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1. Introduction 
 

Metal additive manufacturing (AM) is used to 

manufacture metal products with complex shapes or to 

repair damaged metal parts. Metal AM can achieve the 

desired shape with less preparation and waste than other 

metal manufacturing processes, such as casting, forming, 

and cutting. Owing to this advantage, metal AM has been 

widely applied in industrial fields, such as aerospace, 

automotive, and machining industries (Lee et al. 2018, 

Kumar and Nair 2017, Vafadar et al. 2021). AM process 

repeatedly adds and joins materials typically using melting 

and solidifying cycles to build the final product. For the 

metal AM process, a laser or electron beam is used for 

joining, referred to as a deposition. During deposition, 

metal AM products often undergo nonlinear and transient 

thermal conditions that can cause thermal deformations 

(Frazier 2014, Matsunawa et al. 2003, Zeng et al. 2016, 

Lewandowski and Seifi 2016, Stavropoulos and 

Foteinopoulos 2018).  

Studies have been conducted to predict and reduce 

thermal deformation. A common strategy is to adjust the 

process parameters and identify their effects on thermal 

deformation. Several studies have noted that different 

process parameter settings significantly affect thermal 

conditions and deformations (Foroozmehr and Kovacevic 

2010, Rubino et al. 2018, Shi et al. 2006, Srivastava et al.  
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2021). The process parameters are the input variables such 

as scan path, scan speed, and laser power. The process 

parameters are predetermined before the process starts 

according to the materials used, product design, or desired 

processing time. Paul et al. (2014) applied numerical 

simulations to identify the effects of process parameters on 

thermal deformation in the metal AM process, finding that 

layer thickness and part orientation were correlated with the 

occurrence of thermal deformation. Foroozmehr and 

Kovacevic (2010) found that the thermal deformation of the 

substrate was reduced more when a zigzag scan path was 

applied than when a spiral scan path was applied. Through 

numerical simulation, the authors also found that the sample 

printed with the spiral scan path exhibited a less uniform 

temperature distribution than the others. Rubino et al. 

(2018) suggested that lowering the scan speed may decrease 

the thermal deformation of the final product. Additionally, 

the thermal load that induced thermal stresses and 

deformation was numerically calculated.  

Another strategy is to apply in situ monitoring 

(Khanzadeh et al. 2018, Lee and Chung 2020, Arnold and 

Kömer 2021). Through in situ monitoring, process, product 

temperature, and thermal image data can be measured to 

predict the thermal deformation of a product as they are 

direct indicators of the thermal conditions. One additional 

advantage of an in situ monitoring-based strategy is that 

several uncertainties that may intervene during the actual 

process can also be considered. For example, in addition to 

the process parameter settings, poor equipment conditions 

and material quality can also change the thermal conditions 

and cause thermal deformation. Arnold and Körner (2021) 

suggested that electron-optical images of the product during  
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the process could be used as in situ monitoring methods for 

predicting thermal deformations. Image features are 

extracted to quantify the amount of thermal deformation 

generated in each layer, and the total deformation is 

predicted. By using in situ temperature monitoring, Lee and 

Chung (2020) suggested that the temperature profile of the 

product during the process can be used to identify its 

thermal conditions. Further, different temperature profiles 

resulted in different thermal-deformation modes. The key 

activity of an in situ monitoring-based strategy is 

determining which measurements and features can be used 

to identify and quantify the thermal conditions. 

In this study, an in situ monitoring-based feature 

extraction method for metal AM product defect prediction is 

proposed. This study focuses on the thermal deformation 

(i.e., warpage) of the substrate. Metal AM products are 

deposited on a base metal plate (i.e., substrate). When 

thermal deformation occurs in the substrate, all subsequent 

layers and final products are ultimately deformed (Li et al. 

2018, Caltanissetta et al. 2018). The thermal conditions 

during the process are measured using an in situ 

temperature profile, and the time-domain features are 

extracted for quantification. Section 2 introduces our 

research background and approach. Section 3 presents the 

experimental procedures for in situ temperature monitoring 

and warpage measurements. Section 4 presents the results 

and a discussion of the proposed method. Section 5 

summarizes the study and provides conclusions and 

recommendations for future research. 

 

 

2. Background 
 

This section introduces the warpage mechanism in the 

metal AM process and feature engineering methods, 

including time-domain feature extraction and selection 

methods.  

 

 

2.1 Warpage mechanism in metal AM process 
 

This study focuses on the direct energy deposition 

(DED) metal AM process. Fig. 1 shows a schematic of the 

DED process. First, a 3D digital model of the product is 

introduced into the DED software and sliced into nearly 

two-dimensional (2D) layers with a thickness of a few 

micrometers or millimeters. A powder nozzle with a laser 

source moves through the scan path, melting a small area of 

the substrate to create a melt pool (Fig. 1(b)). 

Simultaneously, metal powders are supplied to deposit the 

2D shape of the layer (Fig. 1(c)). When the deposition for 

one layer is completed, the next layer is deposited and 

repeated to fabricate a 3D shape (Fig. 1(a)-(c) are repeated). 

During deposition, metal AM products often undergo 

nonlinear and transient thermal conditions, which can cause 

warpage. The metal AM substrate warpage mechanism can 

be explained by differences in the coefficient of thermal 

expansion (CTE) within the body caused by the nonlinear 

and transient thermal conditions (Li et al. 2018, Paul et al. 

2014). CTE is a material property that indicates the 

expansion and contraction rates based on temperature 

changes (Gere and Goodno 2009). A material with a higher 

CTE expands and contracts more than others under the 

same temperature change. It has been experimentally 

reported that the CTE of most metal materials used in metal 

AM is a temperature-dependent variable, as shown in Fig. 2 

(Desai and Ho 1978). Fig. 1 presents a schematic of the 

warpage mechanism during DED process. Because the laser 

beam locally irradiates the top of the substrate during the 

process, as can be seen in Fig. 1(b), the printed layer shows 

a higher CTE than the substrate, as can be seen in Fig. 1(c). 

In the layer-build phase, the solidified layer is in a 

thermally expanded state. As the layer and the substrate are 

joined, it can be considered as one solid body; however, it 

has a locally uneven temperature and CTE distribution. 

During the cooling phase, the layer with a high CTE shrinks  

 

Fig. 1 Schematic of the DED process and following warpage mechanism 
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Fig. 2 Temperature-dependent CTE of AISI 316L and 

AISI 304 stainless steel 

 

 

more, while the surrounding substrate and joined area with 

a relatively low CTE constrain them, generating residual 

stresses (Fig. 1(d)). This stress accumulates as the layer 

stacks and eventually leads to warpage if it exceeds the 

yield strength of the substrate (Venkatkumar et al. 2016). 

 

2.2 Time-domain feature extraction 
 

In this study, time-domain features were extracted from 

the substrate temperature profile and analyzed for warpage 

prediction. Time-domain features are statistical values that 

can be extracted from data collected against time, such as 

vibration, noise, or temperature (Sim et al. 2020). Extracted 

features can show the condition of system, such as defect 

occurrences or degradation. Time-domain feature extraction 

is widely applied in industrial systems, such as rotating 

machinery, motor, or engine, for the defect diagnosis and 

prediction (Sim et al. 2020, Wang et al. 2019, Kimet al. 

2020). Table 1 lists the general time-domain features which 

can be extracted from the data. Several features do not have 

physical meanings related to the system, but they show 

experimentally good performances. Others have physical 

meaning that can be explained by domain knowledge. For 

example, the peak value of the vibration signal of a rotating 

machinery represents the magnitude of the vibration. 

Conversely, the root mean square (RMS) values are not 

related to any physical meaning. However, both features 

generally increase as the degree of the fault increases.  

 

2.3 Statistical feature selection   
 

After feature extraction, statistical feature selection can 

be applied to identify features that are significantly 

correlated with warpage. Pearson correlation analysis is a 

generally applicable feature selection method for regression 

problem. The Pearson correlation coefficient (r) quantifies 

the linear correlation between two variables, X and Y. In this 

study, each variable represents the time-domain feature and 

warpage, respectively. A Pearson correlation coefficient 

with a value between -1 and +1. r=+1 represents a perfect 

positive linear correlation, r=0 represents no linear 

correlation, and r=-1 represents a perfect negative linear  

Table 1 General time-domain features 

Feature Formula Statistical meaning 

Mean 
∑𝑋

𝑁
  Average value of data 

Peak Max(|𝑋|) Maximum value of data 

Peak to peak 

(p2p) 
Max(𝑋) - Min(𝑋) 

Difference between 

maximum and minimum 

value 

Root mean square 

(RMS) 
√
∑𝑋2

𝑁
  

Square root of the mean 

square 

Standard deviation 

(STD) 
√
∑(𝑋−𝑋̅)2

𝑁−1
  

Value representing the 

dispersion of data 

Skewness 
1

𝑁
∑(𝑋−𝑋̅)3

𝑆𝑇𝐷3
  

Asymmetry of the 

probability distribution 

Kurtosis 
1

𝑁
∑(𝑋−𝑋̅)4

𝑆𝑇𝐷4
  

Sharpness of the 

probability distribution 

Crest factor 

(CF) 

𝑃𝑒𝑎𝑘

𝑅𝑀𝑆
  

Peak considering RMS 

value 

Impulse factor 

(IF) 

𝑃𝑒𝑎𝑘

𝑎𝑏𝑠𝑀𝑒𝑎𝑛
  

Peak considering absolute 

value 

Shape factor 

(SF) 

𝑅𝑀𝑆

𝑎𝑏𝑠𝑀𝑒𝑎𝑛
  Degree of graph variation 

 

 

correlation. Through Pearson correlation analysis, features 

having a high correlation with warpage can be identified 

and used for more accurate warpage prediction. The 

prediction performance of the feature is evaluated by the 

coefficient of determination. The coefficient of 

determination (r2, R2) represents the proportion of variation 

in the dependent variable, Y, which is predictable from the 

independent variable, X. The coefficient of determination 

has a value between zero and one. 

 

 

3. Experimental procedures 
 

This section introduces the experimental setup, 

including the process parameter settings, sample design, 

and data acquisition methods. 

 

3.1 Process parameters and sample design 
 

Experiments were conducted using an Insstek®  MX-

600 DED metal AM machine. AISI316L stainless steel 

powder and AISI304 stainless steel were selected as the 

deposition material and substrate material, respectively. 

Substrate and powder with similar material are commonly 

selected to reduce warpage caused by differences in 

material CTEs.  

Table 2 lists the fixed process parameters that were 

experimentally validated as optimal for depositing stainless 

steel. The scan-path width was set to 0.8 mm according to 

the beam diameter; however, it was reported that the scan-

path width is laser power dependent variable (Choi 2020). 

In this study, two process parameters, laser power and 

scan path, were selected as variables based on previous 

studies (Foroozmehr and Kovacevic 2010, Lee and Chung 

2020, Bian et al. 2020). Fig. 3 shows three different scan-

path parameter settings. The selected parameters were 

adjusted for each experiment to reproduce various substrate 

temperature profile. A total of 45 substrate temperature- 

769



 

Jungeon Lee, Adrian M. Chung Baek, Namhun Kim and Daeil Kwon 

 

Table 2 Fixed process parameters 

Process Parameters Value 

Powder feeding rate (g/min) 3.50±0.1 

Coaxial gas rate (L/min) 4.0 

Carrier gas rate (L/min) 2.5 

Coaxial/Carrier gas composition Argon, purity 99.999% 

Beam diameter (mm) 0.8 

Nozzle distance (mm) 9 

Layer thickness (mm) 0.25 

Nozzle speed (m/min) 0.85 

Substrate material SUS304 

Substrate size (mm) 75×100×10 (WDH) 

Powder material SUS316L 

Powder size (μm) 45 to 150 

Hatch space (mm) 0.4 

 

Table 3 Different process parameter settings 

Laser power 

Tool path 
250 W 300 W 350 W 400 W 450 W 

Transverse 3 3 3 3 3 

Longitudinal 3 3 3 3 3 

Spiral in 3 3 3 3 3 

 

 

Fig. 3 Schematic of three difference scan paths 

 

 

warpage datasets were collected, as listed in Table 3. 

Experiments were conducted using 15 different process 

parameter settings, and each experiment was repeated three 

times to ensure repeatability. 

Fig. 4 shows a schematic of the sample description. The 

dimensions of the substrate were 100×75×10 mm, and those 

of the printed part were 75×30×5 mm. To exclude the effect 

of additional distortion caused by the rearrangement of the 

residual stress, the warpage of the substrate was measured 

without removing the part from the substrate. 

 

3.2 In situ temperature monitoring 
 

For in situ temperature monitoring, a high-temperature 

glass-fiber insulated (up to 480°C) K-type thermocouple 

with a diameter of 0.127 mm was selected. The 

thermocouples were attached to the backside of the 

 

Fig. 4 Schematic of sample description (mm) 

 

 

Fig. 5 Schematic of printing sample with thermocouple 

attached locations (mm) 

 

 

Fig. 6 Schematic of jigs and substrate (mm) 

 

 

substrate to avoid measurement errors and noise caused by 

excessively high temperatures (Zhang et al. 2021). The 

temperature profile of the substrate was collected as a time 

series using an Agilent 34970A module at a sampling rate 

of 1 Hz. 

Two jigs were used to lift and fix the substrate 5 mm 

from the bed to attach the thermocouple to the backside. 

The jig constrained the x- and y-directions of the substrate, 

as shown in Fig. 6 and Fig. 7. Owing to the friction between 

the jig wall and the substrate, the substrate was partially 

constrained in the z-direction. Such constraints can result in 

less warpage. Nonetheless, considerable warpage was 

observed. 

 

3.3 Warpage data acquisition 
 

In this study, the quantitative value of the warpage of 

the substrate is defined as the maximum distance between 

the warpage curve and reference plane. The warpage of the 

substrate was measured in a one-dimensional (1D) linear 

form using a Mitutoyo®  SV-C3100 form-tracer. The  
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Fig. 7 Substrate constrained in the x- and y-directions 

with the jigs 

 

 

Fig. 8 Mitutoyo® SV-C3100 form-tracer 

 

 

Fig. 9 Schematic of warpage measurement process 

 

 

surface profile curve of the substrate was measured via 

contact with the detector, as shown in Fig. 8. The speed of 

the detector and the sampling rate were 1 mm/s and 50 Hz, 

respectively. 

After measuring the linear curvature of the substrate, the 

reference plane was determined to identify the maximum 

height between the plane and curvature. Fig. 9 shows a 

schematic of the warpage measurement process with the 

actual measured warpage profile. Because the form-tracer 

can only measure 1D linear warpage, it may not sufficiently 

reflect the warpage of the surface. To estimate the overall 

warpage of the substrate, each substrate was measured with 

six different lines, as shown in Fig. 10, and the mean value 

was selected (Dastjerdi et al. 2017).  

 

Fig. 10 Form-tracing method to estimate surface warpage 

 

 

Fig. 11 Difference in temperature profile according to 

laser power (transverse scan path) 

 

 

4. Experimental results and discussion  
 

This section presents the experimental results and 

analysis. Time-series features were extracted from the 

substrate temperature, and their correlation with warpage 

was presented. Some features that exhibit a better 

performance are explained based on the warpage 

mechanism. 

 

4.1 Temperature profile analysis 
 

Fig. 11-13 show the differences in temperature profile 

according to laser power setting. For all scan-path settings, 

as the laser power increased, the overall temperature of the 

substrate increased. Fig. 14 and Fig. 15 show the 

differences in temperature profile according to the scan 

path. Significant difference in the shape of the temperature 

profile was found, depending on the scan-path setting. 

Time-domain features were extracted to quantitatively 

identify such difference in temperature profile according to 

the process parameter settings, and for warpage prediction. 

 

4.2 Time-domain feature extraction and selection for 
warpage prediction 

 

Table 4 shows the correlation and determination 
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Fig. 12 Difference in temperature profile according to 

laser power (longitudinal scan path) 

 

 

Fig. 13 Difference in temperature profile according to 

laser power (spiral in scan path) 

 

 

Fig. 14 Difference in temperature profile according to 

scan path (nominal laser power 350 W) 

 

 

coefficients between each feature and warpage. Fig. 16 and 

Fig. 17 show bar plots for warpage prediction performance 

comparison of the features. Fig. 18-23 show scatterplots of 

STD, mean, RMS, and kurtosis between warpages. 

The standard deviation (STD) showed the most 

significant performance in terms of the linear correlation 

with warpage. It can be seen that the scatter plot of STD  

 

Fig. 15 Enlarged graph of difference in temperature 

profile according to scan path 

 

Table 4 Correlation and determination coefficients between 

each feature and warpage 

Feature 
Correlation 

coefficient (r) 

Coefficient of 

determination (r squared) 

Mean 0.536 0.287 

Peak 0.765 0.585 

Peak to peak (p2p) 0.767 0.588 

Root mean square 

(RMS) 
0.558 0.312 

Standard deviation 

(STD) 
0.892 0.796 

Skewness 0.652 0.425 

Kurtosis 0.55 0.302 

Crest factor (CF) 0.786 0.618 

Impulse factor (IF) 0.789 0.623 

Shape factor (SF) 0.756 0.571 

 

 

and warpage is tightly distributed along the regression line. 

This result can relate to the warpage mechanism. The STD 

can represent the non-uniformity of the temperature profile 

because it statistically refers to the deviation of the 

temperature change during the process. A large STD 

indicates that the product has undergone significant 

temperature changes during the process, resulting large 

CTE differences. Several numerical studies have shown that 

non-uniform temperatures can cause large warpages. 

Foroozmehr and Kovacevic (2010) reported that a DED 

sample printed with a spiral scan path showed a non-

uniform temperature distribution during the process, 

resulting in the largest residual stress. However, because the 

analysis was performed as a numerical simulation, the non-

uniformity of temperature was not quantitatively defined, as 

was the experimental feature introduced in the current 

study. Bian et al. (2020) reported that the residual stress 

was larger under a striped scanning path and a higher laser 

power. The numerical simulation results indicated that the 

stripe scan path generated a higher temperature gradient for 

the product during the process. Additionally, warpage 

caused by non-uniform temperature is a common 

phenomenon found in other metal processes, such as 

injection molding, casting, and sheet-forming (Sánchez et  
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Fig. 16 Pearson correlation coefficient (r) comparison 

between each feature and warpage 

 

 

Fig. 17 Coefficient of determination (R2) comparison 

between each feature and warpage 

 

 

al. 2012, Mageshwaran et al. 2017, Kyrsanidi et al. 2000).  

The mean, RMS, and kurtosis showed significantly 

lower performances than the others. The mean and RMS of 

temperature may be related to the changes in material 

properties, especially CTE changes, during the process. 

Based on the warpage mechanism, higher temperatures 

result in a larger CTE difference and lower yield stress in 

the material; thus, warpage can easily occur. Bian et al. 

(2020) noted that when a high laser power is applied, 

significant residual stress is generated as the melt pool 

becomes larger and undergoes higher temperatures. 

However, the experimental results of the study in question 

contrasted the theoretical background. For the mean 

temperature, the repeated movement of the nozzle may have 

led to a loss of meaning. Fig. 11-15 show examples of time-

series temperature data collected during the process. Owing 

to the nature of the DED process, in which the nozzle 

moves repeatedly along a predetermined scan path, the 

temperature profile shows a repeated waveform. With this 
type of data, the mean may lose its meaning as a 

representative value. Additionally, because the process does 

not show any negative temperature, the RMS can also lose 

its meaning, like the mean value. Generally, the peak or p2p 

values are considered more robust than the mean or RMS 

for such repetitive waveforms (Sim et al. 2020). The current 

results confirm that the performances of the peak and p2p 

 

Fig. 18 Scatterplot of STD and warpage 

 

 

Fig. 19 Scatterplot of mean and warpage 

 

 

Fig. 20 Scatterplot of RMS and warpage 

 

 

were better than those of the mean and RMS. Both the 

feature and original data should be considered when 

analyzing temperature data in the metal AM process. The 

physical meaning of the remaining features, including 

kurtosis, has not yet been defined and remains a future 

challenge. 

 

 

5. Conclusions 
 

This study suggested an in situ monitoring-based feature  
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Fig. 21 Scatterplot of kurtosis and warpage 

 

 

extraction method for metal AM defect prediction with 

experimental validation. The temperature profile of the 

substrate was collected, and time-domain features were 

extracted. To identify the significant features for warpage 

prediction, the correlation between each feature and 

warpage was identified. Furthermore, the physical meanings 

of the features, which can be explained by the warpage 

mechanism, were identified. The STD showed a significant 

linear correlation with warpage. Based on current research, 

the authors plan to develop a more accurate warpage 

prediction method in the near future. 

The authors expect that the proposed method will 

contribute to warpage reduction in metal AM products. 

Furthermore, the proposed methodology is expected to 

apply to other manufacturing processes with similar defect 

occurrence mechanisms, such as injection molding, casting, 

and sheet-forming.  
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