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Abstract


Defects are a leading issue for the rejection of parts manufactured through the Directed Energy Deposition (DED) Additive Manufacturing (AM) process. In an attempt to illuminate and advance in situ quality monitoring and control of workpieces, we present an innovative data-driven method that synchronously collects sensing data and AM process parameters with a low sampling rate during the DED process. The proposed data-driven technique determines the important influences that individual printing parameters and sensing features have on prediction at the inter-layer qualification to perform feature selection. Three Machine Learning (ML) algorithms including Random Forest (RF), Support Vector Machine (SVM), and Convolutional Neural Network (CNN) are used. During post-production, a threshold is applied to detect low-density occurrences such as porosity sizes and quantities from CT scans that render individual layers acceptable or unacceptable. This information is fed to the ML models for training. Training/testing are completed offline on samples deemed “high-quality” and “low-quality”, utilizing only features recorded from the build process. CNN results show that the classification of acceptable/unacceptable layers can reach between 90% accuracy while training/testing on a “high-quality” sample and dip to 65% accuracy when trained/tested on “low-quality”/“high-quality” (respectively), indicating over-fitting but showing CNN as a promising inter-layer classifier.
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1. Introduction


Due to advances in the Additive Manufacturing (AM) process, an increase in new manufacturable products and designs have entered the market at a rapid rate. AM has revolutionized manufacturing because of its ability to streamline production parts from computerized models to market, reduce waste, utilize a variety of materials for production, and print harsh complexity demands. The layer-by-layer process of producing 3D objects through computer-aided design (CAD) was developed in the 1980s and called ‘rapid prototyping’ [1]. It was originally intended as a means to create a specimen quickly as a prototype or basis model upon which further models would eventually develop towards a final product [2].



AM is a method currently best suited as a rapid prototyping technique due to engulfing issues of quality consistency, thermal stresses, and internal defects and distortions which cannot be seen from part surfaces [3]. Growth and demand in the AM area suggest a need to transverse AM into a mass production technique while maintaining its versatile production capabilities. Compared to traditional manufacturing processes (subtractive manufacturing, injection molding, etc.), the AM research area is still relatively new and in need of in-depth investigation. The AM process possesses many advantages over traditional forms of manufacturing and can be a viable solution when conventional methods of manufacturing are not approachable. One major advantage AM has over traditional manufacturing methods is the use of designing and producing highly complex parts. As the complexity of parts increases, the price of manufacturing those parts with conventional methods increases in a similar fashion [4] however, this is not the case with AM. The cost to produce highly complex parts is drastically reduced when compared to conventional methods, such as AM produced jet engine manifolds [5]. In addition to reduced cost, AM processes have the potential to become fully automated. Research has demonstrated a strong desire to develop fully automated metal AM techniques with rapid modeling capabilities to reduce the potential of defects and ensure quality standards of parts is achieved [6,7]. In [8], Panchagnula and Simhambhatla highlight the ability of the metal AM process to produce complex designs including sudden overhang features (features that are perpendicular to the deposition direction or nearly horizontal features) without support material. The technique consists of re-orienting the workpiece and/or the deposition head upon every instance using higher order kinematics. The sudden overhang is identified from a CAD model and an orthogonal tool path is generated. While the variety of manufacturable products and designs has increased, Cyber Manufacturing (CM) systems have become a necessity for the success of Industry 4.0. The fourth industrial revolution merges both physical and digital technological concepts including analytics, robotics, additive manufacturing, artificial intelligence, advanced materials, natural language processing, high-performance computing, cognitive technologies, and augmented reality [9,10]. As a result, AM has developed into a manufacturing technology fueling Industry 4.0 and in [11] a comparison of several popular processes is reviewed in detail. This interest has sparked a tremendous amount of research efforts to improve and develop new methods for monitoring and quality control of workpieces during AM building [12,13,14,15,16,17,18].



Manufacturing methods for AM vary in advantages and disadvantages which we direct the reader to [11] for a thorough analysis of the techniques. Directed-energy deposition (DED) is a technique where thermal energy is used to melt material during deposition [11]. During the DED operation, metal powder (or wire) is injected from the feedstock which is melted via a laser or electron beam and deposited on top of a substrate [19]. This particular method produces high-quality parts and possesses a high degree of controllable grain structure. The traditional form of the DED process is used with a wire feedstock drawing inspiration from the traditional welding process. The other technique that utilizes powder flow from the feedstock is called Laser Engineered Net Shaping (LENS) [20]. In our study, we utilize Laser-based Directed Energy Deposition (LB-DED) with a powder flow method for the production of metallic workpieces.



Performance of parts is highly contingent upon which AM process is selected for production. The AM process is critical for desired mechanical properties in layer-produced parts, as seen in the study by [21], tensile and impact strengths are strongly dependent on the layer building direction. Recent studies are focused more on nondestructive internal dynamic defect monitoring (or quality monitoring) of metallic parts [19,22]. One major issue with part defects is the presence of undesired cracks and low-density occurrences such as porosity. Researchers demonstrate a heavy interest in methods to identify and classify these malfunctions to avoid part defects [23,24,25,26,27]. Acceptable low-density occurrences such as porosity numbers and sizes vary based on the application. Most applications aim to limit the size and number of low-density occurrences in parts to produce fully dense specimens. Other literature shows that low to no density occurrences and cracks that are accumulated throughout the build process negatively hinders parts and causes defects [28,29]. With this theme in mind, our focus was to create a process in which we can monitor and possibly control low-density occurrences such as porosity sizes and numbers.



In-situ monitoring for workpiece quality is a popular topic in the AM community. There have been studies that aim to measure printer parameters in real-time to quantify changes in the printing conditions [30]. Neural Networks (NN) are being used for a variety of in situ applications. For example, data-driven Artificial Neural Networks (ANN) have been used in an attempt to predict characteristics of porosities in a part based on features during the build [31]. The study conducted in [31] demonstrates a framework of how NN’s can be used for the evaluation of low-density occurrences from real-time datasets. Faulty parameters lead to the possibility of pronounced porosities, cracks/corrosion, and internal residual stresses in the workpiece [32,33]. Research demonstrates a great desire to monitor porosity in real-time because a specimen with pronounced low densities (porosity) will often exhibit poor mechanical performance [34,35]. As a result, research has trended towards using acoustic emission for identifying cracks/corrosion in real-time [33,36,37]. Since acoustic emission data is rich, these investigations use Deep Learning (DL) techniques for prediction.



There is a scarcity of literature focused on classifying layer quality with a real-time evaluation model based on layer features. In addition, we believe understanding the issue as a time-series component could lead to an acceptable method of determining how or if a poorly produced layer in the incipient stage of a print has drastic effects later on in a print causing multiple poor layers resulting in workpiece defects. Where [21] focused on mechanical properties to provide insight into manufacturing principles of the AM process, this study is focused on creating a benchmark and providing insight into the features that most affect internal quality at the layer level of the LB-DED process. Based on an adjustable threshold, we have developed a method that classifies layers as acceptable or unacceptable based on low-density occurrences such as porosity size and quantity. We seek to examine and illuminate this complex problem and provide insight into classifying layers based on only print features during the build process.



The novelty of this investigation is two-fold. First, we utilize a synchronously collected in situ dataset with a low sampling rate in conjunction with an ex-situ evaluation based on CT scans of parts to create a labeling dataset. Second, a DL algorithm classifies inter-layer quality through the build process of a part based on in situ input data and ex-situ labels. In this study, a CNN is trained offline on a sample deemed ‘high-quality’ (sample 2) and tested on the same sample. Next, using the mappings learned from the process parameters of building a high-quality part, the model tests on a sample deemed ‘low-quality’ (sample 1). This process is repeated for sample 1. This method also consists of (a) collecting a dataset of structural specimens with defects (unacceptable discontinuities), (b) extracting features for use in the algorithmic approach, (c) developing an advanced DL technique highly sensitive to process parameters in the build process to identify and classify defects during layer construction of specimens, and (d) testing layer classification capabilities of the advanced DL model on sequential data from two samples. This investigation demonstrates promising results for the possibility of implementing a data-driven classification CNN model for the use of DL during the LB-DED process to ensure defect-free parts are produced.



The following literature presented primarily focuses on DL techniques for classification during AM prints based on avoiding porosity and/or cracks/corrosion in a real-time data sphere. Therefore, several subsections divide the following topics: (1) layer-wise feature monitoring, (2) classification of porosity methods, and (3) DL techniques for quality monitoring of AM workpieces.



1.1. Layer Level Feature Classification


Literature has investigated layer-by-layer evaluation for material extrusion methods [38,39] and DED applications [40]. In [38], Wang et al. focus on residual strain issues that occur during the extrusion process. In the investigation, researchers measure the solidification-induced residual strain distribution via a novel optical backscatter reflectometry (OBR) based fiber-optic sensing system was embedded to measure distributed residual strains. Jin, et al. create a self-monitoring system with real-time camera images to evaluate interlayer imperfections during the build process for a fused deposition modeling (FDM) print [39]. Researchers trained a CNN that was capable of predicting delamination and warping issues in real-time with an accuracy of 97.5%.



Other studies have focused on layer evaluation techniques involving image-based detection systems. Gobert et al. investigated layer-wise image-based evaluation for defect detection during metallic powder bed fusion with supervised ML [41]. The technique included using a high-resolution digital single-lens reflex camera to capture images at each layer during a build process. Using a Support Vector Machine (SVM), features are extracted from the imagery dataset and classified as either a ‘flaw’ or ‘normal’ class. These two classes are used to represent either an “undesirable interruption in the typical structure of the material or a nominal build condition” (respectively) [41]. The authors utilized ex-situ CT scans to identify incomplete fusion, porosity, cracks, or inclusions and successfully built a 3D high-resolution dataset of defects. The SVM was capable of detecting defects in situ with greater than 80% accuracy. Another study employed a similar tactic of utilizing high-resolution optical imagery to detect defects in situ during a metal AM build process [42]. In this investigation Abdelrahman, et al. focuses on Lack-of-fusion defects from parts built using the PBF approach. In this approach, the algorithm is designed to create a 3D volumetric image of defects that is then compared to a computer-aided design (CAD) model to determine sensitivity and specificity metrics. In total, 28 intentional defects were placed throughout the part varying in size and shape. Sensitivity was calculated as 0.915 and specificity calculated as 0.840. In [43], Davtalab et al. developed a CNN that was capable of detecting deformations in large-scale AM concrete construction. The technique uses a segmentation process by applying a binary mask to RGB input images to extract concrete layers. Defects are detected with 97.5% accuracy.




1.2. Porosity Monitoring


Most research agrees that porosity can be divided into three categories which are (1) keyhole, (2) gas pores, and (3) lack of fusion [31,44]. A keyhole porosity occurs when there is an excess in the energy density in the melt pool, typically as a result of high LP and low scanning velocity, as a consequence the melt pool becomes deep with a depression zone of vaporized material [45]. Gas porosities are created as a result of the entrapment of vapors within the melt pool [46]. If a substrate or preceding layer experiences insufficient penetration from the melt pool of a succeeding layer, Lack of fusion may be produced [47,48].



1.2.1. Post-Processing Evaluation


In this section, we define X-ray computed tomography (XCT) and Ultrasonic testing methods of usage pertaining to AM. XCT is defined as a method of establishing 3D representations of objects through obtaining X-ray images centered around an axis of rotation and developing 3D models through mathematical image reconstruction algorithms [49,50,51]. Between 2010–2014, XCT became a well-established method for measuring porosity by comparing empty voxels [52]. It has since developed into a common nondestructive testing method [53,54,55,56]. In [56], an ML classifying technique is used for evaluating porosity segmentation and a benchmark is established by examining disparities in porosity segmentation within XCT scans.



Ultrasonic testing (UT) has been used for assessing damage in metal parts and manufacturing processes [57,58]. Specifically, DL is used in [59] for ultrasonic testing for porosity evaluation of additively manufactured components. During UT application, ultrasonic waves are emitted into a workpiece [58]. The ultrasonic waves interact with any flaws in the workpiece and detect and evaluate defects to ensure the integrity of the workpiece [58].



A unique image-based post-processing technique was used in [60], where authors collected a large database of image-based defects. These images were classified into ’good quality’, ’crack’, ’lack of fusion’, and ’gas porosity’ to create a set of labels that were then input to a CNN. Cui, et al. reported that the CNN was able to classify the types of defects with upwards of 92.1% accuracy with 8.01 milliseconds of computer time recognition.




1.2.2. In-Situ Based Methods


Research has also focused on image-based methods for in situ monitoring during metal AM applications [61]. Zhao et al. created a real-time approach to defect detection through the use of high-speed synchrotron hard X-ray imaging [62]. During the study, insight is provided into the formation of defects by tracking the motion of powder particles and observing melt pool as a function of laser heating in an attempt to observe the structure underneath the surface. Authors demonstrate that the approach indeed is capable of observing the melt pool development in real-time. The approach consists of using a pseudo pink beam that impinges upon the powder bed directly above the sample while the X-ray penetrates the sample from “the side”. Then, imaging and diffraction detectors collect the distance of each component and is labeled. One particularly insightful finding is the author’s observed the processes of the molten metal spreading during melt pool creation due to continuous laser heating. In doing so, the cavity depth and strong oscillation behavior is observed that occurs under the surface in real-time [62]. In [33], research is conducted through the use of acoustic emission (AE) for in situ quality monitoring of pores in the building of a workpiece. Unlike the XCT method for detecting and characterizing pores, AE is a technique performed as the build is progressing. AE is an advantageous method due to the acoustic signatures which possess potential robustness and richness of data pertaining to the material properties, process conditions, outliers in the data, and defects [36]. Research has been conducted in an attempt to improve the strength of AE during monitoring applications [63]. In the study, Zhensheng, et al., aim to improve upon weak AE amplitude, especially when the signals are diluted due to environmental noise. In [64], a nondestructive technique is used for acoustic measurement during quality monitoring of machine and material state AM process.



Many of these methods are centered around anomaly detection frameworks based on a preset threshold. Popular-visual based methods for measuring porosities are infrared thermography and optical tomography. In [65], researchers introduce a new contactless off-axis thermal detection monitoring arrangement. In the study, two cameras were used simultaneously for thermography and optical tomography.





1.3. DL Application in Quality Control of AM


The following highlights current research in the in situ AM community with a focus on quality monitoring through the use of DL techniques based on in situ models.



1.3.1. DL Definition


Artificial Neural Networks (ANN) are a type of Machine Learning (ML) technique that is modeled and inspired by the brain [66]. These networks mimic the learning process through a technique called back-propagation that optimizes weights in the network [67]. DL networks are an advanced version of ANN and rely on a feedforward network to approximate some function   f *   [68]. DL networks get their name from having a chain of functions which are algorithmically deeper than the standard ANN with a connected final layer called the output layer [68]. In essence, DL networks are very large versions of ANN.



DL has become popular in part due to advancements in computational power and the addition of advanced activation functions [69,70,71]. One such activation function is called Rectified Linear Unit or ReLU. The ReLU function is mathematically represented as:


   a  i , j , k   = m a x  (  z  i , j , k   , 0 )   



(1)




where,   z  i , j , k    is the input of the activation function located at   ( i , j )  . A particular type of DL that has successfully been employed for classification experiments is Convolutional Neural Networks (CNN). CNNs are used for a variety of applications including time-series (1D grid) and imagery (2D grid) [68]. In this investigation, we treat the data as a time-series and utilize it for a 1D CNN algorithm. Other activation functions include the hyperbolic tangent (tanh) and sigmoid functions, the sigmoid is used in the CNN model during this investigation for the dense layer. The tanh and sigmoid functions are defined in Equations (2) and (3) (respectively) as [72]:


  t a n h  ( x )  =   s i n h ( x )   c o s h ( x )   →    e x  −  e  − x      e x  +  e  − x      



(2)






  g  ( x )  =  1  1 +  e  − x      



(3)







One advantage to the tanh function is that its range outputs between   − 1   and 1 for real values of the input x [72]. The main advantage of the tanh function compared to the sigmoid function is that the hyperbolic has a steeper derivative however, neither of these functions work well with deeper networks for convolution [73]. The sigmoid function is commonly used in the last or ‘fully connected’ layer in classification problems because it outputs 0 or 1.




1.3.2. DL for Quality Inspection


Quality monitoring has been utilized for identifying or detecting and classifying defects of AM workpieces. In [74], a DL approach is used for identifying small process shifts. Recent literature demonstrates a desire for quality monitoring systems in AM processes through the use of DL techniques. Many of the methods recently published are focused on real-time defect detection via acoustic emission and some have begun to introduce Convolution Neural Networks (CNN) and many variations of the network to predict part defects [28,33,36,37,75,76]. Although there have been investigations focused on evaluation of the printing parameters of an AM building process. In [77], Chaudhry and Soulaïmani showcase an ML framework that analyzes the sensitivity and uncertainty in Selective Laser Melting (SLM) build process, which allows the optimization of printing parameters.



In [33], researchers utilize acoustic emission for in situ quality monitoring that combined with machine learning. In the study, acoustic features are extracted and classified as ‘poor’, ‘medium’, or ‘high’ porosity using a spectral CNN (SCNN). Researchers report a confidence interval of 83–89% for porosity classification. Taheri, et al. investigate the use of K-means clustering algorithm for classification of different process conditions during in situ AM quality monitoring [36]. Classification through the use of K-means clustering ranged from 70 to 90%, depending on the process condition. In [76], Yang, et al. establish a method for detecting part defects with a single short detector network (SSD). Mi, et al. investigate quality monitoring during a laser-based DED manufacturing process utilizing a CNN [78]. During the study, Mi et al. train a Deep CNN to observe defects through imaging and showcase how the predictive model detects defects with up to 94.71% accuracy. Li et al. present a deep learning-based quality identification method that image-based detection with low-quality (noisy and blurred images) data as inputs [79]. In the investigation, authors display a model capable of functioning with the semi-supervised, low-quality dataset. Some inputs are labeled and some are non-labeled to mimic real-world imagery. This approach separates itself from other approaches seen in the literature by exploring supervised and unsupervised data for in situ quality monitoring.



This study investigates the layer-by-layer classification technique using a DL method that treats the real-time data as a time series dataset. Predictions are made based on a data-driven technique focused mainly on the parameters within each layer that are highly responsible for layer quality. We have developed a DL method for detecting good and bad layers based on post-process XCT porosity analysis resulting in classifying layers as good or bad. This study aims to provide insight into the effects and influences of in situ sensed or measured features and AM parameters on bad layers and how they render a part low-quality during the DED process.






2. Methodology


2.1. Experimental Setup


Inconel 625 samples in the form of hollow cylinders were fabricated by FormAlloy using a FormAlloy L2 metal AM system, seen in Figure 1 [80]. Here, we show a general depiction of how the metal AM process functions and how data is observed/recorded. Powder nozzles allow for the flow of the powder stream that contains powder particles. Once the stream comes into contact with the laser beam, the particles melt and are deposited onto the substrate. This process occurs under the surveillance of the MPS camera. The L2 metal AM system is a DED machine that uses a laser as the heat source and metal powder as the feedstock. The L2 system used is equipped with a continuous wave (CW) fiber laser with a maximum output power of 2 kW and a focused spot diameter of 1.2 mm. The system has a maximum build volume of 200 × 200 × 250 mm. In terms of in situ sensing hardware, a Melt Pool Size (MPS) camera was set in-line with the path of the laser and measures the width of the moving melt pool during the printing process. This provides users with a real-time measurement of the melt pool dynamics.



Each cylinder has the following features: (1) 1.2 mm wall thickness, (2) 51 mm height, and (3) 13 mm diameter (Figure 2). To generate the tool path a CAD model was imported into a DED tool path generation software and certain parameters (such as laser power, feedrate, and slice/layer thickness) were set. As a baseline, laser power and feedrate were set at the FormAlloy developed values of 225 W and 1000 mm/min, respectively. Each layer thickness was set the same for both samples and a total of 284 layers (0.18 mm individual layer thickness) were generated to manufacture the samples. The software then generates a G-code file which can be uploaded on the FormAlloy L2. The Inconel 625 powder was sourced from Praxair Surface Technologies (product Ni-328-17) with a particle size distribution between 45 and 106 microns [81]. The parts were printed on a steel substrate with a thickness of 6.35 mm. One sample was built in an open loop where the operator was manually adjusting LP, feed rates (scan speeds), and powder disc speed (controls the powder mass flow rate), to complete the build. An MPS sensor was used in this build to record the width of the melt pool during the build process. The waviness found in open loop sample can be attributed to uneven part temperatures as the sample was being built. For the second sample, the MPS sensor was enabled in closed loop mode, which will adjust the LP based on a targeted MPS. This build was able to be completed with minimal user interaction and higher quality.




2.2. Data Collection and Pre-Processing


The following section details the data collection and evaluation process. Figure 3 is a design diagram that describes how the different datasets were organized in the experiment and organizes the process into 4 blocks with 3 phases (data collection, preparation, and analysis). The first block (top left) in Figure 3 refers to how the process parameter dataset was collected in real-time. All process parameters (MPS, Laser Power, etc.) were collected during an actual print and recorded for each layer of the print. After the part was completed, a dataset was created from ex-situ computerized tomography (CT) scans to determine low-density occurrences (based on a threshold) at each layer. The ex-situ process is highlighted in Figure 3 (second block bottom left) and was used to create binary labels of “acceptable” (0) or “unacceptable” (1) layers based on an adjustable threshold and were appended to the process parameter dataset. The focal spot size of the CT scanner is 13.92 microns and it can make enough resolution to discern critical porosities in each layer. Once the dataset was pre-processed and prepared inter-layer feature importance and correlation analysis was conducted, as shown in the third block of Figure 3. Finally, inter-layer feature analysis was performed through the use of an advanced DL technique shown in the fourth block of Figure 3. Additional ML classification techniques were used to classify inter-layer quality of the build using features only and compared to the CNN model in Section 3.



Once both samples were printed, the data generated from the process that features the process parameters and the sensor signatures were used in a post-process analysis. In parallel, the samples were removed from the plate with a wire EDM step and sent to undergo an XCT scan to detect porosity and the location of identified pores.



XCT is defined as a method of establishing 3D representations of objects through obtaining X-ray images centered around an axis of rotation and developing 3D models through algorithms [49,50,51]. Between 2010–2014, XCT became a well-established method for measuring porosity by comparing empty voxels [52]. It has since developed into a nondestructive measuring technique [53,54,55,56].



Table 1 lists all the AM parameters collected synchronously during the AM process of these samples.



During the builds of the two samples, around 15–23 data points were collected at each layer (for layers in the uniform portion of the cylinders). The sampling rate was around 0.125 s (8 Hz). In the initial stage, we removed the AM parameter data that (1) is statistically insignificant, and (2) physically may not affect the quality of the part. This resulted in two separate datasets, one containing process parameters during the AM build process and another containing the CT scan features for each of the parts. The raw AM dataset was loaded using the Python pandas package [82] and resulted in a data array of 31 predictors and one response (binary labels of 0 or 1). All 284 layers are utilized in the dataset with each layer containing multiple data points (4950 data points in total for each feature), resulting in a data array of size 31 × 4950 for sample 1 and 2. Labels were created from the CT scan dataset and an adjustable threshold, discussed in Section 2.3. The CT scan dataset contains 33 columns of features and 453 data points for each feature, resulting in a data array of size 31 × 453 for sample 1 and 2. A program was developed to visualize these parameters along with sensed features and data. Figure 4 and Figure 5 isolate the eight synchronously collected parameters during the inter-layer build process of sample #2.



In Figure 6, we display the porosity quantities and sizes at the inter-layer level during the build process of workpiece #2 from the CT scan dataset. We can see most of the larger porosities are located between layers 10 to 160.




2.3. Criteria for Layer Classification


Two criteria were proposed for classifying layers into acceptable or unacceptable classes. The first criterion is based on the maximum diameter of the detected low-density indications, such as porosities. The second criterion was based on the quantity of low-density areas, such as porosities within each layer. The criteria are adjustable to fit different applications based on the required standard. For our investigation, we determined that layers with either low-density indication diameters larger than 0.2 mm or if the number of times a low-density occurrence is identified in a layer exceeds 5, that layer is identified as unacceptable. Figure 7a,b reflect the threshold and ultimately the label feature associated with our classification model. In the bar chart, layers colored in red were deemed unacceptable and green layers were deemed acceptable. As labels, unacceptable layers were appended as 1 and acceptable layers appended as 0.




2.4. Feature Importance and Selection


To our knowledge, the importance of features in a layer-by-layer classification method have not been quantified yet. The synchronous data collection method that we employ for collecting process parameters in real-time allows for the possibility of exploring inter-layer feature relationships. Therefore, we have tested several methods for importance quantification including (1) Decision Tree (DT), (2) Random Forest (RF), and (3) XGBoost (XGB) and compare these results. We value the RF ensemble method for feature importance quantification and use RF for baseline classification comparison to the CNN model. For the RF model, we use feature selection to reduce the feature dataset when predicting only with the RF technique. Feature selection was not utilized for the SVM or CNN models. The five most important features are used as the only variables input into our RF classification experiment. Results are reviewed in Section 3. However, the main focus of our feature analysis is to determine which features are most important for classification and to explore relationships among features at the inter-layer level. These results are displayed in Section 3.1.



Literature defines feature selection as the development of reducing a subset of an originally complete feature dataset using a feature selection process [83]. Whenever a dataset is deemed highly dimensional or dynamical (or both), it is advantageous for the experimenter to reduce the workable dataset, especially when features are highly correlated. By performing feature selection, the overall experiment reduces computation time, improves prediction performance, and allows for more comprehension of results in a ML or pattern recognition investigation [84].



Inter-Layer Importance Quantification


Classification and Regression Trees (CART), also known as Decision Trees (DT), ML techniques utilized for creating prediction models from data [85]. The Gini index is a measure of impurity between the probability distribution and the target attributes values [86]. In the case of classification DT models, it is common to utilize the gini index cost function especially in situations where the domain of the target attribute is not wide [86]. Gini index for a given node in a binary classification problem is defined as [87]:


   p 1   ( 1 −  p 1  )  +  p 2   ( 1 −  p 2  )   



(4)







Here,   p 1   and   p 2   represent Class 1 and Class 2. When the Gini index is calculated it reports a Gini score to determine splits based on the purity of the classes. As an example, a perfect separation of classes will result in a Gini score of 0. After the Gini score evaluates the cost of the split, each value within the dataset is evaluated as a candidate for splitting. Once the algorithm finds the best split a node is created, the first node created is typically called the root node. The tree is grown by repeating this process. The user can establish how large the tree will grow based on stopping rules.



The Random Forest (RF) technique is an ensemble method with advantageous capabilities compared to other ML techniques due to its robustness, accuracy, and easily interpretable results in the form of ranking [88]. RF was introduced by Breiman in [89] and is used for reducing variance and utilizes bootstrap aggregation (bagging) to comprise a mean about noisy and unbiased models [90]. The process begins by connecting multiple decision trees in which random selection of input variables bootstraps on a dataset. This forms a forest of classifiers that vote for a particular class and de-correlates the ensemble of decision trees without increasing the variance [91]. Another feature of this method is that RF introduces randomness to the tree-growing process. RF selects m variables by randomly pulling from p variables so that   m =  p   . Once a tree model is trained random splits are generated and selected from the original predictors. The predictor with the best potential is selected and the data is partitioned from that predictor. Then, standard tree rule stopping is employed and pruning is not performed. The driving force behind this process is the predictor, mathematically represented as [91] (for classification and regression, respectively):


    C ^   r f  B   ( x )  = m a j o r i t y  v o t e   {  (   C ^  b   ( x )  )  }  1 B   



(5)






    f ^   r f  B   ( x )  =  1 B   ∑  b = 1  B   T b   ( x )   



(6)




where B is the total number of trees that we are predicting on a new point x. An essential aspect of this project was to identify the most influential features during a build process that have the highest impact on part defects. It was necessary to determine which features based on individual layer parameters are most useful for accurate predictions of acceptable and unacceptable layers.



Extreme gradient boost (XGBoost) is a tree boosting ML system that is largely scalable and used for applications like data-driven prediction [92]. Chen and Guestrin, the inventors of XGBoost, ”proposed a sparsity aware algorithm for handling sparse data and a theoretically justified weighted quantile sketch for approximate learning” [92]. The algorithm is a highly scalable end-to-end tree boosting system. The weighted quantile sketch works by approximating candidate split points as a rank:


   r k   ( z )  =  1   ∑   ( x , h )  ∈  D k    h    ∑   ( x , h )  ∈  D k  , x < z   h  



(7)




where,   r k   is the rank function,   D k   is a multi-set dataset    D k  =  {  (  x  1 k   ,  h 1  )  ,  (  x  2 k   ,  h 2  )  . . .  (  x  n k   ,  h n  )  }    with x predictors,   h i   are weights, k is a feature value, and, ∈ is an approximation factor. Chen and Guestrin state that ”most existing approximate algorithms either resorted to sorting on a random subset of data which have a chance of failure or heuristics that do not have a theoretical guarantee”. To address this issue they introduce ”a novel distributed weighted quantile sketch algorithm that can handle weighted data”. Using the exact greedy algorithm is computationally expensive to create splits upon continuous features. An approximate algorithm is used to split upon features based on percentiles of feature distribution. From there, maps are created to place continuous features into buckets split by the established candidates. The best solution is determined based on proposals of aggregated statistics.



The advantage of using these three feature analysis algorithms is that scores can be reported as importance values. In Section 3.1, a thorough comparison of the techniques is discussed.





2.5. DL Networks


Traditional ML tasks are used for a variety of applications but were limited in the past based on their capacity to process natural data in raw form [66]. For this reason a method was needed to automatically handle natural data in raw form. DL techniques thrive at this due to the ability of the algorithms to utilize a general-purpose learning procedure and allow the algorithm to create layers of features instead of humans [66]. We have set this experiment up in a supervised learning fashion. This implies that we supplied each observation with a label [68]. The following section describes the details of the methodology of how we constructed, trained, and tested our DL technique.



2.5.1. Networks and Performance Metrics


Convolutional Neural Networks (CNN) introduced in [93] and popularized in [94], are a specific type of NN used for processing data that has a known grid-like topology [68]. These networks have also been utilized for time-series classification in conjunction with Convolutional Neural Networks (CNN) [95]. When applying a supervised algorithm the typical aim is to optimize the weights and biases   ( w , b )   and ultimately reduce the error between predicted (  y ^  ) and actual (y) values. Binary cross-entropy (BCE) loss has been utilized across many ML applications for assessing the difference between a predicted label and a true label of CNN models for classification [96,97,98]. This experiment aims to minimize error, ergo the cost (sometimes called loss) function utilized to optimize error of the CNN is [96]:


  L =  ∑ x  −  (  T x  log  P x  +  ( 1 −  T x  )  log  ( 1 −  P x  )  )   



(8)




where, T is the true label,   T x   is an individual element of that label, and P is the prediction of the output and   P x   is a single element of that particular prediction.



The confusion matrix   C  i , j    is defined in Table 2:



Where   C  i , j    represents the i actual observations and j predictions. True Positive (TP) occurs when the sample is positive and predicted to be positive. True Negative (TN) takes place when a negative case occurs and is predicted to be negative. An occurrence of False Positive (FP) errors happens with an actual negative case predicted positive (Type I error) and False Negative (FN) error occurs when an actual case is positive and prediction is negative (Type II error). Some situations may prepare for Type I and Type II errors differently. Prediction models can be ‘adjusted’ to reduce Type II errors which in turn could allow for more Type I errors and vice versa. In our case there is not a detrimental effect of either of these errors, so we do not penalize our prediction model to account for the errors.



We define performance metrics from the binary confusion matrix as [99]:


  A c c u r a c y =   T P + T N   T P + T N + F P + F N    



(9)






  S e n s i t i v i t y =   T P   T P + F N    



(10)






  S p e c i f i c i t y =   T N   T N + F P    



(11)








2.5.2. Classification Network Structure


First, we train a DL network that does not consider time dependency and therefore order of arrival of each data point is not a concern. The focus of this network is to determine if patterns can be recognized in the data features and provide a comparison to the CNN model. Figure 8 displays the CNN architecture used for classification process of layer-wise dataset.



A typical CNN structure is constructed with a convolutional layer which contains filters (F) and activation functions (g) [99]. The activation function used for both convolutional layer stacks is the ReLU function from Equation (1). In our network, we stack two convolutional layers which then feed to a pooling layer. By stacking the two convolutional layers we theoretically create a hierarchical decomposition of the raw input data [100,101,102,103]. Output from the convolution stack is fed to a max pooling layer. Max pooling is used in our network mainly due to better performance when compared to average pooling [104]. This layer reduces the spatial size by extracting feature maps through means of downsampling (reduction of parameters). Since we have a single model, research suggests the proper method to reduce over-fitting in single, fixed-size models is by applying the dropout technique [105]. Therefore, the feature map is then applied to dropout set to 0.25, meaning 25% of the inputs are dropped. This process is repeated (and can be repeated as many times as specified) upon which the feature map reaches the fully connected (dense) layer and is flattened (transformed into 1D). During this layer a multi-layer perceptron (MLP) is fit on the feature map.



Raw data from sample 1 and 2 were imported to the classification model in the comma-separated value (.csv) format. Then, each dataset is cleaned and prepared with the removal of rows lacking values or containing empty cells (NaN) and unnecessary columns. Once the cleaning was complete, the data was normalized between a range of (0, 1). Next, the data was reshaped and prepared for training on a 75/25 split (training/testing, respectively). Using Keras [106] and TensorFlow [107] packages in Python, the model is formatted to a sequential model with Conv1D layers which creates a convolution kernel that is convolved with the input through a single spatial dimension to create tensors of outputs. All experiments were run on an Intel(R) Core(TM) i7-10700 CPU @ 2.90GHz, 2.90 GHz with 64.0 GB of RAM. The raw data, after cleaning, has 4950 rows   ( n )   and 11 features   ( p )  . Raw data was reshaped into a 3D tensor with the shape of (time steps, features, sample). A reshape function from the numpy library [108] is executed that accepts a tuple argument and we train one sample at a time so the data now takes the form:   [ X t r a i n [ 0 ] , X t r a i n [ 1 ] ]  . Experiments are run through 100 epochs with a batch size of 16 for both samples, testing is performed on each sample. During training, the model slices the inputs into batch sizes then iterates over a user specified number of epoch cycles. The model iterates over the validation dataset computing the validation loss at the end of each epoch. Using Equation (8), the error is calculated at the end of each epoch. We use the sigmoid activation function to perform binary classification on the output vector. During back-propagation we utilize the standard gradient decent algorithm optimized by Adaptive Moment Estimation (ADAM) [109].






3. Results and Discussion


In this study, the use of a specific material and geometry does limit the generalizability of the results obtained. Presented here are specific results that lend credence to the methodology developed. Generalizability, if it is a realistic proposition, will come from a continued study including multiple geometries and materials all under this data-driven paradigm. The following section evaluates these results obtained during experimentation.



3.1. Tree-Based Feature Importance


Using RF technique, we produced feature importance charts. During this method, importance measures determine the split when growing a decision tree. Figure 9 depicts the relative variable importance of the most influential features for predicting good layers in the DED process for (a) A Single Decision Tree, (b) An Ensemble of Decision Trees, and (c) XGBoost technique. Intuitively comparing DT and RF importance values suggests that the values measured from RF are more reliable. Therefore, we select features from RF to feed into our CNN model. The barchart from XGBoost technique is slightly more nontransparent since there is a clear bias towards contour flag and other features are not considered important.



Importance values calculated from RF technique show that the five most influential features are, (1) LP (0.19), (2) MPS (0.18), (3) SLED (0.18), (4) ET (0.13), and (5) PCG (0.12). Figure 10 demonstrates the features upon which the RF selected for splits. During this ensemble we restricted the RF to 3 levels as to not overgrow our model and lose interpretability. The main root begins by splitting upon the LP feature which splits at a value of 362.5 W. From there, two branches are created. Samples less than or equal to 362.5 W split to the left branch and samples with higher LP values split to the right. The left branch splits upon LP again at a value of 286.2 W. Samples with values less than 286.2 W move to a branch (left) dictated by the PDS which splits at a value of 1.1 RPM, while samples with a value greater than or equal to 286.2 W filter to another branch dictated by LP at a value of 289.5 W. Both of these branches lead to leaf nodes. Moving back to the root node, if a sample has an LP value more than 362.5 W it splits to the right branch. This branch is decided by MPS at a value of 1.3 mm. Samples with MPS less than or equal to 1.3 mm are organized to another branch predicated on PDS and move to a leaf node depending on corresponding PDS values. If a sample possesses MPS greater than 1.3 mm they are split to a branch based on SLED. These samples then are split into leaf nodes. Most samples (1180 + 1120) are filtered down the path that splits upon LP   < =   362.5 W → LP   < =   286.2 W→ PDS. Samples following that path are all deemed good. When we evaluate XGBoost and the bias it has towards contour flag further with the heat map in Figure 11, we can see a possible explanation. There are several features highly correlated with the contour flag feature. These same features (LP, MPS, and SLED) are measured as highly important from the RF algorithm.



Table 3 showcases the measures of importance from each of the three feature selection techniques. We understand that the RF technique provides more confidence in the splits compared to the decision tree method since RF is an ensemble of trees. Thus, for this reason we do not consider the measures from the decision tree for feature reduction. The XGBoost technique was eliminated from consideration due to poor results. In the XGBoost, the model predicts that most of the importance comes from the CF feature (0.44). The remaining features carry little to no weight which is not useful for this investigation.



Figure 11 shows the correlation amongst the 8 most correlated features in the experiment. The features with the most correlation are SLED and LP with a positive relationship of 0.97. This relationship demonstrates almost a direct linear and positive trend between the two features which is expected since SLED is calculated with input from LP. CF has relationships with PDS (0.79), LP (−0.67), SLED (−0.65), MPS (0.39), and feed rate (−0.13). Negative correlations exist between LP/PDS (−0.66), LP/CF (−0.67), SLED/PDS (−0.66), and SLED/CF (−0.65). From this data we can safely determine that the CF has relationships with the majority of the features that are responsible for prediction performance. Of those features, LP, MPS, and SLED are the most important features for affecting prediction of the classification model. CF has a strong correlation to these three features.



Feature Analysis


In Figure 4, Figure 5 and Figure 6 a visual analysis of the parameters is observed during a build process, while this information is important during in situ monitoring, a statistical/qualitative analysis is very important to evaluate the parameters of the build process. Therefore, in the following section an in-depth analysis explores parameters collected from sample 2 while it was built.



Considering the 5 most impactful features during the build process, this section is dedicated to analyzing and visualizing the most important features through the building of sample 2. Figure 12 displays the LP, MPS, and SLED features throughout the build process for sample 2. The base of sample 2 consists of the first 6 layers, this is noticeable in the dataset. Layers 1 through 6 consist of at least 155 to 174 data points while layers 7 through 284 all contain under 20 data points. Through this logic, we define the base as layers 1 through 6 and the shaft as layers 7 through 284. The base of all three visualizations in Figure 12, circled in red, demonstrates a distinct grouping of measurements when compared to the shaft portion of the sample.



Table 4 showcases a value comparison of the 5 most impactful features for classification between the base and shaft. This table demonstrates that the base experiences a significantly higher LP usage and smaller overall MPS. Variations in LP, MPS, and SLED are higher when building the base and have less deviation through the building of the shaft. The largest MPS occurs when building the shaft with a value of 1.989 mm. The small amount of variation in the features when building the shaft may be responsible for over-fitting of the CNN model. Evaluation of this topic is explored deeper in Section 3.2.1.



Table 5 separates the features based on labels in an effort to describe the values of the features based on layer quality. Average wattage and variance for LP are higher in layers deemed acceptable. The highest recorded LP measure occurs within an unacceptable layer. The sizes of melt pools on average are smaller (0.033 mm) for acceptable layers however, the largest MPS occurs within an acceptable layer.





3.2. CNN


The data is preprocessed and standardized (normalizing values 0 to 1) prior to training. This feature scaling technique is the process of casting data of predictors into a specific range values [110]. Feature scaling is a vital component for the success of ML algorithms because it prevents large numeric feature values from overshadowing smaller numeric features values [111]. We use a wrapper, KerasClassifier framework which is a common tactic for baseline classification results [112,113], and use the model to classify layers as acceptable and unacceptable. The Keras DL model classifies with an accuracy of 84.89%. Using the top five most influential features, we created a classification model using RF to determine if any improvement is made to classification. Completion of the RF model with these features rendered an overall classification accuracy of 89%. The SVM We use these results as a baseline to compare and improve upon with the CNN model. Inputs for all classification models are the standardized and synchronously collected process parameters. All outputs for classification models are either 0 representing acceptable layers or 1 representing unacceptable layers. These results are used as a baseline to compare and potentially improve upon with the CNN model. In total, we trained SVM with four kernels, RF classifier, and Keras classifier and compared results to the CNN model. Table 6 displays the highest recorded accuracy measurements of these methods. The CNN classifies at the same rate as the SVM with linear, poly, and rbf kernals.



3.2.1. Evaluation of Over-Fitting


While it is advantageous to have a classification model equipped with the ability to perform high-level classifications with raw AM process parameter inputs, the current form of the algorithm is not without limitations. DL algorithms become highly effective at prediction and classification as datasets become larger. When the training data is smaller, DL algorithms can result in issues of overfitting. This occurred during the training process of both samples.



In Figure 13a,b, we showcase how the CNN trains through a total of 100 epochs. Seen in Figure 13, training accuracy trends in an increasing fashion with some fluctuation throughout the process. The validation measure is seen to converge on training around the 62nd epoch. Upon that, training and validation results appear to diverge as epochs increase. Looking at Figure 13b the overall loss plot is displayed throughout the training process. It can be seen around the 62nd epoch that validation loss crosses the training loss threshold which corresponds with the ‘shuttlewise’ movement in validation accuracy after the 62nd epoch from the accuracy plot. Every additional epoch shows that the validation loss increases which indicates over-fitting is occurring during training. This issue is evaluated further in Section 3.2.1.



The results from Section 3.2 in conjunction with the training plots indicate that the CNN trained and tested on data from sample 2 experienced over-fitting even when building the model using the dropout technique. The remainder of this subsection explores the results gathered while training and testing on both sample 2 (acceptable sample) and sample 1 (unacceptable sample). Over-fitting occurs in DL when the model becomes oversaturated (or over-dependent) from the training dataset and learn incorrect mapping [114,115]. To fix this issue, some research has focused on L2 regularization. In [115], an adjustment to the Loss (or Cost) Function is made as:


   L *   ( d , p , θ )  = L  ( d , p )  + λ  ∑ i   θ i 2   



(12)




where   L *   is the modified Loss function, L is the Loss (or Cost) function from the DL model.  λ  is a hyperparameter that adjusts the strength of the regularization and  θ  is the updating parameter in the stochastic gradient descent (SGD) optimization equation, while there are many methods to solve the case of over-fitting, this study is focused on reporting results of CNN classification at the inter-layer level and comparing these results with other ML techniques.



Figure 14a,b show the acceptable and unacceptable layers throughout each layer during the build process of sample 1. Figure 14a shows layer classification based on the size of low-density occurrences and Figure 14b shows the quantity of low-density occurrences for each layer of sample 1. It can be seen in these two figures that the majority of unacceptable layers are located early in the build process. Most unacceptable low-density occurrences occur between layers 50 and 125.



Figure 15 confirms that the majority of low-density occurrences occur earlier in the build process for sample 1. This is quite different from sample 2, shown in Figure 6, where the low-density occurrences happen more uniformly throughout the build process.



Table 7 summarizes an in-depth analysis of the performance of both samples. We show the capabilities of the CNN model and determine that features can be utilized for accurate layer-wise classification with an average accuracy of 75.9% when trained on a low-quality sample and 78.4% when trained on a high-quality sample. Specificity measurements indicate that the proportion of actual negative cases was predicted correctly on average 65.9% of the time when trained on sample 1 and 12% on average when trained on sample 2. However, sensitivity measures, which are the proportion of actual positive cases predicted correctly, was measured on average to be 78.2% and 95.5% when trained on a low and high-quality sample, respectively. We point out that the sensitivity metric is more impactful here since it is responsible for the majority of cases (shown in detail in Figure 16a,b)). The results of the sensitivity/specificity indicate that the CNN model is very sensitive and effective at determining bad layers as bad which means few cases of bad layers are misidentified. The low specificity suggests that the model does identify some good layers as bad layers. This is important in this investigation since layers with defects can render a sample defective. Table 7 showcases how the accuracy of the CNN drops significantly from 88.8% to 68.1% when trained on a high-quality sample and tested on a low-quality sample, a 23% drop. Sample 1 demonstrates a 25% drop in accuracy when tested on sample 2.



The highly informative F1 scores are reported in Table 8. It is demonstrated that when we train this CNN on a high-quality sample, the model performance peaks with F1 scores of 80.9% and 93.98% when tested on a low-quality sample and high-quality sample, respectively.



The confusion matrices from Table 2 are shown in Figure 16a,b for training on sample 1 and 2, respectively. The majority of cases are True Positive indicating that the CNN identifies actual positive cases the most. When training and testing on the same sample, TP is the highest which was expected. When trained on the low-quality sample and tested on the high-quality sample, False Positives are the highest of all combinations. This information is important, indicating that when trained on a low-quality sample and testing on a high-quality sample a higher rate of falsely identifying positive cases occurs. This is not the case when trained on a high-quality sample. Figure 16b highlights FP percentages of 2.53 and 2.99 when tested on low-quality and high-quality samples, respectively.






4. Conclusions


In this study, we present a nondestructive synchronous method that monitors quality of a workpiece during a metal AM build process. The investigation innovates based on two main concepts. The first concept is that we use a synchronously collected in situ dataset with low sampling rate in conjunction with an ex-situ evaluation based on CT scans of parts to create a labeling dataset. The second concept is the application of a CNN algorithm that classifies inter-layer quality through the build process of a part based on in situ input data and ex-situ labels. This method resulted in a dataset of process parameters collected during in situ quality monitoring. The printed workpiece was analyzed for low-density occurrences via a CT scan. An adjustable threshold was created to qualify specific layers as acceptable or unacceptable. Using a combination of the synchronous process parameter dataset and layer qualification dataset, we investigate the importance of specific features during real-time LB-DED printing at the inter-layer level. We show that LP, MPS, and SLED have the most impact on prediction, with CF having a strong correlation to those three features. We explore the relationships between features to establish that certain features are correlated with each other while the workpiece is being produced. In this investigation, we demonstrate that even though the use of a specific material and geometry does limit the generalizability of the results obtained, possibly leading to over-fitting, a DL classification model is capable of classifying acceptable and unacceptable layers and could be implemented into an in situ quality monitoring setting through training of features during a build process at the interlayer level. We use the layer qualification dataset to establish a set of labels that are used for training with the synchronous process parameter dataset as inputs. Compared to similar in situ quality monitoring AM studies, we do not utilize acoustic emission or other NDT data with high sampling rates (e.g., MHz) for classification and show the possibility of using a dataset with a low sampling rate (e.g., Hz) for simple and reduced data size training in the classification models. Results indicate over-fitting occurs when training and testing on a sample of a similar shape. Further analysis confirms over-fitting from the CNN when training and testing on separate samples, however, the CNN model is promising for in situ layer classification. The AM process has limited features which could be one reason why the classification model is overfitting. The addition of other NDT methods may remove statistical bias and may improve the information mapping process of the algorithm. For example, adding acoustic emission data in parallel to recording the printing parameters would allow for deeper and more accurate monitoring as the AM machine builds parts. We are confident that adding such a dataset to the classification model would increase the robustness of the training and testing process and reduce statistical bias of the algorithm.
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Figure 1. Schematic of FormAlloy L2 metal AM system with MPS Camera. 






Figure 1. Schematic of FormAlloy L2 metal AM system with MPS Camera.



[image: Applsci 12 08974 g001]







[image: Applsci 12 08974 g002] 





Figure 2. Inconel 625 sample hollow cylinders. 
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Figure 3. Design Diagram. 
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Figure 4. Synchronously collected process parameters: (a) LP, (b) MPS, (c) SLED, and (d) ET. 
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Figure 5. Synchronously collected process parameters: (a) PCG, (b) SG, (c) PDS, and (d) FR. 
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Figure 6. (a) Inter-layer low-density identification (voxel scale 0.03228 mm) and (b) Volumetric measurement. 
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Figure 7. Porosity inter-layer evaluation (a) porosity diameter (mm) and (b) porosity quantity. 
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Figure 8. CNN architecture. 
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Figure 9. Feature importance bar plots: (a) Decision Tree, (b) Random Forest, (c) XGBoost. 
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Figure 10. RF tree. 
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Figure 11. Heat map comparison of all features. 
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Figure 12. Visualization of features of build of (a) LP, (b) MPS, and (c) SLED. 
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Figure 13. CNN training plots of (a) accuracy and (b) loss. 
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Figure 14. Porosity inter-layer evaluation: (a) low-density diameter of Sample 1 (mm) and (b) low-density quantity of sample 1. 
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Figure 15. Inter-layer low-density identification of sample 1 (voxel scale 0.03228 mm). 
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Figure 16. Confusion matrix training on (a) sample 1 and (b) sample 2. 
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Table 1. AM Parameters.
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	AM Parameter
	Acronym
	Units
	Description





	Program Time
	-
	s
	Time elapsed since the data logging was activated in the program



	Current Layer
	CL
	1–284
	The current layer within the program



	Infill Flag
	IF
	0/1
	If InfillFlag = 1, the toolpath is currently running infill motion and parameters



	Contour Flag
	CF
	0/1
	If ContourFlag = 1, the toolpath is currently running contour (outer wall) motion and parameters



	Feedrate Velocity
	FR
	mm/min
	The scan speed of the deposition



	X position
	-
	mm
	X location of the build



	Y position
	-
	mm
	Y location of the build



	Z position
	-
	mm
	Z location of the build



	A position
	-
	degree
	Tilt Axis Angle of the Trunnion/Turntable



	C position
	-
	degree
	Rotation Axis Angle of the Trunnion/Turntable



	Laser Power
	LP
	Watts
	The Laser Power output of the process



	Melt Pool Size
	MPS
	mm
	Diameter of the melt pool



	Specific Laser Energy Density
	SLED
	J/mm   2  
	Combined parameter containing Laser Power, Laser Spot Diameter, and Feedrate Velocity.



	Enclosure Temperature
	ET
	C
	Temperature inside in the machine enclosure



	Powder [#] Disc Speed
	PDS
	RPM
	The speed of the powder feeder disc which directly affects the powder mass flow rate. The #≩ refers to the selected powder feeder



	Shield Gas
	SG
	L/min
	The shield gas flow rate coming out of the nozzle. Shield gas is used to provide a localized inert melt pool and reduce debris from entering into the nozzle.



	Powder [#] Carrier Gas
	PCG
	L/min
	The carrier gas flow rate delivering the powder to the deposition head. Carrier gas will affect the speed of the powder coming out of the deposition head and the ’#’ refers to the selected powder feeder shape of the powder cone.










 





Table 2. Confusion Matrix.
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True




	

	

	
Positive

	
Negative






	
Predicted      

	
Positive

	
TP

	
FP




	

	
Negative

	
FN

	
TN











 





Table 3. Comparison of feature selection techniques.
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	Feature
	Decision Tree
	Random Forest
	XGBoost





	ContourFlag
	0
	0.009259
	0.454528



	FeedrateVel
	0.027871
	0.033033
	0.05253



	LP
	0.203724
	0.190519
	0.095578



	MeltPoolSize
	0.277692
	0.181422
	0.063341



	SLED
	0.106971
	0.177238
	0.059055



	PowderDiscSpeed
	0.036366
	0.039298
	0.119394



	ShieldGas
	0.117805
	0.113374
	0.056001



	PowderCarrierGas
	0.113309
	0.121429
	0.047792



	EnclosureTemp
	0.116262
	0.134427
	0.05178



	LaserSpotSize
	0
	0
	0










 





Table 4. Comparison of feature throughout build.
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Base






	

	
Layer

	
LP [W]

	
MPS [mm]

	
SLED [J/mm   2  ]

	
PCG [L/min]

	
ET [C]




	
count

	
1006

	
1006

	
1006

	
1006

	
1006

	
1006




	
mean

	
-

	
362.6

	
0.916

	
0.302

	
6.978

	
28.96




	
std

	
-

	
57.84

	
0.356

	
0.048

	
0.007

	
0.163




	
min

	
1

	
0

	
0

	
0

	
6.958

	
28.68




	
max

	
6

	
414.9

	
1.518

	
0.413

	
6.999

	
29.17




	
Shaft




	
count

	
3944

	
3944

	
3944

	
3944

	
3944

	
3944




	
mean

	
-

	
232.6

	
1.178

	
0.198

	
6.978

	
29.02




	
std

	
-

	
38.05

	
0.257

	
0.034

	
0.007

	
0.165




	
min

	
7

	
0

	
0

	
0

	
6.953

	
28.67




	
max

	
284

	
487.5

	
1.989

	
0.416

	
6.999

	
29.26




	
Importance

	

	
0.191

	
0.181

	
0.177

	
0.121

	
0.134











 





Table 5. Comparison of features based on layer quality.






Table 5. Comparison of features based on layer quality.





	
Acceptable Layers






	

	
LP [W]

	
MPS [mm]

	
SLED [J/mm   2  ]

	
PCG [L/min]

	
ET [C]




	
count

	
4453

	
4453

	
4453

	
4453

	
4453




	
mean

	
260.8

	
1.122

	
0.220

	
6.978

	
29.01




	
std

	
69.01

	
0.301

	
0.057

	
0.007

	
0.167




	
min

	
0

	
0

	
0

	
6.953

	
28.67




	
max

	
414.9

	
1.989

	
0.416

	
6.999

	
29.26




	
Unacceptable Layers




	
count

	
497

	
497

	
497

	
497

	
497




	
mean

	
242.6

	
1.154

	
0.206

	
6.978

	
29.03




	
std

	
50.76

	
0.283

	
0.044

	
0.007

	
0.159




	
min

	
0

	
0

	
0

	
6.955

	
28.68




	
max

	
487.5

	
1.670

	
0.405

	
6.997

	
29.26











 





Table 6. Accuracy comparison.






Table 6. Accuracy comparison.





	Method
	Accuracy





	SVM (linear)
	0.90



	SVM (poly)
	0.90



	SVM( rbf)
	0.90



	SVM (sigmoid)
	0.84



	RF
	0.89



	Keras Classifier
	0.84



	CNN
	0.90










 





Table 7. CNN performance on all samples.






Table 7. CNN performance on all samples.





	
Train




	

	

	
Sample 1

	
Sample 2






	
Test

	
Sample 1

	
86.8% 1

	
79.5% 2

	
68.1% 1

	
2.36% 2




	

	

	
89.9% 3

	
91.1% 4

	
96.4% 3

	
69.6% 4




	

	
Sample 2

	
65.0% 1

	
52.3% 2

	
88.8% 1

	
21.5% 2




	

	

	
66.5% 3

	
92.2% 4

	
96.7% 3

	
91.3% 4




	

	
Average

	
75.9% 1

	
65.9% 2

	
78.4% 1

	
12.0% 2




	

	

	
78.2% 3

	
91.7% 4

	
96.5% 3

	
80.5% 4








1 Accuracy 2 Specificity 3 Sensitivity 4 Precision.













 





Table 8. F1 Scores.






Table 8. F1 Scores.





	
Train




	

	

	
Sample 1

	
Sample 2






	
Test

	
Sample 1

	
90.5%

	
80.9%




	

	
Sample 2

	
77.3%

	
93.9%
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