be passed from the compression machine at the end of each load step. The testing machine cannot proceed to the following load step until the commanding load schedule is received back from the framework. For the real-time experimentation, the test must continue during the processing of information from the previous step. Therefore, there is a need for an inter-step waiting time while the framework analyses the incoming response and decides the magnitude and direction of the next load increment load. The chosen approach is to keep the load at a steady level as shown in Figure 3 (pink “dwell” region). Changing the load level during the processing stage may pose a safety threat, as the data analysis may take more time than expected. This scenario can lead to loading above the acceptable level and possible equipment damage.
[image: Figure 3]FIGURE 3 | “Dwell” stage between load steps required for data processing.
Although the compaction data is still received and used by the framework during the “dwell” stage, it is necessary to minimise the time delay. Excessive duration of dwell stages may affect the path of the load curve, because the framework’s algorithm might find a different set of favourable candidate models for the resulting compaction dataset. Therefore, in order to facilitate a quick transition between load steps, all candidate models are processed in parallel within a multiprocessing approach (see Process 1, … , Process N shown in Figure 1).
• The autonomous real-time experimentation was performed on a servohydraulic Instron 8,872 machine instrumented with heater platens. The setup used for testing is shown in Figure 4. The characterisation tests were conducted in load-controlled mode, as the closed-loop nature of the experimentation requires sending load commands based on the material response. To provide a continuous data exchange between the framework and the test rig, the main requirement for the universal testing machine used in this study was to have an analog interface for the control and feedback signals. The lower heater platen was attached to an external cantilever beam load cell (1 kN capacity) which was mounted on the angle plate fixture. To provide the required temperature conditions, both platens had thermocouples attached to them that allowed to control the temperature accurately.
[image: Figure 4]FIGURE 4 | Compression heater platens, cantilever load cell, fixture.
• The external host (PC/laptop) was connected to the compression test machine through the data acquisition hardware. Its main purpose is to control the synchronisation, timing, and data transfer between the framework and the test rig. During an experiment, it sends load schedule commands from the consolidation sensor to the Instron and receives the experimental data (displacement/load/time) back. The hardware used in this study was a National Instruments data acquisition chassis cDAQ-9174 with input NI 9201 and output NI 9263 modules. This was connected to the analog input/output ports of the Instron’s data logger and to the USB port of the external host.
• Finally, the data acquisition setup was managed by a custom framework implemented in the LabVIEW environment (NationalInstruments 2003). This provides continuous data exchange between the consolidation sensor and the data acquisition hardware (and, consequently, the test rig) through the exchange of csv (comma separated value) files, as shown in Figure 2. This framework is located on the same PC/laptop as the adaptive consolidation sensor.
The LabVIEW data managing framework was designed in the form of a state machine. The proposed scheduling architecture allows to implement complex decision-making behaviour through the system of states and state transitions. Each state has its own designated function. For instance, it could be sending data to the compression machine, writing results file, finishing the test etc. The transition from one state to another is performed when trigger events occur. A trigger event could be a manual command (pressing the “Start” button) or a condition fulfilment (the designated time for load step is over, the experimentation is completed, etc.). The principal scheme of the consolidation framework (Python)—LabVIEW state machine—Instron universal testing machine is shown in Figure 5.
[image: Figure 5]FIGURE 5 | LabView state machine overview.
The State 1 “Initialise” is executed prior to the experiment. Its purpose is to specify the initial settings for the test (number/duration of load steps, load magnitude). Then, the system is transferred to the State 2 “File search”. At this state the LabView framework is searching for the initial load step commands from the consolidation sensor. As soon as the load schedule is formulated, the next state is activated, and the characterisation test is commenced. The rest of the test is conducted entirely in autonomous mode. The load commands are sent to the compression machine within the State 3 “Load sending”. Concurrently, the machine’s feedback with the compaction data (time/displacement/load) is received back during this state. After the end of each load step the system is switched to the State 4 “Write file”, when the experimental data is exported in an output csv file. This file, in turn, serves as an input for the adaptive consolidation sensor framework. While waiting for the ATF to process the incoming batch of the experimental data, the LabView framework keeps the load level at steady level within the State 5 “Dwell search”. When the command for the next load step is formulated, the system switches back to the State 3. In the end of the experimentation after the last load step is performed, the system automatically unloads the test specimen within the State 6 “Test Finish”.
4 EXPERIMENTATION
4.1 Studied Materials
The real-time characterisation testing was performed for different fibrous material systems. These materials tend to spread transversely as the plies are squeezed from underneath the area under compression. Hence, all test specimens were laid up in a cruciform configuration to allow plies to remain in contact. For the sake of consistency with previous work (Koptelov et al., 2022), the geometry and the layup of the cross-ply specimen remained unchanged. The compaction area of the cruciform specimens was chosen to be 15 × 15 mm.
The following material systems were used:
• IMA/M21 toughened prepreg with a nominal cured ply thickness of 0.184 mm and 59.2% fibre volume fraction (HEXCEL Corporation 2015). All specimens were laid-up in a 16 plies cross-ply (CP) configuration [90/0]8 with a total thickness of ∼3.3 mm. The test sample is shown in Figure 6A.
• IM7/8552 prepreg (HEXCEL Corporation 2020). The test sample is shown in Figure 6B. The prepreg material has a nominal cured ply thickness of 0.131 mm and 57.7% fibre volume fraction. Like IMA/M21 test batches, all specimens were laid-up in 16 plies cross-ply configuration [90/0]8 with a total thickness of ∼2.17 mm.
[image: Figure 6]FIGURE 6 | (A)—IMA/M21 test sample; (B)—IM7/8552 test sample.
The choice of tested material systems was made due to their well-studied complex transitional flow behaviour under processing conditions (Nixon-Pearson et al., 2017; Matveev et al., 2019). The temperature for the experimentation for all specimens was set at 60°C (temperature where both shear and percolation flows may occur explicitly in case of prepreg materials (Ivanov et al., 2013), (Nixon-Pearson et al., 2017)).
4.2 ATF Test Parameters
There are several settings of the consolidation sensor framework which can affect the load routing of the resulting testing programme:
• The initial load step. Its load trajectory (monotonic or ramp-dwell), amplitude, and duration are defined manually by the researcher at start of a test when no prior information from the material is available. It may be expected that the initial step may have some influence on test progression.
• Load step parameters. The number of the considered load step options (see Figure 1), the duration of a single load step, the maximum possible load amplitude within one load step, the total number of load steps.
Different test settings were explored within the experimentation on the two types of materials. The goal was to investigate the framework’s output (resulting loading programme) and candidate models ranking in dependence on the different load/strain rates and reached compaction level of the studied material. The variation in ATF test settings (initial load step, maximum load amplitude within one step, number of load steps) was defined with the goal of incorporating possible processing conditions close to various manufacturing methods such as AFP deposition, debulking, consolidation in autoclave etc. The settings were chosen to be consistent with the overall experimentation within the study in a sense of the maximum load, load rate, and the number of load steps. The summary of all performed real-time tests is presented in Table 2.
TABLE 2 | Explored test settings for the real-time testing of IMA/M21, IMA/M21 material.
[image: Table 2]Both monotonic and ramp-dwell initial load step options with the load amplitude variation between 40 and 50 N were explored for testing of IMA/M21 material samples. The load amplitude within the following steps was varied between 20 and 50 N. The duration of a single step was specified in the range 30–80 s. The framework had a choice of five different load options at the end of each load step (one dwell option, two ramp-dwell options, two monotonic options). The testing procedure of IM7/8552 material followed a similar pattern. Both monotonic and ramp-dwell initial load step options with the load amplitude variation comprised between 40 and 80 N were explored. For further load steps the load amplitude was varied between 20 and 50 N for the duration of 70 and 100 s. The number of possible load options remained the same (5 options) as in the previous testing for IMA/M21 material.
4.3 Deterministic Loading Programmes
To estimate the efficiency of the proposed approach, the characterisation tests with deterministic loading programmes (predefined before experiment) were also performed. The material models developed from the real-time and deterministic tests were put to the test at the validation stage.
Deterministic experimental programmes were designed in a way to incorporate a wide variety of pressure levels, pressure rates in various loading modes—slow monotonic and ramp-dwell regimes. Some programmes were conventional ramp-dwell schedules as used in the literature (Nixon-Pearson et al., 2017). Another batch of programmes were inspired by the outcomes of ATF testing conducted in virtual space (Koptelov et al., 2022). In this case load slowly reaches an intermediate level, dwells, and then keeps raising again. The set of all considered load schedules is presented in Figure 7.
[image: Figure 7]FIGURE 7 | Deterministic loading programmes.
An ideal characterisation programme should cover a maximum range in the space of load/load rate/strain, so that the material is exposed to various loading regimes at different stages of deformation. This would test various modes of behaviour, such as elastic, viscoelastic, viscous. The designed test programmes were not aimed to reproduce any particular processing conditions specific to existent manufacturing methods as it is not possible to replicate every loading scenario specific to different manufacturing methods within a limited set of tests. The end goal was to showcase the advantage of certain loading schedules over others in terms of the required number of tests for the robust identification of material models as well as the necessity of multiple experiments to get a data-rich compaction response of the material.
Several characteristic load patterns were considered within this study: load ramp-dwell (Tests 1–4), monotonic load rise-dwell (Tests 5–8), monotonic load rise only (Tests 13–15), and the combined mode (Tests 9–12), which included all of the abovementioned regimes. Every loading schedule was comprised of five load steps of 240 s each. For a ramp-dwell regime the fastest load application rate was 0.1 MPa/s and was followed by dwell intervals of different duration. In case of a monotonic regime load rate varied between 1.8e-4 and 1.3e-3 MPa/s. An incremental compression force within one load step was specified in a range from 10 to 70 N. The range of load values/rates, load steps numbers/duration was inspired by previously conducted work for DefGen model characterisation (J. P.H. Belnoue et al., 2016; Matveev et al., 2019; Nixon-Pearson et al., 2017; Mario A. Valverde et al., 2021; J. P. Belnoue et al., 2021).
It must be emphasised, the volume of the deterministic test programme for the IM7/8552 material was reduced to the first eight tests shown in Figure 7 for the sake of lowering the number of experimental trials. The duration of each load step in these tests was reduced from 240 to 120 s (hence, causing a reduction of the overall time of the test).
Ply thickness evolution was retrieved by measuring the compression machine’s crosshead displacement for both deterministic and real-time ATF testing experimentation. Calibration tests within the same loading programme but without a specimen were carried out for the deterministic tests only in order to estimate compression rig’s compliance. For the considered rig and test parameters, the contribution of machine’s compliance was found to be negligible and not affected by the load rate. Hence, the thickness could be reliably deduced from the displacement reading of the machine.
5 RESULTS
5.1 Real-Time ATF Testing
The resulting real-time test programmes along with the corresponding compaction response for all considered material systems are presented in Figure 8.
[image: Figure 8]FIGURE 8 | Real-time material testing. Resulting loading programmes and compaction curves for the real-time experimentation, (A) IMA/M21 prepreg, (B) IM7/8552 prepreg.
All resulting test programmes for IMA/M21 material showed a similar trend. The load reached a certain level (∼50 N for tests ATF_M21 1, 3 and ∼100 N for tests ATF_M21 2, 4) in one to three steps and held steady. Within the last three to four load steps the load started to raise again. Closer to the end of the test ATF_M21 2 (at ∼1,000 s of the test) a local spike in the load feedback can be observed. Such effect is the result of the instability in the load PID control. As it can be seen from the compaction curve (black line), the amplitude of the load spike was not significant enough to affect the thickness feedback. Due to the high-resolution of the load cell, such phenomena are rare and does not cause a detrimental effect on the experimental results. The shape of the resulting loading programmes for IM7/8552 material was shown to be consistent for all performed tests as well. Upon reaching a certain level (120 N for tests ATF_IM7 2, 4 and ∼160–170 N for tests ATF_IM7 1, 3), the load held steady until the end of the experiment. An interesting observation is that the framework proposed both monotonic and ramp-dwell load step options (for the steps following the initial one) for the test ATF_IM7 3, which was not observed in the previous experimentation.
To illustrate the framework’s decision-making routine, the sequence of the parameter extraction steps for a chosen test (ATF_M21 3) is shown in Figure 9. Each graph is complemented with the preliminary candidate models ranking and the processing time required by the framework. The ranking is based on the root mean square error between the candidate models’ feedback and actual data. Upon the completion of the initial step, the framework defined the shear and percolation models as the top two candidates. The shear model was successfully reflecting the material’s compaction response up to the second stage of the load ramp within the last three load steps (red curve, load step 7). After the change in the load pattern, the shear model struggled to output a robust prediction and showed a significant deviation from the material’s thickness evolution curve. An interesting observation is that the framework defined a non-optimal set of material parameters for the DefGen model (purple compaction curve) after the first load step. The model demonstrated a significant offset from the experimental data and was ranked fourth. The model’s parameter set was corrected within further load steps and two best candidates (DefGen and percolation) were defined in the end of the test. Such effect shows the advantage of the approach, where the model definition is refined at each load step based on the previously obtained results.
[image: Figure 9]FIGURE 9 | IMA/M21 real-time experimentation step by step routine. Green region—all previously received data. Blue region (on the right from the vertical black dashed line)—required processing time.
The results of the models’ training for all four tests on IMA/M21 prepreg are presented in Figure 10A (where “rmse” stands for root means square error). For the sake of clarity, only four candidates are shown (along with the experimental data) on the graphs. It can be seen that the second-best candidate (percolation, “bgc”) showcased a very close output in comparison with the DefGen model with only a slight deviation in the value of the final thickness. The shear model (“nscc_pow”) also demonstrated a good fit until the point of the load trend changed in the second half of the test (as discussed earlier).
[image: Figure 10]FIGURE 10 | Training results. RMSE—root mean square error; (A) IMA/M21, (B) IM7/8552.
The Figures illustrating step-by-step characterisation and training outcomes for IM7/8552 material can be found in the supplementary materials (Figure 11 s). The results of the models’ training for the IM7/8552 prepreg for all four tests are presented in Figure 10B (only four candidate models are shown for each test). The second-best candidate was also able to capture the material’s behaviour (especially for tests ATF_IM7 2 and ATF_IM7 3) with the error raising by 3.2% and 16.5% in comparison with the best candidate DefGen. The resulting shear models produced a visible offset from the experimental data.
[image: Figure 11]FIGURE 11 | Candidate models’ ranking for different test programmes. (A) IMA/M21 material, (B) IM7/8552 material.
Since the pool of candidate models remained the same for all experiments performed within this research, it is interesting to compare the training results between IMA/M21 and IM7/8552 material systems. The training results for IM7/8552 were less accurate on average by 27%. As it can be seen from Figure 10B, the main contribution to the training error was introduced from the experiment stages with monotonic linear load increase, where top candidate models failed to fit the compaction feedback accurately. For the IMA/M21 material such phenomenon was not observed. This is an indication of the material models’ limitations to reflect the considered material’s behaviour for the specific processing conditions (monotonic load change within the chosen temperature conditions).
6 DISCUSSION
6.1 Models’ Validation
To assess the performance of ATF, the pool of deterministic tests was separated onto training and validation tests. Training tests were used to derive material models, whereas the validation tests were deployed to compare the quality of the fit between the deterministic tests and ATF tests. Training tests were considered both in isolation and in groups. It means, that the models were trained based on all tests in the training dataset (joint fully populated set), based on only the few tests, or even single tests. The identification of data sets in diverse groups can be expected to have advantages over single tests as it increases data sets and has a richer representation of data points in load/load rate/thickness space as it was shown in (Koptelov et al., 2022). Nevertheless, having more experimental trials in the training dataset requires more time and efforts for manufacturing/experimentation/analysis. The performance of training groups was compared against all conducted single ATF tests and ranked based on validation assessment.
A maximum of three tests in the training group were considered and all possible combinations of deterministic tests were tried in the data fitting exercise. Due to the sheer number of possible training sets, the best performing combinations were picked for demonstration. The chosen training sets for IMA/M21 and IM7/852 material were (1, 4, 7) and (1, 5, 7) respectively (the number in brackets correspond to the test number shown in Figure 7). Only the results for the most populated group (consists of all three tests) are provided. For instance, the fully populated training combination (1, 5, 7) was used for comparison for the IM7/852 material, as it was better for predicting material’s response than less diverse sets (1, 5) (1, 7) (5, 7), (1), (5), (7), as it was demonstrated in (Koptelov et al., 2022).
The comparative ranking bar chart for all training tests for both IMA/M21 and IM7/852 material systems is shown in Figure 12. Each bar shows a cumulative root mean square error produced at the validation stage (the sum of fitting errors for each test at the validation stage, shown in Figure 13). The caption on top of each bar clarifies the rise of fitting error (in %) for the corresponding training set in comparison with the best performing training set (which is shown as the baseline error).
[image: Figure 12]FIGURE 12 | (A) IMA/M21 material testing. Candidate model’s validation; (B) IM7/8552 material testing. Candidate model’s validation.
[image: Figure 13]FIGURE 13 | s IMA/M21 real-time experimentation step by step routine. Green region—all previously received data. Blue region (on the right from the vertical black dashed line)—required processing time.
The corresponding material parameters for the best candidate models for each characterisation test are presented in Table 3.
TABLE 3 | Candidate models’ parameters for deterministic and real-time characterisation programmes.
[image: Table 3]From Figure 11A and Table 3 it can be seen that for the IMA/M21 material the model based on training combination of three tests (1, 4, 7) performs better on the validation data set than models obtained within the ATF approach. None of the single deterministic tests (1), (4), (7), nor several double tests (1, 4) (4, 7), outperform any of the ATF tests though. The second- and the third-best real-time tests (ATF_M21 2 and ATF_M21 1) demonstrated better data fit than less diverse two-test (1, 4) (4, 7) deterministic training combinations (the performance for two- and one-test deterministic training sets is not reflected in the comparative bar chart in Figure 11A; the comparative bar chart for these training sets can be found in Figure 14 s). As shown in Figure 14 s, the maximum error rise for double-test combinations (1, 4) (1, 7) (4, 7) was 8.6% which is higher than 5.5% and 6.5% for tests ATF_M21 2 and ATF_M21 1 respectively. The worst result for deterministic tests ((4) training combination as per Figure 14 s) was 27.3% error rise which is more than double the least effective result for the real-time test ATF_M21 4 (error rise 13.3%). It is possible to conclude, that within the conducted experimentation for IMA/M21 material the real-time tests were more effective than the majority of double- and single-test deterministic alternatives. Nevertheless, the fully populated dataset (1, 4, 7) still yielded a better result than the rest of the tests.
[image: Figure 14]FIGURE 14 | s Comparative bar chart for all possible deterministic training set combinations (1, 4, 7) for IMA/M21 material.
The resulting thickness predictions for all derived models within the validation set are shown in Figure 13A. It can be seen on the graphs that for certain validation tests the ATF models were less effective in producing a realistic prediction (tests 3, 6, 9, 10, 12) and produced an offset from the experimental data. The validation for these tests made the most contribution to the cumulative error of the real-time models reflected in the bar chart above. For the validation tests 5, 8, 11, 14, 15 the prediction capability of the real-time models was on the same level as for the fully populated deterministic model (1, 4, 7)—the compaction curves overlapped with the experimental data. For the tests 2, 11, 13 the prediction of the real-time models was more accurate and showed no deviations from the material’s response in comparison with the deterministic model.
For IMA/M21 material the framework consistently identified the DefGen model as the most relevant model to represent the material behaviour for all testing programmes. The material parameters’ values for the real-time candidate models were consistent with a maximum deviation of 6.6%, 1.1%, and 2.0%, for the parameters a, b, and k respectively (as shown in Table 3). On the other hand, the maximum difference between real-time and deterministic models’ parameters was 34.7%, 12.2%, and 2.4% (for a, b, and k). The largest discrepancy in parameters was registered for the material parameter a.
As shown in Figure 11B and Table 3, for IM7/8552 the expanded deterministic dataset was ranked fourth with an error increase of 5.3% in comparison with the highest-ranked real-time test ATF_IM7 3. Tests ATF_IM7 2 and ATF_IM7 1 showcased a similar performance with an error rise of 3.4% and 3.8% respectively. The increase in cumulative error for the last-ranked characterisation programme ATF_IM7 4 was 7.4%. Therefore, three out of four real-time programmes outperformed the deterministic three-test training set. This is an important conclusion, as it means that less experimental efforts (sample preparation, testing time, complexity of processing) were required for the successful material characterisation.
The models’ thickness predictions for IM7/8552 experimentation within each test in the validation set are presented in Figure 13B. As it was concluded before (at the stage of model training), the defined models for IM7/8552 material demonstrated a higher value of fitting error in comparison with the IMA/M21 and produced a larger offset from the experimental data curve. The same trend can be observed at the validation stage as well. All models struggled to fit the stages of linear load increase (Test 6, Test 8) of compaction. The highest level of the prediction offset was registered for the validation Test 4. However, the maximum deviation in the value of the final thickness within all validation tests did not exceed 4.4%.
The deviation in the values of material parameters a, b, and k was registered at the level 1.0%, 3.1%, 3.2% respectively as shown in Table 3. It should be noted, that for the ATF_IM7 4 test the percolation model was defined as the most accurate during the validation (lower value of the cumulative error). In comparison with other characterisation programmes, ATF_IM7 4 test was ranked fifth during the validation stage (as shown in Figure 12B).
Overall, the ATF demonstrated the ability to develop testing programmes without human intervention. For both prepregs, the resulting material models were developed with fewer conducted tests in comparison with the deterministic approach. This results in less manufacturing and material consumption required for the successful characterisation of composite precursors.
Besides the material models, the ATF can provide interesting information on the evolution of the flow process. For instance, the analysis of the step-by-step characterisation routine of the IM7/8552 material (Figure 11 s) shows, that at the initial stages of the test the percolation model was ranked first. For IMA/M21 shear models were more favourable than the DefGen in the beginning of a test (Figure 9). It may be the indication of the change of a flow pattern as the compaction goes on. Currently, the framework does not aim at detecting flow transition. In its current form, the ATF analyses the entire test: each model is applied to describe to the whole thickness-pressure history, and not just isolated periods with different dominant flow modes. However, there is a clear direction for building that capability for the ATF in future.
6.2 Conclusion
The presented adaptive testing framework was pioneered and its application to well-understood material systems examined. Integration of real-time experimentation on a universal testing machine was proven feasible. The routes for data acquisition, experimental data exchange and autonomous performance are established. The implementation of the proposed framework is achieved in conjunction with standard testing machines, the bespoke compression testing rig, the newly developed LabView state machine, the bespoke data acquisition system, and most importantly the analytical modules for the selection of load evolution.
The functionality of the proposed framework was tested within several experimental trials of two different material systems: IMA/M21 and IM7/8552 prepregs. For each material type a trend in the shape of the resulting loading programme was observed (load raise-dwell-raise, load plateau, consistent load increase etc.). Changes in the path of the loading programme during real-time testing had a direct effect on the intermediate candidate models’ ranking, which was demonstrated in the step-by-step routine. The models which performed well at the initial stages of the experiment were moved down to the second place or were even disregarded from the competition later on. Such competition between the models is the main driving mechanisms behind the performance of ATF. The biggest challenge can be observed for complex loadings, e.g. varying various strain rates and load levels with a wide range, when the ranking of models is constantly changing. Another interesting observation is that the sequential updating of candidate models at every load step allowed to correct a non-optimal set of material parameters and to provide an accurate fit of the model in the subsequent steps (IMA/M21 material, DefGen model in test ATF_M21 3).
Upon the completion of each test, the framework successfully identified the best performing material models and the corresponding set of material parameters. The obtained results for prepreg materials were trialled against a set of tests with predefined loading programmes. The validation process for IM7/8552 material confirmed, that the models trained within the adaptive experimentation showcased a superior performance in comparison with more labour-intensive deterministic training combination. The results for IMA/M21 material system indicated that the expanded set of three deterministic programmes was still preferrable, although real-time programmes were more effective than double and single-test combinations. Moreover, ATF still selected the correct material model with only a 5.5% error rise in thickness prediction in comparison with the group of three tests.
Real-time experimentation presents new challenges in regard to test reproducibility. The ATF builds its load trajectory based on the real-time feedback from a given test specimen. Material feedback may by different due to a number of factors, including specimen variability, machine’s control etc. Different specimens may flow differently under the same processing conditions. In such case ATF may output a different load trajectory. That aspect was one of the reasons for the real-time experimentation with different test settings, as shown in Table 2. Even though the resulting test programmes were different, ATF drew the same conclusion regarding the material model for all tested material systems. Test reproducibility for the real-time experimentation introduces an interesting challenge, which could be a key for better understanding the connection between the material variability and aspects of the acting flow mechanisms.
Overall, the autonomous testing demonstrated strong potential for objective assessment of complex material systems and clear direction for further development. The main limitation of the proposed approach comes from the candidate material models in the library. “It is required that the considered models can be condensed to ODEs through a set of simplifying assumptions, as shown in Eq. 1. The system can be improved without changing its basic principles, e.g. by expanding the library of the models and including more relevant physical phenomena tailored for specific materials. Moreover, the computational resources must be sufficient to output the ATF response without delays during real-time experimentation.
The obtained results allow to rethink the conventional approach to characterisation of complex material systems. The use of the proposed ATF can reduce the required amount of manufacturing and experimental trials.
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Flow Model Type Model Abbreviation

Incompressible shear flow in the transverse direction with power law shear thinning (Pipes 1992; Servais, Luciani, and Manson 2002; Shahsavari and McKinley 2015)

Zero friction with tool and constant tool-material contact nfec_pow
Zero friction with tool and evolving tool-material contact nfve_pow
No-sipp conditions and constant tool-material contact nsce_pow
No-slip conditions, evolving tool-material contact nsvc_pow

Percolation flow of compressible tape under additive superposition of resin pressure and fibre bed response (T G Gutowski and Dilon 1992; Timothy G. Gutowski et al, 1987b;
T. G. Gutowski et al. 1987a)

Flow in the longitudinal direction bge
Phenomenological model for transition behaviour of toughened prepreg with features of shear and percolation flows (J. P.H. Belnoue et al. 2016)

DefGen model defgen
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Error Rise

IMA/M21 material

Tests combination (1, 4, 7) Baseline DefGen [~ k: 0.8124
ATF_M21 2 5.5% DefGen a k: 0.8211
ATF_M21 1 6.8% DefGen a k: 0.8297
ATF_M21 3 10.6% DefGen a k: 0.8329
ATF_M21 4 18.3% DefGen a k 0.8168
IM7/8552 material

ATF_IM7 3 Baseline DefGen a: -0.9429 b: -14.50 k: 0.7647
ATF_IM7 2 3.4% DefGen a: -0.9427 b: -14.75 k: 0.7860
ATF_IM7 1 3.8% DefGen a: -0.9429 b: -14.51 k: 0.7619
Tests combination (1, 5, 7) 5.3% DefGen a: -0.9342 b: -14.95 k: 0.7838

ATF_IM7 4 7.4% Percolation (bgc) KA/;/ 0.2580 04: 0.0058
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