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Abstract 

Over the past years, wire-based direct energy deposition (DED) has been transitioning from rapid 

prototyping to the production of end-use part and mass production. However, a wide market 

penetration of the DED has not happened yet. The difficulties for wide-scale market adoption to 

critical structural components are related to the development cost for process optimization and for 

manufacturing of high-quality parts. For metallic components, the process conditions (e.g., power, 

speed, tool path) control the material and mechanical properties/performance of the printed part. The 

thermal history strongly determines the phase fraction, morphology, growth pattern, size of 

microstructure, and nature of defects. Thus, in this study, we: 1) developed a thermal simulation using 

finite element method, 2) experimentally measured thermal histories from a U-shaped part with four 

tool paths of horizontal, vertical, raster, and contour to calibrate and validate the thermal model, and 3) 

investigated the effect of thermal history on microstructure evolution and quantified the 

microstructural variation during the printing process. 

1. Introduction

Wire-based direct energy deposition (DED) is one of the promising metal additive manufacturing 

(AM) technologies. Since DED provides high-deposition rates (up to 5 kg/h), high-material efficiency 

(up to 100%), and less costly wire/system (stainless steel wire ~$10/kg) [1], it is known as an ideal 

additive manufacturing (AM) process for creating large-scale components with moderate complexity. 

For instance, the manufacturing envelop of this process can be millimeter to meter-scale. Despite its 

ability to create large components in a cost-effective manner, two primary challenges still hinder a 

wide-scale market adoption of this technology to critical structural components for aerospace and 

other industrial applications: 1) large distortion and residual stress, and 2) anisotropy in microstructure 

and material/mechanical properties. As DED technology transitions from prototyping to the 

production of end-use part and mass production [2], the challenges should be urgently overcome for 

tight control of properties and performance.  

Over past years, numerous parameter optimization studies in the wire-based DED have reported 

that there is a strong influence of manufacturing parameters including power, speed, tool path, dwell 

time, and part geometry on temperature profile during printing and resultant microstructure, and part 

performance [3-8]. The thermal history, in turn, significantly affects phase fraction, grain morphology, 

growth pattern, size of microstructure, and nature of defects. It can further influence the final part 

properties/performance such as yield strength, fatigue, stiffness, and creep life. Therefore, a 

comprehensive understanding of the correlation between process parameters, microstructure, and 
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mechanical performance is required to maintain high-quality components. Although physical 

processes during large-scale AM are analogues to welding [9, 10] or powder bed AM [11-13], the 

process involves widely varying time and length scale that leads to complex interactions between part 

geometry, process, and spatial and temporal variation of microstructure. Moreover, those factors are 

considerably magnified in large-scale AM as the part size becomes larger and complex. Therefore, 

AM of realistic geometries for large-scale AM still requires exhaustive experimental trial and error 

optimization. 

The most common way to assure final part quality in AM is to characterize microstructure (e.g., 

size, type, shape, orientation, etc.) using optical microscope, scanning electron microscope, and 

electron backscattered diffraction [5, 14]. These image analysis methods require laborious 

polishing/sectioning of samples and numerous images due to limited resolution areas. For instance, α 

lath thickness in Ti-6Al-4V requires high magnification in length-scale that should resolve a couple of 

hundreds of µm. Thus, the experimental measurement over the entire part volume is highly laborious 

and/or not practical in terms of cost and rapid qualification. Numerical modeling can be an effective 

alternative for the microstructure characterization over the full part volume. Thanks to the recent 

advancement of computing capability, the key microstructure features have been further understood 

but characterizing microstructure is still difficult for large-scale DED due to large part size (feet-scale) 

and long printing time (days or even months), requiring fine time resolution (s) and spatial resolution 

(mm) for the characterization.

The objective of this research is to develop a prediction capability of thermal history for the large-

scale wire-based laser DED process and predict microstructure evolution in various tool paths. Four 

tool paths of horizontal, vertical, raster, and contour were explored to investigate the influence of tool 

path on microstructure evolution on U-shaped part. The predicted thermal history is validated with 

measured thermal data using two statistical methods of Pearson coefficient and mean absolute error 

(MAE). Finally, the predicted microstructure of Ti-6Al-4V is analyzed in terms of phase fraction and 

grain size evolution on the U-shaped part. The developed models can be used on typical desktop 

computers and can provide predictions of thermal history and spatial and temporal phase 

transformations at multiple locations in the part. 

2. Experimental Measurement

2.1. Printing conditions and tool paths 
A prototype U-shaped part was selected for the demonstration of the tool path effect on 

microstructure evolution. The part was printed with a six-axis KUKA robot system [15]. A fiber laser 

with power of 8.7 kW and printing speed of 8.0 mm/s were used to form the deposition layers. The U-

shaped part contains 32 layers in the build height of 51.2 mm. The printing parameters are summarized 

in Fig.1(a). The experiments included measurement of the thermal history at selected part locations in 

Fig. 1(b). A layer height of 1.6 mm and bead width of 12.5 mm were set for four tool paths of 

horizontal, vertical, raster, and contour as shown in Fig.1(c). The total deposition time is 

approximately 25,000s, 18,000s, 14,000s, and 10,000s for horizontal, vertical, raster, and contour, 

respectively. The printed part with contour tool path is shown in Fig. 2. 
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Figure 1. Printing conditions and tool path: (a) printing parameters, (b) part dimension and thermocouple 

locations, and (c) four tool paths used for the print (horizontal, vertical, raster, and contour). 

Figure 2. Part printed using L-DED process. The contour tool path was used for this part. 

2.2. Temperature history measurement and estimation of the heat transfer coefficient 

Under ideal conditions, the titanium build plate and the steel base plate should be in full contact 

with no gap between them. However, the two contacting surfaces of the solid plates are not perfectly 

smooth, having a variable gap along their interface. A precise determination of gap conductance 

requires extensive and complicated experiments. In practical AM, however, the two plates will have 

shape variations resulting from tolerances in their production process. Therefore, for a practical 

process simulation, the heat transfer coefficient at the interface should be estimated from thermal 

measurement and adjusted as the production process changes. 

Twelve thermo-couples (TC) were placed to measure temperature variations during deposition. 

Four TCs marked with red color in Fig. 3(a) were located on the Ti-plate close to the center (TC-16 

and TC-22) and side (TC-17 and TC-19) of the U-shaped part. The other eight TCs marked with blue 

color in Fig.2(a) were positioned at the interface between the Ti plate and the steel plate to estimate 

the heat transfer through the plates (TC-11, TC-13, TC-14, and TC-15 were on the Ti-plate, and TC-

12, TC-18, TC-20, and TC-21 were on the steel-plate). Fig. 3(b) shows the temperature difference 

between the Ti plate (TC-11) and the steel plate (TC-20). The averaged ΔT in Table 1 is 8.17°C, 

4.28°C, and 5.19°C for the left, center, and right region, respectively. The corresponding estimated 
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heat transfer coefficients are 0.12, 0.23, and 0.19. The ratio between the coefficients when normalized 

to the middle value are 0.52:1:0.83 which were used for the calibration of the heat transfer model. 

Figure 3. (a) Location of thermo-couples, and (b) temperature difference at between Ti- and steel-plate. 

Table 1. Temperature difference and estimated heat transfer coefficient at the left, center, and right 

region at the interface between the Ti plate and the steel plate 

Left: Average TC temperature and heat transfer coefficient (h) 

TC-20 TC-11 ΔT h h ratio 

63.21 ֯C 71.38 ֯C 8.17 0.12 0.52 

Center: Average TC temperature and heat transfer coefficient 

TC-12 TC-15 ΔT h h ratio 

82.68 ֯C 86.97 ֯C 4.28 0.23 1.00 

Right: Average TC temperature and heat transfer coefficient 

TC-21 TC-14 ΔT h h ratio 

73.36 ֯C 78.55 ֯C 5.19 0.19 0.83 

3. Simulation Methodology

Figure 4 shows a solution domain for thermal simulation. The computation domain was created 

using a mesh generation toolkit CUBIT by Sandia National Laboratory. The characteristic mesh size 

used in the simulation was 1.6 mm for Ti-wall and Ti-plate, which is identical to a layer thickness of 

the printed part. An approximately three times coarser mesh size was used for 416 stainless steel-base 

for computational efficiency. The simulation was performed using the commercial finite element 

method (FEM) package, ABAQUS 2020 & AM modeler plugin [16]. The thermal simulation provides 

thermal history at each node over the wall, and the history is extracted and fed into the microstructure 

simulation as an input. The thermal and microstructure simulation both used 8-node linear 

isoparametric hexahedral elements, DC3D8. The printing tool path was created using Oak Ridge 

National Laboratory (ORNL) slicer software translating the standard G-code output to the printing 

machine input command. The actual laser power and travel path are directly converted from G-code to 

the modeling input values. This machine-related conversion promises minimal loss of simulation 

accuracy. The material properties used in this simulation can be found in literature [17]. 
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Figure 4. Build geometry of U-shaped part. It consists of Ti-part, Ti-plate, and 416 stainless steel-base. 

A phenomenological metallurgical phase transformation model is used to consider solid-state 

transformation kinetics (i.e., diffusional, non-diffusional, and reversible phase transformation) 

corresponding to thermal variation based on the Time-Temperature-Transformation (TTT) diagram. 

The computational work was performed using ABAQUS [16] and a TTT diagram that can be 

experimentally measured or calculated by commercial Computer Coupling of Phase Diagrams and 

Thermochemistry (CALPHAD) software such as ThermoCalc [18] and JMatPro [19]. As a result, the 

model can calculate phase transformation in fraction and type as well as grain growth for the printing 

and printed part. The volume fraction of a certain phase can be calculated by the time and temperature 

when the transformation occurs (i.e., TTT diagram). The kinetics of diffusional transformation can be 

described by the Johnson-Mehl-Avrami model [20, 21]. Diffusionless (=martensitic) transformation is 

estimated using the empirical Koistinen-Marburger model [21]. Detailed algorithms and equations 

used for microstructure modeling can be found in prior literature [20-22]. 

4. Results and Discussion

4.1. Validation of thermal history 

A good agreement in thermal characteristics (e.g., thermal history) of the computational model 

with experiment measurements is necessary for a good accuracy in prediction of distortion and 

residual stresses. Four tool paths of horizontal, vertical, raster, and contour were explored to 

investigate the effect of the tool path on temperature profile and plate distortion. Figures 5-6 show a 

comparison of the predicted temperature profile with the measurements for the full clamped condition. 

The temperatures were extracted from the model time histories at the same locations of thermo-

couples TC-16 (top), TC-22 (bottom), TC-17 (left), and TC-19 (right) shown in Fig. 3(a). 
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Figure 5. The predicted thermal history (red) at four monitoring locations (black) from (a) horizontal and 

(b) vertical tool path.

The predicted temperature profiles (denoted by red solid lines) agree reasonably well with the

measured profiles (denoted by black dashed lines). Notice that there are abrupt temperature drops 

indicated with blue dashed circle in horizontal, vertical, and raster tool path. Intermittent pauses were 

due to adjustments of machine setting. The pauses result in the temperature drops. These pauses 

cannot be predetermined for simulations before the actual printing commences, so that additional 

adjustments of simulated process conditions (e.g., adjustment of tool path time and location) are 

required for better fidelity of the simulation using a build-log file after the completion of printing. 

Figure 6. The predicted thermal history at four monitoring locations from (a) raster and (b) contour tool 

path. 

The temperature profiles at each monitoring location are averaged and compared to the predicted 

average temperatures in Table 2. The relative fractional percentage between the measured and 

predicted temperature shows 90.9%, 85%, 84.1%, and 81.8% match in overall comparison. In metal 

additive manufacturing, thermal gyration affects local deformation, phase transformation, and 

resultant mechanical properties, therefore, the similarity of the thermal profile shape should also be 

assessed. 
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Table 2. Comparison of averaged temperatures between measured and predicted at top, bottom, left, and 

right region in the part shown in Fig.3(a). 

Contour Raster

Avg. Temp T B L R Overall Avg. Temp T B L R Overall

Measured 241.5 203.6 164.1 153.4 

90.9%

Measured 148.7 115.0 85.2 88.9 

85.0%Predicted 221.4 164.4 150.3 152.7 Predicted 160.4 121.9 114.1 113.3 

Relative Fraction 0.92 0.81 0.92 1.00 Relative Fraction 0.93 0.94 0.75 0.78 

Horizontal Vertical

Avg. Temp T B L R Overall Avg. Temp T B L R Overall

Measured 197.7 139.0 137.6 130.8 

84.1%

Measured 241.6 198.4 109.7 120.7 

81.8%Predicted 163.1 117.4 114.4 113.0 Predicted 186.4 141.2 130.4 127.4 

Relative Fraction 0.83 0.84 0.83 0.86 Relative Fraction 0.77 0.71 0.84 0.95 

For the detailed comparison of the predicted to measured temperature profile shape, two statistical 

constants, the Pearson coefficient and MAE were adopted. The two methods compare similarity in 

shape of the temperature curve and difference in the magnitude of temperature, respectively. The 

Pearson coefficient shows a mathematical correlation between two continuous variables. The values of 

±1 indicates a perfect linear relationship, and a value of 0 indicates no correlation between the 

variables. MAE is the average sum of the absolute difference of two variables, MAE= ∑ |𝑎𝑖 − 𝑏𝑖|/𝑛
𝑛
𝑖=1

that indicates a difference in magnitude.  

Figure 7 shows the Pearson correlation coefficient and MAE for the four tool paths. On average, 

the calculated Pearson coefficient is 0.71 for the horizontal path, and 0.92 for the contour path. The 

values indicate that the shape of the temperature history has strong correlation between the predicted 

and measured values. Furthermore, the average values of MAE are ~20ºC for the contour path and 

~37ºC for the vertical path. Again, the statistical analysis shows that better prediction accuracy was 

obtained for the contour and raster tool paths than for the horizontal and vertical tool paths. The 

variations may be attributed to the differences of the radiation heating towards TCs resulting from 

different tool paths and heating/cooling intervals. 

Figure 7. Quantification of (a) similarity and (b) difference between the prediction and measured 

temperature history. 
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4.2. Prediction of phase fraction and grain size 

A complex thermal cycle brings about spatial and temporal variations in microstructure and the 

resultant mechanical properties. The microstructural variations are strongly correlated with the process 

parameters, tool path, and part geometry, which can be used in an optimization scheme including post-

heat treatment. Generally, microstructure control in Ti-6Al-4V involves phase fraction and size of α 

and β. The α phase provides strength and β phase improves ductility of the alloy. 

Figure 8 shows a geometric schematic for five monitoring locations in the U-part. The thermal 

histories were obtained from the simulations for marked locations at 10th, 20th, and 30th layers.   

Figure 8. Geometric schematic for five thermal profile monitoring locations. 

Figure 9 shows the transient microstructure evolution during deposition on the 10th layer at the 

location of 1 in Fig. 8. The α and β phase fraction inversely fluctuate with corresponding temperatures. 

The predicted α and β phase fraction remains almost constant at 92% and 8% after completion of 

melting and cooling. However, there is observable variations in the α phase fraction and β grain size 

found at the end of melting. 

Figure 9. Transient variation of microstructure during deposition on the 10th layer at the location of 1 with 

(a) horizontal, (b) vertical, (c) raster, and (d) contour tool path.
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The variation of α-fraction and β grain size is summarized in Table 3, and 4. The tool paths are 

categorized into discrete (horizontal and vertical) and continuous (raster and contour) based on the 

characteristic feature of the melting pattern. In Table 3, the higher α-fraction is observed in the discrete 

tool path patterns than in the continuous. Also, the lower region of 11 and 13 at the 10th layer shows a 

slightly higher α-fraction by approximately 0.1%~1% than the upper region of 31 and 33 at the 30th 

layer. 

Table 3. Variation of α-fraction at different tool paths of horizontal, vertical, contour, and raster 

 α-Fraction (End of Melting) 

Discrete 

H 
H11 H13 H21 H23 H31 H33 Avg 

91.86% 73.23% 91.92% 91.26% 91.98% 91.55% 88.63% 

V 
V11 V13 V21 V23 V31 V33 Avg 

92.03% 91.78% 91.94% 91.50% 91.76% 90.66% 91.61% 

Continuous 

C 
C11 C13 C21 C23 C31 C33 Avg 

91.37% 81.56% 91.34% 87.67% 91.27% 85.72% 88.16% 

R 
R11 R13 R21 R23 R31 R33 Avg 

90.95% 88.38% 89.78% 82.89% 89.32% 69.38% 85.12% 

Since 𝛽 grain size influences the tensile strength of Ti-6Al-4V, controlling of 𝛽 grain growth and 

size around a couple of hundred μm is a practical way to balance the tensile, fatigue, and creep 

properties. The predicted 𝛽 average grain size is in the range from 170 μm to 273 μm in Table 4. The 

size varies with the type of tool path. Again, the discrete patten produces a larger 𝛽 grain size than the 

continuous pattern. The corner of region 2 forms larger grain size than that at regions 1 and 3. Notice 

that a larger grain size is predicted for the longer melting distance (H31 and V11) than the shorter 

melting distance (H11 and V31). For instance, H31 travels through 2 and 3 to 4 in Fig. 8 whereas H11 

melts only 1. V11 moves through 1 to 2 in Fig. 8 while V31 melts 3 only. It indicates that the grain 

size can be controlled by tool path selection. 

Table 4. Variation of β grain size at different tool paths of horizontal, vertical, contour, and raster 

𝛽 Grain Size (μm) 

Discrete 

H 
H11 H13 H21 H23 H31 H33 Avg 

149.8 145.0 379.5 298.4 284.3 250.9 251.3 

V 
V11 V13 V21 V23 V31 V33 Avg 

248.7 395.6 346.4 269.5 83.4 296.4 273.3 

Continuous 

C 
C11 C13 C21 C23 C31 C33 Avg 

90.3 38.5 349.1 294.6 219.7 28.1 170.1 

R 
R11 R13 R21 R23 R31 R33 Avg 

180.9 235.2 176.7 289.1 205.5 102.6 198.3 
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5. Concluding Remarks

The prediction capability of thermal history was successfully demonstrated for the large-scale AM 

parts manufactured using four different tool paths. The thermal model was used to develop a prototype 

workflow for a coupled thermal and microstructural simulation, and a method for deriving resulting 

mechanical properties. The following key findings and conclusions can be made from this study: 

1. The developed thermal simulation shows the capability of predicting temperature history

and changes by tool paths. The simulated temperature profile agrees well with the

measured values in both qualitative and quantitative methods.

2. The microstructure evolution is transient and interactive to the variations of thermal cycles

during deposition. The different tool paths lead to variations in α fraction and 𝛽 grain size.

Higher α-fractions were found in discrete paths than in continuous paths. Also, the lower

region shows a slightly higher α-fraction by 0.1% to 1%.

3. The predicted 𝛽 grain size is about 170 μm to 273 μm. Large 𝛽 grain size was observed in

discrete (262 μm) than in continuous (184 μm). Larger grain size is observed in the longer

melting distances (i.e., H31 and V11) than shorter distances (i.e., H11 and V21).

4. The findings above indicate that the phase fraction and grain size can be controlled by

selection of the appropriate tool path.

The predicted thermal histories and microstructure information can be employed to create a full 

linkage of process-microstructure-property-performance. The microstructure of Ti-6Al-4V can be 

digitized such as α fraction, α lath thickness, β fraction, and β grain size. Then, it can be used as a 

statistical input for synthetic microstructure generation toolkit (e.g., Dream3D) that creates a 

representative 3D synthetic microstructure. Eventually, the synthetic microstructure can be used as an 

input for crystal plasticity code, DAMASK [23], PRISM [24], or ExaConstit [25]. 
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