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My scholastic passion: Manufacturing, Sensing, and Analytics.



My research goal is to make flaw-free AM parts.
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Prior Work with Oakridge

Using graph theory to quantify the dimensional 
variation between parts from point cloud data.

Tell what went wrong, where it went wrong, and by how much?

P. Rao, Z. Kong, V. Kunc, R. Smith, C. Duty, Assessment of Dimensional Integrity and Spatial Defect 
Localization in Additive Manufacturing (AM) using Spectral Graph Theory (SGT). ASME Transactions, 
Journal of Manufacturing Science and Engineering. 138(5), doi: 10.1115/1.4031574

LINK

https://asmedigitalcollection.asme.org/manufacturingscience/article-abstract/138/5/051007/376769/Assessment-of-Dimensional-Integrity-and-Spatial?redirectedFrom=fulltext
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This presentation has two parts.

Part I: Ultrafast thermal modeling in AM using graph theory (Slide 15 – 70).

Part II: Combining thermal modeling with data analytics (Slide 71 – 83).
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This work has been published

A.C. Gaikwad, R. Yavari, M. Montazeri, K. Cole, L. Bian, P. Rao, 

Toward the Digital Twin in Metal Additive Manufacturing – Integrating Thermal 

Simulations, Sensing, and Analytics to Detect Process Faults,  

IISE Transactions (Accepted) 

10.1080/24725854.2019.1701753

R. Yavari, K. Cole, P. Rao 

Thermal Modeling in Metal Additive Manufacturing using Graph Theory. 

ASME Transactions, Journal of Manufacturing Science and Engineering

2019, Vol. 141, pp. 0710071-20.

10.1115/1.4043648

https://www.tandfonline.com/doi/full/10.1080/24725854.2019.1701753
http://manufacturingscience.asmedigitalcollection.asme.org/article.aspx?articleid=2733087&resultClick=3
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Finite Element (Abaqus)
180 minutes

Commercial Code
30 minutes

Graph Theory
18 minutes

Simulate the thermal field in AM in near real-time using graph theory.

Ultrafast Thermal Simulation of Metal Additive Manufacturing

Decreasing flexibility and ability to tinker

• Mesh-free, discrete modeling. 

• Faster and error within 10% of finite element analysis.
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Objective and Hypothesis

𝜌𝑐𝑝
ሻ𝜕T(𝑥, 𝑦, 𝑧, 𝑡

𝜕𝑡
− 𝑘

𝜕2

𝜕𝑥2
+

𝜕2

𝜕𝑦2
+

𝜕2

𝜕𝑧2
T(𝑥, 𝑦, 𝑧, 𝑡ሻ = E𝑉

Hypothesis

The heat equation is solved using graph theory.

Solve the heat diffusion equation using graph theory.

Outcome

Graph theory takes 1/10th of time to converge than finite element 

analysis within acceptable error (10%).
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Application to Flaw Detection: Digital Twin

In-process sensor data + Theoretical Simulations → Defect prediction

Part Temperature predicted from simulation

Prediction of pores.

Actual Part Sensor Data
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Who Cares? 

Fundamental research is needed in AM processes 
integrating modeling, sensing, and process control.

Y. Huang, M. C. Leu, J. Mazumder, and A. Donmez, Additive Manufacturing: Current State, Future Potential, Gaps and Needs, and
Recommendations, Transactions of the ASME, Journal of Manufacturing Science and Engineering, vol. 137, p. 014001, 2015.

2014 NSF Additive Manufacturing Workshop Report.
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Outline

Motivation & Rationale

Who cares?

Part I: The graph theory approach for thermal modeling in AM 

How does it work, and what is different about it?

Verification of the graph theory approach 

How does it compare to the known solutions and existing techniques?

Experimental validation

How well does it work in the real-world?

Part II: Application (Digital Twin)

Combining thermal modeling with machine learning to detect defects

Conclusions and future work
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Research Goal

Poor finish and 

overheating

Supports

Overhang 

Edge

Part quality (geometry, microstructure, surface finish) 
in AM is governed by the thermal history.

Metal AM Knee Implant

Predict the thermal history in AM parts and use the knowledge to prevent defects.



18

Build-and-test is ineffective in AM

Seven identical parts built simultaneously on a commercial machine. Only 2 out of 7 were built defect free.

No global optimal parameter set can be defined.
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Everything is linked to the thermal history

Experiments may span over several years and cost millions of dollars.

W. J. Sames, F. A. List, S. Pannala, R. R. Dehoff & S. S. Babu (2016) The metallurgy and processing science of metal additive 
manufacturing, International Materials Reviews, 61:5, 315-360, DOI: 10.1080/09506608.2015.1116649

https://doi.org/10.1080/09506608.2015.1116649


20Rationale

It is important to have a simulation capability and models that can predict part 

performance, support development of processing and materials strategies, and 

enable materials design in an integrated fashion.

W. J. Sames, F. A. List, S. Pannala, R. R. Dehoff & S. S. Babu (2016) The metallurgy and processing science of metal additive 
manufacturing, International Materials Reviews, 61:5, 315-360, DOI: 10.1080/09506608.2015.1116649

https://doi.org/10.1080/09506608.2015.1116649
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Combine process physics with data analytics and sensing to scale AM

Thermal 
History

Materials & 
Process 

Optimization

Part Design, 
Placement, 

Orientation, & 
Supports

Sensing & 
Analytics

Process 
Monitoring 
& Control

Predict 
Microstructure, 
Alloy Phases, 
and Defects

Predict 
Residual 

Stresses & 
Warping 

Paradigm shift from empirical optimization to physics-driven AM.

My Expertise Area
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My Vision: Correct-as-you-build in AM 
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Unique Capabilities for Metal AM in Nebraska

• Optomec LENS 450 Hybrid Directed Energy Deposition Metal Additive Manufacturing system

• Matsuura Lumex Avance Hybrid Laser Powder Bed Fusion Machine (open atmosphere)

• Matsuura Lumex Avance Hybrid Laser Powder Bed Fusion Machine (inert atmosphere)

2 X Matsuura Lumex Hybrid LPBF Optomec LENS 450 Hybrid DED



24

Hybrid AM is the key to Correct-as-you-build.

Hybrid Additive Manufacturing 
(Machining + powder bed fusion)

Hybrid Additive Manufacturing 
(Machining + powder bed fusion)

Only laser powder bed fusion

Only laser powder 
bed fusion
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Outline

• Motivation 

• Part I: Graph theory approach for thermal modeling in AM 

How does it work, and what is different about the approach?

• Verification of the graph theory approach

• Experimental validation

• Part II: Application

• Conclusions and future work
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Background to Thermal Modeling in AM

1. Meltpool or small-scale modeling (< 100 μm)
Focuses on heat source interaction zone (melt-pool)

2. Part-scale modeling (> 100 μm)

W. J. Sames, F. List, S. Pannala, R. R. Dehoff, and S. S. Babu, "The Metallurgy and Processing Science 
of Metal Additive Manufacturing," International Materials Reviews, vol. 61, pp. 315-360, 2016.

< 10 μm
Vaporization

100 μm  – 200 μm
Meltpool dynamics  

10 μm  – 100 μm
Melting/Fusion

Meltpool Scale

> 100 μm 
Thermal-induced cracking 

and distortion

Part- Scale Modeling

Focus on predicting part-level distortion and residual stresses
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Part-level thermal modeling in AM is computationally intensive

It takes several hours, if not days to conduct thermal analysis of a simple geometry.

27

Z. Luo and Y. Zhao, "A survey of finite element analysis of temperature and thermal stress fields in powder bed fusion Additive Manufacturing," Additive 
Manufacturing, vol. 21, pp. 318-332, 2018/05/01/ 2018.
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Thermal modeling in AM involves multi-scale phenomena

Simplify computation by ignoring meltpool-level and meso-scale phenomena

1) Energy supplied by the laser 

2) Radiation on the top layer (part to air) 

3) Conduction within the part (within part)

4) Convection between part and surrounding area

5) Latent heat at the melt-pool.

6) Temperature dependent properties

2

1

3
4

5

King, W., Anderson, A., Ferencz, R., Hodge, N., Kamath, C., Khairallah, S., and Rubenchik, A., 2015, "Laser powder bed fusion additive manufacturing of metals; physics, computational, 
and materials challenges," Applied Physics Reviews, 2(4), p. 041304.

Khairallah, S. A., Anderson, A. T., Rubenchik, A., and King, W. E., 2016, "Laser powder-bed fusion additive manufacturing: Physics of complex melt flow and formation mechanisms of 
pores, spatter, and denudation zones," Acta Materialia, 108, pp. 36-45.
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Graph Theory Approach for Thermal Modeling in AM

Nodes 

Step 2- Network graph construction

Layers to follow

Deposited 
Layer

Sintered Hatch
Laser

Fused Layer

New Deposited Layer

Step 3
• Heating a layer, hatch by hatch, 
• Diffusion of the heat through the part
• Deposition of a new layer

Step 4
Result as temperature matrix 
which shows the temperature 
history of the part

Step 1- Convert the part into a set of discrete nodes
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The Scientific Problem

Temperature (T) is a function of space (x, y, z) and time (t) 

K = thermal conductivity 𝜌 = density 𝐶𝑝 = specific heat 

The Heat Equation (Fourier’s Law of Conduction)

𝜌𝑐𝑝
𝜕T

𝜕𝑡
− 𝑘

𝜕2

𝜕𝑥2
+

𝜕2

𝜕𝑦2
+

𝜕2

𝜕𝑧2
T = E𝑉

Time (t) Space (x,y,z)

Solve the steady-state continuum heat diffusion equation
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Solving the Heat Equation with Graph Theory

𝜕T

𝜕𝑡
−

𝑘

𝜌𝑐𝑝

𝜕2

𝜕𝑥2
+

𝜕2

𝜕𝑦2
+

𝜕2

𝜕𝑧2
T = E𝑉

𝜕T

𝜕𝑡
− 𝛼 ∆ T = 0

Laplacian operator

∆≝
𝜕2

𝜕𝑥2
+

𝜕2

𝜕𝑦2
+

𝜕2

𝜕𝑧2

Thermal diffusivity
Τ𝑘 𝜌 𝑐𝑝 = 𝛼

Melting point of the material
T t = 0 = T0
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𝜕T

𝜕𝑡
− 𝛼 ∆ T = 0

The Key Idea

Replace the continuous Laplacian operator ∆
with a discrete matrix called the Graph Laplacian ℒ.

∆≈ −ℒ

Solving the Heat Equation with Graph Theory

𝜕T

𝜕𝑡
+ 𝛼 ℒ T = 0

Why do it this way?

The second derivative term does not have to be solved.
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𝜕T

𝜕𝑡
+ 𝛼 ℒ T = 0

Solving the Heat Equation with Graph Theory

𝜕T

−𝛼 ℒ T
= 𝜕𝑡

׬
𝜕T

−𝛼 ℒ T
= 𝑡��׬

−𝛼ℒ lnT = t + K

T = 𝑒−𝛼ℒ T T𝑜

First Order differential equation → separate variables and integrate.
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T = 𝑒−𝛼 ϕΛϕ′ 𝑡 T𝑜
The Heat Equation is solved as a function of the 

Eigenvalues (Λ) and Eigenvectors (ϕ) of the Discrete Laplacian Matrix (ℒ)

ℒ = ϕΛϕ−1

Decompose ℒ into eigenvalues and eigenvectors

T = 𝑒−𝛼 ℒ 𝑡 T𝑜

Solving the Heat Equation with Graph Theory

ℒϕ = ϕΛ

ϕ−1 = ϕ′

Eigenvectors  of ℒ are orthogonal

ℒ = ϕΛϕ′
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𝑒−𝛼 𝜙𝛬𝜙′ 𝑡 = 1 +
−𝛼 𝜙𝛬𝜙′ 𝑡

1!
+

−𝛼 𝜙𝛬𝜙′ 𝑡 2

2!
+

−𝛼 𝜙𝛬𝜙′ 𝑡 3

3!
+ ⋯

𝑒−𝛼 𝜙𝛬𝜙′ 𝑡 = 1 −
ϕΛ𝛼𝑡ϕ′

1!
+
ϕ Λ𝛼𝑡 2ϕ′

2!
−
ϕ Λ𝛼𝑡 3ϕ′

3!
+ ⋯ = 𝜙𝑒−𝛼 𝛬𝑡 𝜙′

T = ϕ𝑒−𝛼 Λ 𝑡ϕ′T𝑜

𝑒−𝛼 ϕΛϕ′ 𝑡 = 1 − 𝛼𝑡
ϕΛϕ′

1!
+ 𝛼2𝑡2

ϕΛϕ′ ϕΛϕ′

2!
− 𝛼3𝑡3

ϕΛϕ′ ϕΛϕ′ ϕΛϕ′

3!
+ ⋯

ϕ ϕ′ = 1Eigenvectors are Orthogonal

Taylor Series Expansion

Simplify 𝑒−𝛼 ϕΛϕ′ 𝑡 = ϕ𝑒−𝛼 𝛬 𝑡ϕ′

=1 =1 =1
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The Heat Equation is solved as a function of the 

Eigenvalues (Λ) and Eigenvectors (ϕ) of ℒ

T = ϕ𝑒−𝛼g Λ 𝑡ϕ′T𝑜

Solving the Heat Equation with Graph Theory

g is called the gain factor
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Even Einstein was allowed a fudge factor…

Cosmological Constant
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Advantages of the graph theory approach

T = ϕ𝑒−𝛼g Λ 𝑡ϕ′T𝑜

1. No meshing steps.

2. Freedom to discretize time 𝑡 into any desired length.

3. Does not require matrix inversion; only matrix multiplication.

How to obtain ϕ and Λ? 
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ϕ and Λ are obtained in Step 2

Nodes 

Step 2- Network graph construction

Layers to follow

Deposited 
Layer

Sintered Hatch
Laser

Fused Layer

New Deposited Layer

Step 3
• Heating a layer, hatch by hatch, 
• Diffusion of the heat through the part
• Deposition of a new layer

Step 4
Result as temperature matrix 
which shows the temperature 
history of the part

Step 1- Convert the part into a set of discrete nodes
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Obtaining the Laplacian Matrix (ℒ) 

𝓌𝑖𝑗 = 𝑒
−
𝒙𝑖−𝒙𝑗 𝒙𝑖−𝒙𝑗

T

𝜎2

𝑆𝑀×𝑀 ≝ 𝓌𝑖𝑗

Similarity matrix

Connect nodes with a radius of ε mm

𝓌𝑖𝑗

i

j

Step 2- Network graph construction

Layers to follow

Deposited 
Layer

Find the Gaussian distance between nodes 

(Closer nodes have higher edge weights) 
𝓌𝑖𝑗 = 𝓌𝑗𝑖
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Obtaining Eigenvectors (ϕ) and Eigenvalues (Λ) 

k

𝒟 ≝

𝑑1 0 0
0 𝑑𝑘 0
0 0 𝑑𝑀

Degree matrix

𝑑𝑘 = ෍

𝑗=1

𝑗=M

𝓌𝑘𝑗

ℒ ≝ 𝒟 − 𝑆

Laplacian matrix 

𝑆 ≝ 𝓌𝑖𝑗Similarity matrix

Sum each row of the Similarity matrix, and put it on the diagonal
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Obtaining Eigenvectors (ϕ) and Eigenvalues (Λ) 

ℒ , 𝒟 and 𝑆 are Matrices of real positive numbers

ℒ ≝ 𝒟 − 𝑆

Laplacian matrix 

ℒϕ = Λϕ

ℒ =

𝑑1 0 0
0 𝑑𝑘 0
0 0 𝑑𝑀

−

1 𝓌12⋯ 𝓌1M

𝓌21 = 𝓌12 ⋯1⋯ 𝓌2𝑀

⋮
𝓌𝑀1

⋮
⋯

⋮
1
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Outline

• Introduction

• Graph theory approach in AM

• Part I: Verification of the graph theory approach

How does it compare to the known solutions and existing techniques?

– Graph Theory vs. exact analytical solution (Green’s Function)

– Graph Theory vs. finite element for AM

• Experimental validation of the graph theory approach

Part II: Application (Digital Twin)

• Conclusions and future work
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Green’s Functions Analysis

Cole, K. D., Beck, J. V., Haji-Sheikh, A., and Litkouhi, B., 2010, 

Heat Conduction Using Green’s Functions, CRC Press, Boca Raton, FL.

Cole, K. D.,2018, “Parallelepiped with Insulated Boundaries and Piecewise Initial

Condition” EXACT Analytical Conduction Toolbox, Oct. 18. Link

Exact Analytics solution to the heat equation in simple shaped bodies.

Exact Analytical Conduction Toolbox (EXACT) at UNL

www. exact.unl.edu

http://exact.unl.edu/exact/contents/display.php?eqtype=Heat%20Equation,%20Cartesian,%20Three%20Dimensional&&name=Parallelepiped%20with%20insulated%20boundaries%20and%20piecewise%20initial%20condition.
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Comparison with Exact Analytical Solution

Quantify the accuracy of graph theory diffusion with Green’s Function analytical solution

L

W

H

L1 W1

Heated Area

Insulated

boundaries

H1

Origin

Point 1

Point 2



46

Graph Theory vs. Green’s Function Solution

Graph theory captures the physics of heat transfer in an insulated cuboid

Number of nodes
computational time 

[seconds]

Mean Absolute 

Error

80 0.97 10%

800 1.55 7%

4,000 38.14 5%

8,000 236.64 3%
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Graph Theory Comparison with Finite Element Analysis

Error Graph theoretic approach time (sec.) FE analysis time (sec.)

~ 5% 237 3,540

4 mins 59 mins

Graph theory solution converges much faster than FE analysis for a fixed error level
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Outline

• Motivation

• Part 1: Graph theory approach for thermal modeling in AM

How does it compare to the commercial solution?

– Graph Theory vs. exact analytical solution (Green’s Function)

– Graph Theory vs. finite element vs. Netfabb for AM

• Experimental validation

• Part 2: Digital Twin Application

• Conclusions and future work
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Effect of Part Geometry on Heat Flux

Two different part geometry studied in the context of LPBF.

20

3

2

10

8

3

4

C-Shaped Part

8

2.5

1.5

2.5

2
3.5

Modified C-Shaped part
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Graph theory converges to similar trends as FE.

T1

Graph theory captures heat accumulation in the 

overhang region of the C-shaped part.
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Graph theory predicts the heat diffusion facilitated by supports.

Graph theory captures the effect of change in geometry.
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Error 
(SMAPE)

Total number of nodes
Graph theory 

approach time
FE analysis time

16% 1,000 0.5 min
200 min

(2,000 elemnts)
10% 5,000 18 min

8% 8,000 41 min

Graph theory converges to similar trends as commercial software.
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Conclusion from Verification with FE

Graph theory simulates the thermal field with error 
less-than 10% and within 1/10th of time of FE.
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Outline

• Introduction

• Graph theory approach in AM

• Verification of the graph theory approach

How does it compare to the known solutions and existing techniques?

– Graph Theory vs. exact analytical solution (Green’s Function)

– Graph Theory vs. finite element for AM

• Experimental validation of the graph theory approach

How does it stand up to the “real world”

Part II: Application (Digital Twin)

• Conclusions and future work
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Williams, R., Piglione, A. , Ronneberg, T. , Pham, M. S., Davis, C. M. and Hooper, P. A. , 2019, "In-situ thermography for laser powder 
bed fusion: effects of layer temperature on porosity, microstructure and mechanical properties", Additive Manufacturing, In Press

The experimental data of this study are provided by 
Dr. Paul Hooper at Imperial College, London 

Φ200 mm × 125 mm 
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Experimental Setup

A thermal camera is used to measure the surface temperature on the top surface.

Thermal camera is calibrated offline using a  black-body cavity method.

Laser Powder Bed Fusion (LPBF)

Build 1
(Cylinder)

LWIR Camera

Recoater
Laser

Part

Scanning Optics

66°

Build 2 
(Inverted Cone)

316L Stainless Steel Material
Laser power: 200 W

Layer thickness: 50 μm
point distance: 40 μm, exposure time: 50 μs

Powder
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The first two test parts have a simple geometry
Even coarse FE analysis will perform well. 
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Cylinder is built in three phases to induce change in the surface temperature.

Powder

Phase 1: Print 9 cylinders (dia. 8 mm, L = 60 mm). 
Phase 2: Print only the middle cylinder.
Phase 3: Print all 9 cylinders again.

Phase 1 Phase 2 Phase 3

Change in the build plan causes variation in the inter-layer cooling time (ILCT).

2
0

 m
m

4
0

 m
m

6
0

 m
m
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Surface temperature is a function of interlayer cooling time (ILCT).

Top surface temperature for 

1200 layers (171 minutes build).
P

h
a

s
e

 1

P
h

a
s
e

 2

P
h
a
s
e

 3Te
m

p
er

at
u

re
 (

K
)

Increase in ILCT linked to decrease in surface temperature 
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Graph Theoretic Thermal Modeling in AM

Step 4- Obtaining the result 

Super Layer DiffusionFused Layer

Step 3
• Deposition of super layers
• Diffusion of the heat through the part

Step 1- Convert the part into 
a set of discrete nodes

Nodes 

Edges 

Step 2- Network graph construction



61

Simulating the deposition of multiple layers 
(metalayers/superlayers) favors FE analysis.
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Close match of graph theory and FE predictions.

Actual Build Time 171 minutes Finite Element Graph Theory
Super Layer Thickness 0.3 mm 0.5 mm 0.3 mm 0.5 mm
Computation Time 34 minutes 22 minutes 27 minutes 15 minutes
MAPE 8 % 18 % 6 % 14 %
RMSE (Kelvin, K) 33.8 48.1 14.5 33.8

Graph theory converges faster than FE, and has slightly smaller error. 
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Build 2 (Inverted Cone) 

Build time: 51 minutes

Inverted cone 
top surface

Both surface temperature interlayer cooling time increase during the build.
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Change in surface temperature leads to 
microstructural heterogeneity and flaws. 

B

3 mm B

A
Gas Porosity

A

3 mm

Need to adapt ILCT and processing conditions to avoid flaws. 
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Close match of graph theory and FE predictions.

Actual Build Time 53 minutes Finite Element Graph Theory

Super Layer Thickness 0.2 mm 0.3 mm 0.2 mm 0.3 mm

Computation Time 54 minutes 48 minutes 41 minutes 35 minutes

MAPE 9 % 14 % 8 % 9 %

RMSE (Kelvin, K) 37.7 73.0 26.0 35.4

Upper calibration 
point of the IR 

camera
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Outcome

Graph theory simulates the thermal heat field within error less than 10% of 
experimental data, and is about 25% faster than coarse FEA.
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Experimental Validation with a Large Part

8 inch-wide, 1.5-inch high

316L Stainless steel part 

16-hour build time.

Video of Infrared Thermal Images
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Surface temperature varies due to change in cooling time and surface area.
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Strategy 1
Radial slice

Strategy 2
Horizontal Slice 

Two simulation strategies to reduce computation burden
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Computation Time: 35 min.
Part build Time: 16 hours
Mean Absolute Error: 7%
RMS error < 30K

Graph theory scales to large part geometries

Number 
of Nodes

Mean Abs. 
Error (%)

RMS
Error (K)

Time
(min)

9,600 7.71 27.58 34
6,400 9.32 31.84 13
3,200 16.43 47.21 7

Computation Time: 80 min.
Part build Time: 16 hours
Mean Absolute Error: 8%
RMS error < 30K

Slice 
Width

Mean Abs. 
Error (%)

RMS
Error (K)

Time
(min)

8 mm 39.54 114.94 69
5 mm 15.89 61.29 74
4 mm 7.62 24.58 83

Graph theory converges with error less than 10%   and within 10%  of the build time

Observation
Observation
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Outline

• Introduction

• Graph theory approach in AM

• Part 1: Verification of the graph theory approach

How does it compare to the known solutions and existing techniques?

– Graph Theory vs. exact analytical solution (Green’s Function)

– Graph Theory vs. finite element for AM

• Experimental validation of the graph theory approach

Part II: Application (Digital Twin)

So what – who cares about thermal simulations?

• Conclusions and future work
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A.C. Gaikwad, R. Yavari, M. Montazeri, K. Cole, L. Bian, P. Rao, 

Toward the Digital Twin in Metal Additive Manufacturing – Integrating Thermal Simulations, Sensing, 

and Analytics to Detect Process Faults,  IISE Transactions (Accepted) 

10.1080/24725854.2019.1701753

Experimental data was generated at 
NIST by Dr. Brandon Lane, and

Mississippi State University by Dr. Linkan Bian

https://www.tandfonline.com/doi/full/10.1080/24725854.2019.1701753
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Directed Energy Deposition (DED) 
Direct Material Deposition (DMD)

Laser Engineered Net Shaping (LENS)

Source: OptomecISO/ASTM 52900:2015 
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Previous work in the Digital Twin

G.L. Knapp, T. Mukherjee, J.S. Zuback, H.L. Wei, T.A. Palmer, A. De, T. DebRoy, Building blocks for a digital 
twin of additive manufacturing, Acta Materialia, Volume 135, 2017.

T. DebRoy, W. Zhang, J. Turner, S.S. Babu, Building digital twins of 3D printing machines, Scripta Materialia, 
Volume 135, 2017.
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Objective and Hypothesis

• Predict the instantaneous spatiotemporal temperature distribution with graph-theory 

• Combine with in-process sensor data to monitor the process condition.

Sensor 
data and 
Machine 
Learning

Hypothesis: Improved defect prediction accuracy

Mechanistic 
modeling



76Digital Twin – A Gray-Box Model

Deterministic equations

Detailed sub-models

Physical knowledge

White-box model

Physical knowledge

Empirical 
Knowledge

Grey-box model

Stochastic models

Matrix models

Data

Black-box model

MinimumMaximum

Level of physical insight into a  
complex dynamic system

Empirical knowledge

Minimum Maximum

Ability to accommodate process 
uncertainty (variation)

Differential equations
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Test Artifact

Power: 300 W

Single track thin wall part with 
Ti6Al4VOptomec LENS 750  

2
7

.5
6

 m
m

55 mm

0.508 mm

Scan Speed: 12.7 mm/s

Layer Thickness: 0.508 mm

Post-process characterization with 
X-ray computed tomography

Flaws



78
A pyrometer and IR camera is integrated into the DED machine.

• Co-axial dual-wavelength pyrometer

• Short-wave infrared (SWIR) camera

Oriented at approximately 45o to the  table
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Change in the melt pool characteristics is related to the quality of the part. 

Two-color pyrometer measurements of the meltpool temperature distribution.

Temperature °C

SEM Measurements
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Block-by-block regime is adopted to simulate the thin-wall

Inactive Block

Layer

Thickness

Block Length Hatch

Thickness

Active Block

Time Step 𝑡1

Time Step 𝑡2

Time Step 𝑡6

Same strategy can be used to simulate Wire-DED at Oak Ridge.
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Comparison of Experimental and Simulation Data

There is a high correlation between simulated part-level 

temperature and experimental meltpool temperature data.
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Combining Simulation and Sensor Data

Experimental Data 
Meltpool Images

Part-level Simulation

• Extract the mean, standard deviation of area of each melt pool image where

pixel values are above 1600 oC.

• Extract the mean, standard deviation of the simulated temperature in the

corresponding area of the part.

• Use X-ray CT data to label locations with flaw size larger than 100 μm.

Ground Truth: XCT
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Prediction of Porosity

Data Input features F-Score

Pyrometer data mean, standard deviation of meltpool area. 81.6% (3.2%)

The digital twin predicts the occurrence of porosity with higher 

accuracy in comparison to individual sensor and simulation data.

Simulation data mean, standard deviation of temperature readings. 82.9% (2.7%)

Digital Twin:

Pyrometer +  

Simulation data

mean, standard deviation of pyrometer readings.

+

mean, standard deviation of temperature readings.
91.0% (1.2%)
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Outline

• Introduction

• Graph theory approach in AM

• Part 1: Verification of the graph theory approach

How does it compare to the known solutions and existing techniques?

– Graph Theory vs. exact analytical solution (Green’s Function)

– Graph Theory vs. finite element for AM

• Experimental validation of the graph theory approach

Part II: Application (Digital Twin)

So what – who cares about thermal simulations?

• Conclusions and future work
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Graph theory simulates the thermal field with error 
within 10% and in 1/10th of time of FE.

C-shaped C-shaped with Support Pyramid
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Graph theory is shown to be faster than high-resolution FE analysis 
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Graph theory is faster than coarse-resolution FE analysis. 

Graph theory simulates the thermal heat field with error less than 10% of experimental
data, and about 25% faster than FEA Test parts have a simple geometry.
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Graph theory scales to large part geometry.

Error ≈10% to 15% of experimental data, and 

within 1/20th of the build time for a large part.



88Thermal simulations combined with sensor data 
leads to fast prediction

Data Input features F-Score

Pyrometer data mean, standard deviation of meltpool area. 81.6% (3.2%)

The digital twin predicts the occurrence of porosity with higher 

accuracy in comparison to individual sensor and simulation data.

Simulation data mean, standard deviation of temperature readings. 82.9% (2.7%)

Digital Twin:

Pyrometer +  

Simulation data

mean, standard deviation of pyrometer readings.

+

mean, standard deviation of temperature readings.
91.0% (1.2%)
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Outline

• Goal and Motivation

• Graph theory approach in AM

• Part 1: Verification of the graph theory approach

• Part 2: Experimental validation of the graph theory approach

• Oak Ridge + UNL → ∞ Opportunities
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Physics-based 
Process Planning

Topology 
Optimization

Defect 
Detection

Feed-forward 
Control

Geometric 
Integrity

Mechanical 
Properties

Distortion and 
Cracking

Digital 
Twin

Functional 
Grading

Big 
Data

Parameter and 
Tool Path Planning

Collaboration Opportunities with Oakridge → ∞

Machine 
Learning

Shape Orientation 

Supports

Adaptive 
Control

Thermal 
History

Materials & 
Properties 

Optimization

Process 
Optimization

Part Design, 
Placement, 
Orientation, 
& Supports

Sensing, 
Process 

Monitoring 
& Control

Predict 
Microstructur

e, Alloy 
Phases, and 

Defects

Predict 
Residual 

Stresses & 
Warping 

Computational 
Material Science

Microstructure 
Modeling
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Three “right now” areas for Collaboration with Oakridge

• Commercialization of the graph theory approach

• Thermal Modeling of Wire DED: Dr. Andrzej Nycz.

• Monitoring, Analytics, and Defect Detection in AM and Manufacturing.
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Opportunities for Commercialization

• Optimize graph theory approach for parallel computation

• Algorithm is currently implemented in Matlab (single core processing)
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Validation with Directed Energy Deposition Experiments

2
5

.4
 m

m

Top View

3.25 mm

78 mm

Substrate

Side View

11.2 mm

“Under construction; beware graduate students at work”
Total of 62 layers of titanium deposited.

Build Time 26 minutes Computation time 7 minutes

Data from: Heigel, J., Michaleris, P, and Reutzel, T. Thermo-mechanical model development and validation of directed energy 
deposition additive manufacturing of Ti–6Al–4V, Additive Manufacturing Volume 5, January 2015, Pages 9-19
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Sensing and Machine Learning for Defect Detection in AM
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• M. Montazeri, A. Nassar. C. Stutzman, P. Rao, Heterogeneous Sensor-based Condition Monitoring in Directed Energy 

Deposition, Additive Manufacturing, (Accepted, In-press). doi.org/10.1016/j.addma.2019.100916

• M. Montazeri, A. Nassar, A. Dunbar, P. Rao, In-Process Monitoring of Porosity in Additive Manufacturing Using Optical Emission 

Spectroscopy Signals, IISE Transactions (Manufacturing and Design), 2019, Accepted, In-Press (Published Online). doi: 

0.1080/24725854.2019.1659525

• M. Montazeri, R. Yavari, P. Rao, P. Boulware. In-process Monitoring of Material Cross-Contamination Defects in Laser Powder 

Bed Fusion. ASME Transactions, Journal of Manufacturing Science and Engineering, 140(11), 111001-20, 2018. doi: 

10.1115/1.4040543

• J. Williams, P. Dryburgh, A. Clare, P. Rao, A. Samal, Defect Detection and Monitoring in Metal Additive Manufactured Parts 

through Deep Learning of Spatially Resolved Acoustic Spectroscopy Signals. ASTM Journal of Smart and Sustainable 

Manufacturing, Vol. 2(1), 204-226, 2018.  doi/10.1520/SSMS20180035

• F. Imani, A. Gaikwad2, M. Montazeri3, P. Rao, H. Yang, E. Reutzel. Process Mapping and In-Process Monitoring of Porosity in 
Laser Powder Bed Fusion Using Layerwise Optical Imaging. ASME Transactions, Journal of Manufacturing Science and 
Engineering, 140(10), 101009-23, 2018. doi: 10.1115/1.4040615

• J. Liu, C. Liu, Y. Bai, Z. Kong, P. Rao, and C. Williams. Layer-wise Spatial Modeling of Porosity in Additive Manufacturing. IISE
Transactions, (Additive Manufacturing Special Issue), Accepted, In-Press, 2018. Article Highlighted in January 2019 issue of the
Industrial and Systems Engineer Magazine.doi:/10.1080/24725854.2018.1478169

• F. Imani, B. Yao, R. Chen, P. Rao, H. Yang, Joint Multifractal and Lacunarity Analysis of Image Profiles for Manufacturing 
Quality Control (Technical Brief), ASME Transactions, Journal of Manufacturing Science and Engineering, 141(4), 044501-08, 
2018.doi: 10.1115/1.4042579.

• J. Lombardi, R. Salary, D. Weerawarne, P. Rao, M. Poliks,  Image-Based Closed-Loop Control of Aerosol Jet Printing Using 
Classical Control Methods, ASME Transactions, Journal of Manufacturing Science and Engineering, 141(7), 071011-20, 2019. 
doi: 10.1115/1.4043659

https://engineering.unl.edu/mme/faculty/prahalada-rao/

25+ Publications in AM Monitoring (LPBF, DED, AJP, Binder Jetting, FFF),

Have Data will Crunch

https://doi.org/10.1016/j.addma.2019.100916
https://www.tandfonline.com/doi/full/10.1080/24725854.2019.1659525
http://manufacturingscience.asmedigitalcollection.asme.org/article.aspx?articleid=2685298
https://www.astm.org/DIGITAL_LIBRARY/JOURNALS/SSMS/PAGES/SSMS20180035.htm
http://manufacturingscience.asmedigitalcollection.asme.org/article.aspx?articleid=2686568
https://www.tandfonline.com/doi/abs/10.1080/24725854.2018.1478169
http://manufacturingscience.asmedigitalcollection.asme.org/article.aspx?articleid=2724434&resultClick=3
https://manufacturingscience.asmedigitalcollection.asme.org/article.aspx?articleid=2733088
https://engineering.unl.edu/mme/faculty/prahalada-rao/
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The AM pie is Big.
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Prahalada Rao
Assistant Professor
Mechanical and Materials Engineering

University  of Nebraska-Lincoln
rao@unl.edu
Cell: 814-384-9676

Speaker Information

https://engineering.unl.edu/lamps/
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Appendix III

Procedure used to filter transients from IR Data.
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Build 1 (Cylinder) Thermal Data

Raw IR camera measurements includes of several high and low peaks.

Raw IR camera measurements includes of several high and low peaks.
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Removing Transients from IR Data

① : Laser is located at the pixel traced by the IR-camera images

Laser is located at 
the pixel traced in 
the IR-camera 
images.

Laser ON

Pa
rt

IR Camera

Powder Powder

①①
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Removing Transients from IR Data

Inter-layer cooling time (ILCT): The time between successive scans, layer-to-layer.  

Inter layer cooling time

∽10 seconds
Phase 1 Phase 2 Phase 3 

Phase 1  

Inter layer cooling time

∽6 seconds

Phase 2

• Phase 1: 10 seconds
• Phase 2: 6 seconds
• Phase 3: 10 seconds
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Removing Transients from IR Data

② : Recoater returns to back for powder

②

Laser OFF IR Camera

Recoater returns to 
fetch powder and 
momentarily blocks 
the IR-camera

Recoater 
direction

Recoater

②

① ①
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Removing Transients from IR Data

③ : Recoater spreads powder for a new layer

③
Laser OFF IR Camera

Recoater spreads 
powder on a 
new layer, and  
momentarily 
blocks the IR-
camera.

Recoater 
direction

Recoater

② ②

① ①
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Calibration of IR Camera Measurements

20 mm

(TC1)
Thermocouple to 

control heater

(TC2) Thermocouple 
to measure 

temperature

Cartridge heater to control  
temperature 20 mm

TC1
Area of the thermal 

image used for 
calibration 

TC2

T
e
m

p
e
ra

tu
re

 (
K

) 
×

1
0
0

Mean Pixel Value × 1000

Data recorded
by IR camera.

Experimental Data 
Recorded by TC2. 

1 1.5 2.0 2.5 3.0
2

3

4

5

6

7

8

9

• Calibration function applied to convert the raw IR camera data to temperature values.
• IR camera was calibrated empirically for both solid and powder.
• AM part temperature was controlled using a cartridge heater.
• Absolute temperature trends captured using thermocouples embedded in a cavity.

Williams, R., Piglione, A. , Ronneberg, T. , Pham, M. S., Davis, C. M. and Hooper, P. A. , 2019, "In-situ thermography for laser powder 
bed fusion: effects of layer temperature on porosity, microstructure and mechanical properties", Additive Manufacturing, In Press
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Build 1 (Cylinder) Thermal Data

The temperature recorded at center pixel of the middle cylinder. 

Middle Cylinder 
top surface

whole bed

600,000 frames, 60 frames per second.

3 hours build time.

Phase 1 Phase 2 Phase 3 

Thermal data is filtered to remove IR transients.


