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Abstract 

This paper evaluates experiment-based superposition thermal modeling for Laser Powder 

Bed Fusion (LPBF) with a pulsed laser. An analytical pulsed laser thermal model establishes the 

modeling procedure. The framework inverts a powder bed’s single pulse temperature response 

from experimental spatiotemporal Short-Wave Infrared (SWIR) camera data. Superimposing this 

response along a scan path simulates multi-pulse LPBF. Results show the experimentally informed 

superposition model rapidly and accurately predicts a layer’s temperature history. The model has 

applications in correction of thermally driven LPBF errors and in-situ part qualification. 

Introduction 

Laser Powder Bed Fusion (LPBF) fabricates high resolution, complex, metal parts layer-

by-layer. Part geometry variances and changing laser scan pathing drive thermal differences within 

layers that produce defects [1]. Analytical [2], numerical [3], and high fidelity [4] thermal models 

aim to understand LPBF’s underlying physics causing those variations with significant 

computational expense. Controls-oriented superposition thermal models quickly predict a layer’s 

temperature history. The superposition approach’s linear assumptions reduce a layer’s 

computation time from days, or weeks, to minutes, making it feasible for application in real-time 

process correction. 

Moran et al. combined Rosenthal’s moving point heat source solution with FEA to perform 

superposition simulations of a laser scanning Ti-6Al-4V [5]. Moran et al. found their model 

provides results accurate to FEA only simulations with a significant decrease in computation time. 

The computation time reduction makes large scale simulations practical. Schwalbach et al. used 

Green’s function methodology to develop a thermal model for LPBF with a continuous wave (CW) 

laser [6]. Schwalbach et al.’s model approximates a scanning CW laser by superimposing the 

temperature response from distinct heat sources seeded along the raster path. Schwalbach et al. 

demonstrated their model’s temperature results agree with analytical solutions, calibration 

provides accurate melt pool dimension predictions, and the approach indicates thermal history 

spatial variations. 
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Temperature and state dependent thermal properties, latent heat effects from melting and 

solidification, and material vaporization make the LPBF process highly non-linear. This limits 

analytical superposition models to qualitatively predicting part geometry-scan path interaction 

effects. A superposition model informed by thermal camera data would provide quantitative 

predictions with LPBF’s physics embedded, but this requires the experimental measurements to 

behave linearly. The quantitative analysis may improve decision making capability, and baseline 

in-situ measurements to assist part qualification. 

This paper presents an LPBF superposition thermal model constructed with Short-Wave 

Infrared (SWIR) thermal camera measurements. A theoretical superposition model’s derivation 

for pulsed laser LPBF reveals the methodology for experiment-based modeling. The superposition 

modeling process gauges the SWIR camera measurement’s linearity. Processing simulation and 

experimental data with an in-situ framework evaluates the superposition model’s ability to predict 

real thermal history variances. 

Model Development 

The theoretical pulsed laser superposition model’s derivation follows Schwalbach et al.’s 

work for CW systems [6]. The pulsed laser’s volumetric heat source model, ( ), , ,q x y z t , is [7]
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where ( ), ,x y z  are the spatial coordinates, t is the time, R is the reflectance, P is the laser power,

δp is the laser’s optical penetration depth, ω is the beam waist, Θ is the Heaviside function, and te 

is the exposure time. The temperature field, ( ), , ,T x y z t , a single laser pulse produces in a semi-

infinite domain is  
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where 0T is the initial temperature and α is the thermal diffusivity. The relative temperature 

change, ( ) 0, , ,T x y z t T− , is the laser pulse’s basis function. The x-y plane radially symmetric basis

function, G(r,t), at z = 0 is 
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where 2 2= +r x y . 

Superimposing single pulse basis function copies shifted in space and time simulates 

multiple laser pulses. The basis function copies offset spatially according to the laser scan path 

and temporally by the pulse period. The temperature for a multi-pulse simulation at z = 0 is 
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where Gk is the kth laser pulse’s basis function. The kth pulse’s radius, r, to a given (x,y) and its 

relative time, t , are  
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where ( )0, 0,,k kx y  are its exposure coordinates and 
0,kt  is when exposure begins. 

Figure 1 demonstrates superposition for six laser pulses (P = 200 W, te = 70 µs, ω = 70 

µm, δp = 60 µm) striking 304L stainless steel (k = 15 W/m·K, ρ = 7800 kg/m3, cp = 500 J/kg·K). 

Figure 1 (a) contains the pulses’ basis function profile plots (purple to red curves) at their relative 

times, offset in space by the laser point-to-point distance (60 µm). The profiles demonstrate the 

basis function’s temperature magnitude decreases, and its waist increases after the exposure time 

as heat conducts away from the exposure location. Adding the pulses’ temperatures at a particular 

spatial point produces that location’s total temperature. Figure 1 (a) shows the final superposition 

result by a profile plot (black curve) from the 2D temperature map in Fig. 1 (b). 
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Fig. 1. (a) Theoretical laser pulse basis function profiles with resulting superposition temperature 

and (b) 2D temperature map with coordinate system and exposure points. 

A matrix algebra approach equivalently provides the superposition results in Fig. 1. 

Equation 4 in matrix notation is 

0= +T T GA , (6) 

where T  is the temperature vector, A is a matrix tracking the active basis function components for 

each ( ), ,x y t , and G  is the basis function vector. The laser’s scan path and relative exposure time

information build A. Inverting Eq. 6 solves for an unknown basis function by utilizing known scan 

pathing and spatiotemporal temperature data like Fig. 1 (b). The temperature data’s samplings in 

space and time can provide, but do not limit, the inverted basis function’s radial and temporal 

resolutions. Equation 6’s inversion yields G  exactly for theoretical cases with a full rank A. 

Experimental Basis Function Inversion 

A SWIR camara observing a Renishaw AM250 (pulsed laser) rastering a 5×5 mm2, 50 µm 

thick, 304L stainless steel layer provides the spatiotemporal thermal data for basis function 

inversion. The camera samples at 3345.8 Hz with 130 µm/pixel and 135 µm/pixel x and y 

instantaneous field of views, respectively (see [8] for further details). The raw camera data corrects 

to temperature using a procedure like discussed in [9]. Figure 2 (a) shows a temperature corrected 

image with the laser’s exposure points (white dots) and parameters annotated. The laser scans with 

a 0° rotation angle, a 60 µm point-to-point distance, dp, and an 85 µm hatch spacing, dh. Each 

image supplies an A sub-matrix and a T  sub-vector. Since A’s columns must equal G ’s length, 

the procedure builds A sub-matrices by assuming 0G →  after 10 ms, or beyond a radius of 0.78 

mm. Also, the process assumes G  has resolutions of Δt = 150 µs and Δr = 130 µm. Data from 500

consecutive thermal images assemble A and T  to invert G . Multiple images provide a full rank 

A and reduce G ’s noise. Least squares produces G  with minimum error by 
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Figure 2 (b-d) contain the experimental basis function. The basis function’s temperature 

magnitude decreases with increasing radius. For each radial component, the basis function’s 

temperature magnitude quickly reaches a maximum, and then decreases with increasing time. 

Sampling rate variances and scan path location uncertainty cause the basis function’s noise. The 

inversion success reveals the SWIR temperature data’s linearity. 
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Fig. 2. (a) SWIR melt pool image with laser exposure points and experimental basis function (b) 

plotted as a function of radius for various times, (c) plotted as a function of time for all radial 

components, and (d) mapped for various times.  

Simulation Results 

The superposition model simulates the LPBF temperature field the SWIR camera measures 

by applying the experimental basis function in Eq. 6. The model predicts the 5×5 mm2 layer’s 

thermal history in 4 minutes (Dell OptiPlex 5050, Intel Core i-7700 CPU, 3.6 GHz). Figure 3 

compares the superposition predictions with the layer’s experimental temperature results. Figure 

3 (a-c) show selected pixels’ temporal data relative to their respective times at experimental 

maximum temperature. The data in Fig. 3 (a-c) illustrate thermal history differences arise when 

the laser progresses from a corner to the raster’s middle. The superposition simulation predicts 

those differences with the root mean square errors (RMSE) annotated on Fig. 3 (a-c). The melt 

pool images in Fig. 3 (d-f) demonstrate the spatial temperature agreement between the 

experiment’s measurements and the simulation’s predictions. 
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Fig. 3. Experiment and superposition simulation (a,b,c) temperature histories and (d,e,f) melt 

pool images for various locations along a laser raster in the 5×5 mm2 layer. 

Thermal features capture the layer’s entire thermal history by compressing each pixels’ 

temporal data to a single metric. This process produces a thermally based data map for layers. 

Thermal features have application in part property correlations and in-situ defect detection. A 

layer’s thermal feature map also clearly show how the laser’s scan path affects the thermal history. 

Two common thermal features are the maximum temperature [10] and the time above threshold 

[11]. Figure 4 evaluates the superposition simulation’s predictions of those thermal features. 

Figure 4 contains experimental and simulated thermal feature profile plots and maps. The 

maximum temperature, Tmax, predictions in Fig. 4 (a) and (c) match the experiments in the interior 

but deviate at the layer’s edges. This suggests a linearity reduction where the laser corners. The 

entire layer’s maximum temperature RMSE is 177 K. Figure 4 (b) and (d) illustrate the simulation 

successfully predicts the experimental time above threshold, τ. Time above threshold experimental 

deviations occur at some locations due to balling. The time above threshold prediction has a 1.2 

ms RMSE. 
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Fig. 4. Experiment and superposition (a) maximum temperature and (b) time above threshold 

profile plots from 2D (c) maximum temperature and (d) time above threshold maps. 

Conclusions 

Inverting a basis function (i.e. the temperature response from a single laser pulse) from 

SWIR camera data enables experiment-based superposition thermal modeling for LPBF. The 

successful basis function inversion demonstrates the SWIR camera temperature data’s linearity for 

nominal manufacturing. The superposition approach simulates a simple 5×5 mm2 layer in 4 

minutes. The simulation’s analyzed time series data fits the experiment’s data with a maximum 

174 K RMSE. Simulation thermal features track experimental results with a 177 K maximum 

temperature RMSE and a 1.2 ms time above threshold RMSE. The pulsed laser experimental 

superposition framework should adapt to CW LPBF systems since thermal cameras have finite 

sampling rates. The superposition model’s applications include laser scan path effects prediction 

to baseline experimental data in part qualification, and feedforward controls. Future work will 

explore experimental superposition for various LPBF manufacturing cases and evaluate the ability 

to flag defects in parts. 
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