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Warpage deformation is a typical phenomenon for polymer injection-molded parts, mainly caused by unbalanced cooling, and it is inevitable. Complex process parameters usually lead to uncontrollable thermal behavior of the polymer materials during injection molding and significant experimental errors. This work presents an experimental mold with a flat mold cavity and nine local heating sections to determine the exact effect of temperature difference on the thermal deformation of injection molded parts. Through local heating at different positions, different warpage deformation was caused. Experimental results demonstrated the relationship between the local temperature and the local thermal warpage. The predicted results of local temperature distribution by numerical simulation presented a strong negative correlation with the experimental results (R2 = 67%); however, the warpage prediction results by numerical simulation were moderate (R2 = 35%). Machine learning with neural networks was further conducted based on the experimental results. When more data was given with a suitable neural network structure, the model prediction accuracy of warpage could be up to 97%, while for the extrapolation test, the prediction accuracy could also be up to 89%. This local thermal heating technique and neural network modeling method can be applied in further theoretical investigation of warpage of injection molded parts and support the development of new models with high accuracy in predicting warpage deformation.
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1 INTRODUCTION
Polymer injection molding is a cornerstone of modern manufacturing, facilitating the production of many products that permeate nearly every aspect of human life. From intricate automotive components to everyday household items, the versatility and efficiency of injection molding have revolutionized industrial production (Fu et al., 2020). During the COVID-19 pandemic, this technology was crucial in producing medical protective equipment such as goggles, face shields, protective clothing, and disinfection medicine barrels (Pasha et al., 2022). However, the conventional manual approaches and trial-and-error methods used in injection molding have limitations, affecting both part quality and overall operational efficiency (Khosravani and Nasiri, 2020). Warpage deformation is a significant concern in injection molding production, as it can significantly affect the final products’ quality and usability. Warpage generally causes dimensional inaccuracies, resulting in parts that do not meet the required tolerances and specifications. Deformed parts may not fit or function properly when assembled with other components, which leads to functional deficiencies and even failure of the products to perform their intended purpose. Warpage deformation poses a significant challenge within the injection molding process. This phenomenon, characterized by distortions or deviations from the intended geometry, often arises due to uneven cooling during manufacturing and stands out as a common problem for injection molding (Zhao et al., 2022). Warpage not only impacts product appearance but also affects assembly and performance. Thermal warpage deformation, in particular, occurs when temperature differentials across the molded part exacerbate the issue (Jacques, 1982; Guerra et al., 2023). Understanding these intricacies is essential for mitigating warpage and ensuring manufactured products’ dimensional accuracy and structural integrity.
Theoretical underpinnings of thermal warpage in injection molded parts stem from the complex interplay of material properties, process parameters, and cooling dynamics. Despite the myriad benefits of injection molding, the unpredictable thermal behaviors of polymer materials during the process lead to significant experimental errors. Predicting thermal warpage deformation in injection molded parts is a complex task that involves understanding and modeling the interplay of various factors (Zhao et al., 2022). The material’s thermal conductivity, shrinkage characteristics, and coefficient of thermal expansion influence its response to temperature changes during cooling, and the variation of specific volume is the most critical parameter to characterize local shrinkage and the relative warpage (Wang and Mao, 2013; Hopmann et al., 2020; Wang et al., 2020; Hopmann et al., 2021). However, Hopmann et al. (2020) have shown that the local specific volume of the injection-molded part is different and challenging to predict and measure. Injection molding parameters such as melt temperature, mold temperature, injection pressure, and cooling rate significantly impact the cooling behavior and, consequently, the extent of warpage deformation (Sudsawat and Sriseubsai, 2018). Especially the cooling rate is different for different sections of the polymer melting in the mold cavity, which will lead to different specific volume variations (Sun et al., 2016; Wang et al., 2020) and, thus, warpage deformation. The design of the mold, including the placement and configuration of cooling channels, plays a crucial role in controlling temperature distribution and minimizing warpage (Kanbur et al., 2020). In addition, computational methods, such as finite element analysis (FEA) and computational fluid dynamics (CFD), are commonly employed to simulate the cooling process and predict thermal warpage deformation. These simulations involve modeling the material behavior, heat transfer phenomena, and mechanical responses to predict the final shape of the molded part (Guo et al., 2012; Zhang et al., 2018; Divekar et al., 2022). Using numerical simulation, Tillmann et al. (2024) demonstrated that introducing an algorithm can reduce warpage significantly. However, experimental errors and the differences between experiments and simulations still influence prediction accuracy. Researchers have increasingly turned to advanced techniques, including neural network modeling and artificial intelligence, to address these challenges and enhance warpage prediction capabilities. Machine learning algorithms, particularly neural networks, have emerged as powerful tools for predicting thermal warpage deformation (Liao et al., 2004). Recent studies (Chang et al., 2022; Fernández et al., 2023) have demonstrated the efficacy of machine learning algorithms in capturing the nuanced relationships between process variables and warpage deformation. By training on extensive experimental and simulated data, neural networks can learn complex patterns and relationships, enabling accurate warpage predictions under various conditions. Still, a suitable neural network structure is essential. Lee et al. (2022) investigated the ability of neural networks to represent linear or nonlinear relations between input and output parameters in injection molding. They found that the predicted results can be relatively better by dividing the linear and nonlinear data into two groups. Moreover, experimental studies involving temperature measurements, strain analysis, and physical observations provide valuable data for validating simulation results and refining predictive models (Farahani et al., 2022). A data-driven predictive framework could be established for injection molding to obtain the exact in-mold data. Gim et al. (2024) pointed out that the in-mold condition as the transient process conditions in actual processing space should be considered, and they proposed a new process optimization method by explainable artificial intelligence.
In summary, predicting thermal warpage deformation in injection molded parts requires a multidisciplinary approach integrating theoretical understanding, numerical simulation, experimental validation, and advanced computational techniques. Despite advancements in numerical simulation techniques, accurately predicting warpage deformation remains a formidable challenge. The inherent complexities of injection molding processes and the non-linear behavior of polymer materials often confound traditional simulation approaches. Machine learning with neural network models shows good prediction accuracy but is still limited to the quantity and error of experimental data and training time. Data-driven frameworks (Farahani et al., 2022) and explainable artificial intelligence (Gim et al., 2024) have shown good optimization results in reducing the warpage of injection-molded products. However, establishing a data-driven framework requires high costs and a unique mold design with sensors inside the cavity, which is unsuitable for regular production. Moreover, Gim et al. (2024) pointed out that the application of explainable artificial intelligence to process optimization has been hampered because analysis of in-mold conditions depends on domain knowledge and insight into the process. Additionally, conventional research only focuses on the maximum warpage of the part or the warpage at a specific position of the part as the detection target, and the data is single, which cannot reflect the overall warpage deformation of the product. Therefore, recent studies have illuminated the limitations of existing predictive models, emphasizing the need for deep learning of the thermal warpage of injection-molded products to address the issue.
Understanding the precise impact of temperature differentials on the thermal deformation of injection molded parts necessitates a comprehensive approach. Considering the in-mold conditions of local domains for injection-molded products, this work introduced a specially designed experimental mold with nine local thermal heating sections. By selectively heating distinct locations, varying degrees of warpage deformation were induced, offering valuable insights into the relationship between local temperature and thermal displacement. The total warpage deformation was examined by measuring nine measurement positions of the flat part. An infrared thermal imager was used to measure the surface temperature distribution of the injection-molded part after ejection, which can directly reflect the exact in-mold temperature condition. The experimental results established a clear relationship between local temperature and local thermal displacement. Numerical simulation was also conducted, but their efficacy in forecasting warpage deformation was comparatively limited. Machine learning techniques employing different neural networks and leveraging experimental results were conducted. With ample data and an appropriately structured neural network, prediction accuracy for warpage deformation was enhanced. This innovative fusion of local thermal heating techniques and neural network modeling advances our theoretical understanding of injection molded part warpages and paves the way for developing highly accurate prediction models. Such advancements hold immense promise for optimizing manufacturing processes and facilitating the creation of injection-molded parts with enhanced precision and reliability.
2 MATERIALS AND METHODS
2.1 Materials
Polypropylene (PP) pellets (model number: PP 579S, SABIC) were selected for injection molding. Table 1 presents some fundamental property values of the material. These characteristics make PP a versatile polymer material that can be used to study a wide range of injection molding aspects, from flow behavior and mold filling to the final properties of the molded parts.
TABLE 1 | Property parameter values of the PP for injection molding.
[image: Table 1]2.2 Preparation
As shown in Figure 1A, a self-made fully electric desktop micro injection molding machine was applied to prepare the PP parts. Figure 1B depicts the mold with a flat cavity, and Figure 1C shows the PP part geometry with dimensions of 45 × 45 × 2 mm3. To realize the local thermal heating, 18 alumina ceramic heating elements (MCH, 24V, Beijing Baizheng Cable Co., Ltd., China) were applied behind the mold cavity. The positions of the 18 heating elements are shown in Figure 1D, and Figure 1E shows the elements. The 18 ceramic heaters were separately used for nine heating sections (I to IX). Each section can be heated with two ceramic heaters. Figure 1F presents the schematic of the particular structure of the heating mold plate. An insulation plate was used to fix the 18 elements and can also be used for thermal insulation. The heating element has a dimension of 15 × 7 × 1.2 mm3, heats up quickly, and can reach 200°C in 5 s and 480 C in 15 s. Four cooling channels were used to control the essential mold temperature.
[image: Figure 1]FIGURE 1 | Self-made fully electric desktop micro injection molding machine (A), the simple experimental mold with a flat cavity (B), the flat part model (C), the moving plate with the flat cavity (D), reversed moving plate with 18 ceramic heating elements (E), the schematic picture showing the internal structures of the special mold plate with local heating elements, insulation plate, cable channel, and cooling channels (F), the injection molded part with the positions of the nine local heating sections and warpage deformation measurement points (G), the electronic dial gauge with a seat platform for the warpage measurement (H), the numerical simulation model (I), and the finite element meshing model (J).
The flat PP parts were produced under the same processing conditions except for the local heating temperature. Three barrel temperatures of the desktop injection molding machine were set at 210, 220, and 220°C, respectively. The nozzle temperature was 220°C. The injection speed was 16.5 mm/s. The reciprocating movement distance of the screw was 33 mm. The holding time was 12 s. The mold temperature was controlled at 40°C by a small mold temperature controller (WSC-1000, Changzhou Yineng Experimental Instrument Factory, Changzhou, China). All the experiments were conducted at the room temperature of 19°C. Table 2 shows the experimental setting of the nine heating sections. The heating sections of I to IX were separately turned on/off. Experiments No. 1 to 9 were conducted with one heating section, Experiment No. 10 was conducted with no heating, and Experiments No. 11 to 29 were conducted with two heating sections.
TABLE 2 | Property parameter values of the PP for injection molding.
[image: Table 2]2.3 Measurements of temperature and warpage
An infrared thermal imager (Tui260B, Ulide Technology Co., Ltd., China) was used to measure the temperature distribution. The temperature range of the device is −20°C–550°C, with a temperature resolution of 0.1°C and a test response time of ≤500 m. The thermal images were analyzed to identify specific coordinates within the image. RGB color data was then extracted from these coordinates, especially those corresponding to the nine measurement points (Figure 1G). The RGB color data were converted to grayscale values and then associated with the corresponding grayscale temperature values to get the temperature values of the specific coordinate positions.
The injection molded parts were set at room temperature for at least 24 h to release their internal stress. The warpage deformation of the thin plate part mainly occurred in the thickness direction (Z-direction). Thus, the Z-direction displacement of the nine sections on the flat part was measured. The point in the middle of each section was chosen as the measure position, as shown in Figure 1G. The benchmark was close to the sprue. An electronic dial gauge with a seat platform (Figure 1H) was used for the warpage measurement. The mold plate was directly used as a fixed platform, which can limit the horizontal movement of the parts and can also provide support, especially at the benchmark point where less warpage deformation occurred. The electronic dial gauge was zeroed according to the benchmark and then used to measure the Z-direction values at the nine points. Each experiment group included three parts to obtain the average value and the experimental error.
2.4 Numerical simulation
The software Moldex 3D (CoreTech System Co., Ltd.) was utilized for numerical simulation of the injection molding. The material property data for PP 579S can be directly found in the software’s database. The simulation encompassed the filling, packing, cooling, and warping stages. The processing conditions for simulation were mainly set according to the exact experiments. The plastic temperature was 220°C, the injection speed was 16.5 mm/s, the holding time was 12 s, the cooling time was 12 s, the mold temperature was 40°C, and the room temperature was 19°C. The calculated temperature distribution and warpage deformation in the Z-direction were mainly considered to facilitate comparison with the experimental results. Figure 1I shows the physical model of the mold cavity, heating elements, and the four cooling channels in the static and moving plates. The mold temperature of 40°C corresponded to the water temperature in the four cooling channels with an exact flow rate of 12 cm3/s. A power of 10 W was set for each heating element when it was used for “heating on” according to Table 2. Figure 1J shows the relative finite element mesh. There were 2740876 mesh elements. Nine probe positions were selected with the same points as the measurement points in Figure 1G. The temperature and Z-direction displacement values at these nine probe positions were applied for analysis and discussion.
2.5 Neural network modeling
A primary neural network with only one hidden layer was tried to model local thermal warpage deformation with different local heating. Table 3 shows the setting of the neural network structures. Four neural network structures were tried, and six groups of neural network modeling with different experimental data samples were conducted. Three neurons of the input layer in the network (3,6,1) include the X and Y coordinate positions of the warpage value test points and the situation of the relative heating section at that position (on or off represented by 1 and 0, respectively). Experimental warpage values of one and two heating sections were applied, respectively. When the experimental warpage values with two heating sections were used, the heating section number (HNo) was added as one input neuron (1, 0, and 2 represented 1 heating section, 0 heating section, and 2 heating sections). The network (4,8,1) with 1&0 HNo means the experimental warpage values with one heating section and no heating were used, while the network (4,8,1) with 1&0&2 HNo means the experimental warpage values with 1 heating section, 0 heating section, and 2 heating sections were all used. In addition, considering the exact temperature effect, the surface temperature of the part after ejection from the mold was also used as an input neuron in the network (5,10,1) with 1&0 HNo. & T. For the above modeling, the output neuron is only the Z-direction displacement of the warpage; thus, one position is related to one Z-direction warpage value. However, many repeated input values corresponded to different Z-direction warpage values; the nine Z-direction warpage values might not be related to the relative group of experimental input values. Therefore, we created a particular network with nine output neurons, and the input neurons included the heating section number, the X and Y coordinate positions, and their relative heating section situations. The neuron number for the hidden layer did not affect the fitting accuracy significantly, so it was determined by doubling the neuron number of the input layer for the first three types of networks, while nine neurons in the hidden layer were applied for the fourth type of network. For each fitting group, 75% of data samples were used for training, 15% for validation, and 15% for testing. The mean square error (MSE), R (regression coefficient), and R2 (R-squared) were respectively used to determine the accuracy of the model. MSE is the mean squared difference between outputs and responses, and R is the correlation between outputs and responses.
TABLE 3 | The parameter settings of the four neural networks and six groups of neural network modeling and their relative results of MSE, R, and R2.
[image: Table 3]3 RESULTS AND DISCUSSION
3.1 Temperature distribution of the mold cavity and the part surface
Figure 2A illustrates the measured temperature at two different positions (a and b in Figure 1D) on the surface of the mold cavity. Two mold temperatures (17°C and 40°C) for the cooling channels were applied. Typical exponential heating curves can be seen. The temperature increased quickly and then slowly. Figure 2B shows the cavity surface temperature at 5, 15, and 60 s. After 60 s, the temperature changed little. Thermal conduction is the primary mode of heat transfer in the metal mold. It indicates that different heating positions led to various temperature variations and maximum temperatures. The mold temperature controlled by the cooling channels also influenced the final maximum temperature of the local position. Especially at the mold temperature of 40 °C, the maximum temperature at section “a” was up to 51°C while section “b” had the maximum temperature of 67.5°C. Section “b” was close to the middle of the mold cavity; therefore, more heat can be maintained. Figure 2C illustrates the temperature distribution on the cavity surface with the first nine experiments (No. 1 to No.9) in Table 2, where one heating section was turned on but in different sections. The images indicate that the maximum temperatures were close to the heating section but not precisely because of the thermal conduction in the mold plate. Figure 2D gives the maximum cavity surface temperature for different experiments. Experimental No. 5 had the highest temperature value, 87.7°C, and corresponding to the heat section V was turned on. The lowest temperature of 61.5°C corresponded to the heat section III.
[image: Figure 2]FIGURE 2 | Cavity surface temperature as a function of time at two different mold temperatures (A), infrared thermal images of the cavity surface at three different times of 5, 16, and 60 s (B), infrared thermal images of the cavity surface at the stable heating time, corresponding to one heating section at the nine different sections (C), and the maximum cavity surface temperature corresponding to the nine experiments with one heating section turning on (D).
Figure 3A shows the infrared thermal image of the surface temperature of the injection molded parts after ejection without any local heating. Figure 3B shows the exact temperatures at the nine measurement points. A significant temperature difference can be seen, but it was distributed symmetrically. The highest temperature was located at the gate, the middle of the part, and the maximum temperature was 94.6°C at section V. Sections II, V, and VIII had higher temperatures because the polymer melt cooled slowly in the middle of the cavity. Section VIII was close to the gate and thus showed higher temperatures than section II. This indicates that the surface temperature of the injection molded part will be cooled fast because of the air convection heat dissipation after ejection. Figure 3C illustrates the temperature distribution at the part surface from the first nine experiments in Table 2. The maximum temperature positions corresponded to the positions of the heating section. However, the maximum temperature values differed due to different heating sections, material temperature, and heat transfer in the cavity. Figure 3D gives the exact temperatures at the nine measurement points. Sections II, V, and VIII still had relatively higher temperatures, but the highest temperature depended on the heat location. The temperature in each section was generally around 60°C–70°C, and the temperature in the heating section was between 90°C–100°C. Local heating influenced heat transfer, leading to a particular temperature distribution. The higher temperatures corresponded to the relative heating sections, respectively. The heating sections at sections II, V, and VIII caused a much higher temperature. For experiment No. 5, the highest temperature was up to 97.15°C due to the limited heat dissipation. Whereas, according to the temperature distribution of experiment No. 10 without local heating, the highest temperatures for each experiment (No. 1 to No. 9) were significantly unstable, especially for the temperature at section V. The temperature at section V in experiment No. 2 had a temperature of 79.57°C, which has a 15°C temperature difference compared with the temperature of 94.6°C for experiment No. 10 without local heating. The environmental temperature and the experimental errors, such as the test time of the infrared thermal imager after part ejection, caused this.
[image: Figure 3]FIGURE 3 | Infrared thermal image of the injection-molded part after ejection of experiment No. 10 (A), part surface temperature at the nine sections in experiment 10 (B), infrared thermal images of the part after ejection for the nine experiments No.1 to No. 9 (C), and part surface temperature at the nine sections of the parts prepared in experiments No. 1 to No. 9 (D).
3.2 Warpage deformation of the flat parts and its correlation with temperature
Figure 4 A shows the pictures of the nine parts prepared by the respective experiments No. 1 to No. 9, in X and Y directions. It shows different warpage deformation degrees corresponding to different local heating. Figure 4B gives the exact warpage values in the Z direction of the part of experiment No. 10 without local heating. Different from the symmetrical distribution of part surface temperature after ejection, the warpage deformation for experiment No. 10 without local heating exhibited an unsymmetrical distribution, and the position of the highest warpage was close to section I where it was far from the gate and correlated with the gravity direction. This indicates the gravity effect on the filling balance of the mold cavity (Olivero and Altan, 2001; Baum et al., 2023). More flow melt was occupied in the middle of cavity section I with more heat, thus leading to more severe thermal residual stress (Torres-Alba et al., 2021) than in the other sections.
[image: Figure 4]FIGURE 4 | Injection molded parts in X and Y directions (A), measured warpage deformation of the part prepared in experiment No. 10 without local heating (B), measured warpage deformation in Z direction of the nine measurement points of the part prepared in experiment No. 10 (C), measured warpage deformation of the parts prepared in experiments No. 1 to 9 with one local heating section (D), measured warpage deformation in Z direction of the nine measurement points of the parts prepared in experiments No. 1 to 9 (E).
Figure 4C gives the exact warpage values at the nine measurement points. The most significant average warpage deformation was 0.401 mm. Figure 4D shows the warpage deformation in the Z direction of the nine parts of experiments No. 1 to 9, and Figure 4E gives the exact warpage deformation values at the nine measurement points of each part. In these nine groups of injection-molded parts, the maximum average warpage was 1.09 mm, located at section V in the middle of the part. Local heating did not change the position of the maximum warpage but affected the total geometry deformation.
Each group had three injection-molded parts for the warpage measurements. The experimental errors influence the quantitative analysis. Ten parts were injection molded at the same experimental condition for each group experiment (No. 1–9) to determine the experimental repeatability. The part weight repeatability was calculated with the equation:
[image: image]
where δm is the part weight repeatability (%), mi presents the weight of the part number i, [image: image] represents the average part weight, and n represents the number of the part. Figure 5A shows the weight of the ten parts and the repeatability for each group of experiments (No. 1–10). The repeatability of using local heating (No. 1–9) and without heating (No. 10) was around 1%. It is noted that when section V heating was enabled, the weight repeatability was the lowest, 0.5%. Based on the temperature distribution on the surface of injection molded parts in Figure 3, it is found that when heating in section V was enabled, the temperature in the heating area was highest. The higher temperature increases the fluidity of the melt, making it easier to fill the mold cavity and supplement during the packing/holding process, and the final product weight repeatability is relatively high.
[image: Figure 5]FIGURE 5 | Part weight and repeatability of the experiments No. 1 to 10 (A), correlation between the part surface temperature and the warpage of the experiment No. 10 (B), correlation between the part surface temperature and the warpage of the experiments No. 1 to 9 (C).
Local heating mainly causes local warpage deformation, so the correlation between the warpage and the temperature was analyzed. The correlation coefficient (R2) can be calculated by the equation:
[image: image]
where y and x are the variables, and [image: image] and [image: image] are the mean values of the variables. Figure 5B gives the correlation between the warpage and part surface temperature of experiment No. 10 without local heating. The R2 of 64% shows a strong positive correlation. The correlation coefficients between the warpage and part surface temperature of experiments No. 1 to 9 differed, as shown in Figure 5C. All correlation values of R2 were higher than 30%. Experiments No. 1, 2, 4, 5, 6, and 8 exhibited higher positive correlation, which is because these experiments corresponded to the exact higher heating sections in the middle of the parts (No. 2, 4, 5, 6, and 8), close to the gate (No. 8), and with gravity effect (No. 1). The correlation charts display a nonlinear relationship between warpage and temperature. Because the warpage is the result of non-uniform shrinkage and has directions like a vector, while the temperature has no direction.
3.3 Numerical simulation and correlation with experimental results
Numerical simulation software considers the exact relationship between warpage and local heating with theoretical government equations, especially the energy conservation equation where the temperature, time, density or specific volume, specific heat, and thermal conductivity are considered. Figure 6A shows the simulated warpage in the Z direction of the part with the preparation conditions of experiment No.10. Figure 6B gives the exact warpage deformation values in the Z direction of the nine measurement points. The simulated warpage deformation trend was consistent with the experimental results. However, due to the different testing benchmarks, there were significant differences in numerical values. The critical difference between the simulation and experiment results is that the simulated warpage was symmetrical and showed no twist deformation like the experimental part (Figure 4B). Only when local heating was enabled did the symmetrical warpage change into unsymmetrical, as shown in Figures 6C, D.
[image: Figure 6]FIGURE 6 | Simulated warpage deformation of the part related to experiment No. 10 without local heating (A), warpage in the Z direction of the nine measurement points in the part of experiment No. 10 (B), simulated warpage deformation of the parts related to experiments No. 1 to 9 with local heating (C), and warpage in the Z direction of the nine measurement points in the parts of experiments No. 1 to 9 (D).
Figure 7A compared the warpage values of the experiment and simulation at the nine sections of part of No. 10. The warpage values at sections II, V, and VIII of the experiment and simulation were all higher than those on either side. Neglecting the testing benchmark, the fundamental prediction values were close to the simulation results. Figure 7B shows the warpage comparison of experiments No. 1 to 9 with the simulated results. The simulated warpage at sections I, II, and III was lower, depending on the difference in coordination caused by the benchmark. During the experimental warpage measurement, the four corners of the part were all in contact with the platform, while the sprue was not precisely perpendicular to the platform. Whereas the maximum warpage values were located in section V. Figure 7C gives the maximum warpage values of the nine sections in the experiment and simulation of experiments No.1 to 10. The experiment and simulation results all indicate that the largest warpage occurred in experiment No. 5 because of the highest heat in the middle of the cavity when the local heating was enabled at section V. Figure 7C also shows the warpage difference (∆max. warpage_exp.-sim.) by using the maximum warpage of experiment minus the maximum warpage of simulation and the warpage difference (∆min warpage_exp.-sim.) by using the minimum warpage of experiment minus the minimum warpage of simulation. Experiment No. 10 presented the lowest warpage difference because the local heating was not conducted, indicating the simulation could obtain a more significant effect of local thermal effect. In addition, the lower warpage difference in No. 7, 8, and 9 demonstrates that the simulation result reflects the difference of positions near or far from the gate. The relative warpage near the gate was slight. Figure 7D shows a good correlation of maximum warpage between the experiment and simulation. However, in Figure 7E, the correlated values of R2 in No. 1, 2, and 3 were not high, which is consistent with the higher warpage difference result of No. 1, 2, and 3 in Figure 7C. The correlated R2 of all the warpage data between the experiment and simulation was 35% in Figure 7F, indicating the higher difference between the experiment and simulation.
[image: Figure 7]FIGURE 7 | Comparison of warpage at the nine sections between the experiment and simulation in related to No. 10 (A), comparison of warpage at the nine sections between the experiment and simulation in related to No. 1 to 9 (B), the maximum warpage of experiment and simulation, the difference of maximum warpage and minimum warpage between experiment and simulation, in related to experiments No. 1 to 10 (C), correlation of maximum warpage of the 10 cases between experiment and simulation (D), R2 of the warpage correlation between experiment and simulation (E), correlation of warpage between experiment and simulation of all warpage deformation data (F), simulated center temperature in the nine sections at the end time of cooling in the 10 experiments (G), R2 of the temperature correlation between experiment and simulation (H), correlation of temperature between experiment and simulation of all temperature data (I), R2 of the correlation between warpage and temperature of the experiment and simulation (J).
The simulated temperature distribution must be further analyzed to confirm the effectiveness of the simulation. Figure 7G shows the center temperature of the nine measurement points at the end time of cooling in experiments No. 1 to 10. Figure 7H gives the correlated R2 between the experimentally tested part surface temperatures and the simulated temperatures of the ten experiments. The R2 values were around 80%, indicating a good prediction result for temperature. Figure 7I shows the total R2 for all temperature data between the experiment and simulation; 67% is not bad compared to 35% of the warpage. Figure 7J demonstrates that the warpage is not linearly related to the temperature due to its vector property. In experiments No. 1, 2, 4, 5, 6, and 10, the correlation R2 between the experimental warpage and temperature was higher than 60%. In comparison, the correlation R2 was higher than 60% for the simulated warpage and temperature corresponding to experiments No. 4 to 10. It shows a significant difference between the experiment and the simulation. Therefore, warpage deformation, as a typical problem for injection molding, can still not be simulated very well. However, some advanced non-linear models, such as considering the visco-elastic and thermo-mechanical properties of the polymer materials, were applied successfully (Divekar et al., 2022), which is not the topic of this work.
3.4 Warpage deformation with two heating sections
The above results discussed the warpage and its correlation with temperature in the experiments with one local heating section and without heating. The two local heating sections can be turned on together, and the thermal warpage would differ. Figure 8A illustrates the warpage deformation in the Z direction of experiments No. 11 to 25 in Table 2. This leads to a more complex phenomenon. Figure 8B gives the exact warpage values at the nine experiment measurement points. Only one part for each experiment was prepared. The maximum warpage values for all the experiments occurred at the position of section V. For the experiments of No. 11 to 18, the local heating section I was always enabled, which made a higher warpage at sections I and II. The combination of enabled local heating sections of II to VI made more significant warpage than the combination of local heating sections of VII to IX because sections of VII to IX were close to the gate. The most considerable warpage value was 1.683 mm, corresponding to experiment No. 14 (I + V). For the experiments of No. 19 to 23, the enabled local heating section IV enhanced the warpage in the middle of the part. However, because heating section IV was close to the middle section V, which always had high heat, it caused consistent warpage, even when the other heating section changed from V to IX. In addition, the warpage corresponding to the enabled local heating section VII with sections VIII and IX were insignificant.
[image: Figure 8]FIGURE 8 | Warpage deformation of the parts prepared by experiments No. 11 to 25 (A), measured warpage deformation in Z direction at the nine measurement points for the parts of experiments No. 11 to 25 (B), warpage difference by maximum value minus minimum value of all experiments No. 1 to 25 (C).
Further, the thermal warpage caused by two heating sections was always higher than that caused by only one local heating section. When considering the whole warpage deformation of the part, the warpage difference between the maximum and the minimum values can be calculated to determine the thermal effect. As shown in Figure 8C, the significant warpage difference was related to experiment No. 14 (I + V). This corresponds to the middle section V, which had a high heat concentration, and section I, which was far from the gate and had a gravity effect. Interestingly, experiment No. 1 with section I heating, not experiment No. 10, created the slightest warpage difference. According to the warpage theory, with non-uniform shrinkage of the whole part, the unbalanced heat distribution inside the cavity is the main factor causing warpage. Experiment No. 10, without local heating, cannot create a better-balanced heat distribution, and the temperature distribution result has shown that the middle section V generated a much higher heat concentration. Therefore, balanced heat dissipation inside the cavity should be created, and decreasing the temperature difference between the middle section and the other sections is the key to reducing the warpage. According to the results of the experiment, the local warpage near the gate was insignificant. Increasing the temperature at the section far from the gate would be helpful. It is clear that experiment No. 1 with the heating section I turned on reduced the whole warpage of the part, which is limited only in these 25 experiments.
3.5 Neural network interpolation and extrapolation
The experimental warpage results with different local heating sections have given enough data for machine learning and neural network modeling. As the simulation did not show a good prediction on the warpage while the experiment had experimental errors, neural network modeling based on machine learning could be conducted to establish an accurate model to predict the local warpage. Figure 9A presents the structures of four networks for the local warpage prediction. Table 3 gives the relative parameters and the interpolation accuracy, including MSE and R2. Figure 9B illustrates the correlation between the experiment and neural network output data. Because the hidden layer in this work was only one, the interpolation accuracy was not very high. In comparison, the network (3,6,1) for the data of one local heating section and two local heating sections had larger MSE and lower R2 because of the relatively low data. It showed higher accuracy when more experimental data were applied in machine learning, such as the network (4,8,1). For the network (5,10,1), the data of part surface temperature were also added as one input neuron, and the R2 could be up to 86%. The network (36,9,9) presented a very high accuracy (R2 = 99%) because the network structure considered the location of the nine warpage data in one group experiment and excluded data with different output values for the same input values from interfering with machine learning. Figure 9C illustrates the correlation of the prediction values with the two networks of (4,8,1) and (36,9,9) to the experiment warpage values. Figure 9D presents the difference by experiment value minuting prediction value with the two different networks. The network (36,9,9) presented a higher prediction accuracy.
[image: Figure 9]FIGURE 9 | Four neural network structures for modeling (A), correlation of warpage between experiment and prediction by different neural networks with various input and output data (B), warpage values of experiment and prediction with the networks of (4,8,1) and (36,9,9) (C), warpage deviation between experiment and prediction with the networks of (4,8,1) and (36,9,9) (D).
The extrapolation properties of the two network models (4,8,1) and (36,9,9) were also evaluated. The warpage data of the additional four experiments, No. 26 to 29, with two local heating sections, were not applied in the machine learning. Figure 10A illustrates the warpage deformation of the experiments (yellow-red-black) and prediction with the two network models (blue and red). Interestingly, the extrapolation ability of the network (4,8,1) also performed well, even better than that of the network (36,9,9). As shown in Figures 10B, C, the network (4,8,1) obtained lower MSE and higher R2 than the network (36,9,9) in the cases of No. 26, 27, and 29, but the network (36,9,9) obtained a higher value of the total R2 (89%), as shown in Figure 10D. The warpage correlation of the extrapolation data with experiment data in Figure 10E indicates a consistent warpage. However, the deviation with experiment data in Figure 10F indicates a deviation of 0.5 mm, which is relatively high.
[image: Figure 10]FIGURE 10 | Warpage deformation of experiment and prediction with the networks of (4,8,1) and (36,9,9) (C) in the experiments No. 26 to 29 (A), MSE between experiment and prediction with the networks of (4,8,1) and (36,9,9) (B), R2 between experiment and prediction with the networks of (4,8,1) and (36,9,9) (C), correlation of warpage values between experiment and prediction with the networks of (4,8,1) and (36,9,9) (D), warpage values of experiment and prediction with the networks of (4,8,1) and (36,9,9) (E), deviation of warpage values between experiment and prediction with the networks of (4,8,1) and (36,9,9) (F).
4 CONCLUSION
This work investigated the local thermal warpage deformation of a PP injection-molded flat part by developing a unique experimental mold with nine local heating sections in the moving mold plate. Injection molding experiments without local heating, with one local heating section and two local heating sections, were respectively conducted. The highest temperature was always in the middle of the part due to the effortless heat concentration and slow dissipation. As one local heating section was turned on, the highest temperature was 97.15°C, corresponding to the most significant warpage deformation of 1.09 mm at the same section V and experiment No. 5. The results indicated a positive correlation between the local temperature and warpage. However, it was nonlinear, and the correlation R2 was not very high. The numerical simulation was conducted, and the prediction accuracy on temperature was high; R2 was around 80% versus experimental temperature. However, the simulated warpage values were not close to the experimental values. The warpage deformation as two local heating sections were turned on was significantly enhanced, indicating that more heat concentration leads to more significant deformation. The combination of heating the middle section and the section far from the gate can cause the largest warpage, 1.683 mm. The smallest warpage of 0.217 mm was realized by heating the section far from the gate, which created a balanced heat distribution. It demonstrated that the local heating technique can control the deformation. Further, neural network modeling based on machine learning was conducted, and two network models (4,8,1) and (36,9,9) obtained high interpolation accuracy (74% and 97%, respectively). The network (36,9,9) was considered a good model structure for predicting local warpage deformation, but it is not suggested for extrapolation because of the significant prediction deviation.
This innovative fusion of local thermal heating techniques and neural network modeling advances the theoretical understanding and paves the way for the development of accurate prediction models. Such advancements hold immense promise for optimizing manufacturing processes and facilitating the creation of injection-molded parts with enhanced precision and reliability. The presented method can be further applied to warpage deformation control, which will be our future research work.
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