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A B S T R A C T   

n this study, an innovative algorithm is developed to transform microstructures to hierarchical graphs without 
manual feature engineering. The hierarchical graph comprises two layers. Initially, pixel data, which includes 
Euler angles, phase, and position, forms the pixel-wise graphs within individual grains. Following this founda
tion, the grains serve as nodes, constituting the second layer. Importantly, the hierarchical graph preserves 
essential measurement data and structural details for training machine learning models. After that, a contrastive 
learning model based on hierarchical graph is designed to capture representations of microstructures obtained by 
the electron backscatter diffraction (EBSD) technique. This model can be directly extended for other microscopy 
techniques, such as Scanning Electron Microscopy (SEM), Energy-Dispersive X-ray spectroscopy (EDX), and 
Transmission Electron Microscopy (TEM). Using the learned microstructure representations, an autoencoder 
model for the directed energy deposition (DED) is developed to establish the relationship among process pa
rameters, microstructures, and material properties, completing the process-structure–property cycle quantita
tively. The performance of the present model is naturally benchmarked against two other models: a contrastive 
learning model based on pixel-wise graph (without manual feature engineering) and a contrastive learning model 
based on grain-wise graph (employing manual feature engineering). The results of the present model highlight 
the potential in decoding the process-structure–property relationships in the DED process.   

1. Introduction 

Laser powder-based directed energy deposition (DED) has seen 
rapidly growth in the manufacturing industry, drawing much interest 
from numerous domains [1]. Complex physical phenomena occur in the 
deposition process and have a significant influence on performance and 
hinder development [2]. It is essential to establish the relationship 
among the process parameters, microstructures, and properties for 
boosting the DED process development [1,3–7]. Within this relation
ship, microstructures are of paramount importance. Yet, incorporating 
microstructures into this relationship is challenging. 

Two primary methodologies to explore microstructures are through 
experimentation and modeling. Experimental techniques, such as 
Focused Ion Beam (FIB), Scanning Electron Microscopy (SEM), Energy- 
Dispersive X-ray spectroscopy (EDX), Electron Backscatter Diffraction 

(EBSD), Transmission Electron Microscopy (TEM), Atomic Force Mi
croscopy (AFM), Atom Probe Tomography (APT), and X-ray Diffraction 
(XRD), offer direct microstructural characterization. This data is then 
employed to discern qualitative relationships ranging from process pa
rameters to microstructures [8], from microstructures to properties 
[9–11], from process parameters to properties [12–16], and among 
process parameters, microstructures, and properties [17–23]. However, 
experiments can only establish qualitative process-structure–property 
relationship within specific experimental settings. 

Alternatively, On the other hand, physics-based modeling delivers a 
quantitative method for simulating microstructures [24–49]. It encom
passes modeling aspects like powder stream, heat source, melt pool, and 
solidification events in the DED process [50]. Yet, this approach has its 
pitfalls: it’s computationally demanding [51] and intricacies arise due to 
the various physical processes involved [52], not to mention the 
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challenges of integrating process parameters, microstructures, and 
properties through multi-scale multi-physics modeling [53,54]. How
ever, physics-based simulations are computationally demanding and 
become intricate due to the involvement of various physical processes. 

To address these challenges, machine learning (ML) has been intro
duced as a potential solution. Li et al. utilized an artificial neural 
network (ANN) to explore the relationship between the grain boundary 
tilt angle and three influencing factors: thermal gradient, crystal orien
tation, and the Marangoni effect [55]. Han et al. introduced a deep 
learning framework designed for the quantitative assessment of metal 
microstructural changes fabricated by AM under varying conditions. 
The primary microstructural descriptors were directly drawn from the 
EBSD patterns. They showcased their model’s proficiency in forecasting 
new microstructures within the representational domain, employing a 
regeneration neural network [56]. Cooper et al. adopted a deep con
volutional generative adversarial network (DC-GAN) to produce 
authentic phase microstructural information [57]. Furthermore, they 
pioneered the SliceGAN architecture, a generative adversarial network 
capable of creating high-resolution 3D datasets using a single illustrative 
2D image [58]. Xue et al. put forth a physics-integrated graph network. 
This approach ingeniously employed a graph depiction of the grain 
structure, integrating conventional phase field theory into the graph 
network. It addressed temperature field, liquid/solid phase ratio, and 
grain orientation variables to minimize a physics-centric loss/energy 
function [41]. Yan et al. utilized data-mining methods to complete the 
cycle of design, prediction, and optimization. This was grounded in 
extensive material modeling that linked process, structure, and property 
relationships for AM materials [53,54]. Fang et al. used a 1D convolu
tional neural network to forecast mechanical properties based on 
simulated thermal history. They analyzed the simulated thermal process 
data, microstructure, and recorded mechanical properties to understand 
the process-structure–property relationship [59]. However, to the best 
of our knowledge, microstructure modeling using machine learning 
without feature engineering and integrating microstructure into the 
interplay of process parameters, microstructures, and properties to 
establish the process-structure–property relationship in the DED process 
remains unexplored. 

Microstructure data obtained via EBSD can be treated as images, but 
this approach has several shortcomings. Firstly, the images contain only 
red, green, and blue (RGB) information, which varies based on different 
software and settings. Secondly, the images need to be preprocessed to a 
uniform size for machine learning. Thirdly, the dataset is much smaller 

in number and larger in size compared to the average 500–1000 clean, 
full-resolution images of 350 × 400 pixels from ImageNet. The larger 
image size increases the requirements for machine learning training. 
Due to these shortcomings, it is unfeasible to apply machine learning 
directly to these images. Therefore, an innovative algorithm was 
developed to transform microstructures into graphs. Graphs offer 
several advantages. Digital values can be stored in each node as node 
features without any loss of information. Additionally, graph nodes do 
not need to be aligned to the same size, and graphs can be trained 
individually or in multiples using graph neural networks. In this paper, 
an innovative algorithm is developed to transform microstructures to 
hierarchical graph. After that, a contrastive learning model based on 
hierarchical graph is proposed to learn the representation of micro
structures obtained by EBSD technique without feature engineering. By 
the learned microstructure representations, an autoencoder model for 
DED process is proposed to establish the relationship among process 
parameters, microstructure, and properties by adding extra loss function 
between the normalized learned representation of microstructures and 
the latent variables from the autoencoder architecture. 

In the following section, an initial introduction is provided on the 
experimental design, procedure and results related process parameters, 
microstructures, and properties. Section 3 presents a contrastive 
learning based hierarchical graph for learning the representation of 
microstructures in DED process. Section 4 leverages an autoencoder 
model to establish the relationship among process parameters, micro
structure, and properties (AE4PSP). Section 5 presents the results and 
discussion. Finally, the conclusion drawn from the current study is dis
cussed in Section 6. 

2. Experimental setup and results 

2.1. Experimental procedure 

The alloy deposited is SS316L (DM 3D-316L) from Dura-Metal North 
America Corporation with a powder composition by weight percentage 
of Fe-17Cr-12Ni-2.5Mo for the entire experiments. The SEM images of 

Fig. 1. SEM image of SS316L powder (a) 50× (b) 200×.  

Table 1 
Chemical composition of SS316L.  

Composition Fe Cr Ni Mo Si Mn O C P 

Wt% Bal.  16.27  13.9  2.71  0.85  0.25  0.082  0.049  0.013  

Table 2 
Particle size distribution of SS316.  

Sieve (µm) − 45 +45 +53 +63 +75 +90 

Wt%  2.00  13.50  27.10  35.00  19.50  2.90  
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SS316L powder are shown in Fig. 1. The chemical composition of 
SS316L powder used for this investigation is shown in Table 1, and 
particle size distribution of the powder is shown in Table 2. 

The DED process is conducted by a BeAM 800 Magic DED machine 
(see machine specification in Supplementary materials Table S1), 
employing the process parameters mentioned before, where the alter
nating scan angle of 90◦ is imposed between printed layers. After the 
deposition process, the printed parts, as shown in Fig. 3 (a), are carefully 
detached from the substrate using a Troop wire cut machine shown in 
Fig. 3 (b), minimizing damage and distortion to the specimens. A portion 
of the block material is then fabricated into tensile test specimens con
forming to specimen 4 from ASTM E8 [60] small-size specimen pro
portional to standard in Fig. 2. 

The remaining cut specimens are then mounted with Polyfast 
conductive resin, providing proper electrical conductivity and stability 
during subsequent microstructure acquisition steps. The mounted sam
ples undergo a series of grinding and polishing stages by Struers as 
shown in Fig. 3 (c) to achieve a mirror-like finish. Initially, 320 grit 
sandpaper is used for grinding to remove surface irregularities and 
attain a flat surface. The specimens are then polished sequentially with 
9 µm and 3 µm diamond suspensions to eliminate scratches and 
smoothen the surface. Final polishing is performed using a 1 µm Oxide 
Polishing Suspension (OPS), resulting in a surface suitable for advanced 
microscopy analyses. Furthermore, the polished specimens are exam
ined using a JEOL 7800F Prime Field Emission Scanning Electron Mi
croscope (FSEM), equipped with a Symmetry EBSD detector as shown in 
Fig. 3 (d). Suitable imaging and data acquisition conditions, including 
accelerating voltage (20 KV), work focus distance (20 mm), mode 2, 
exposure time (0.3 ms) and step size (2 µm), are selected to obtain high- 
quality EBSD data. 

Porosity analysis is carried out using a Keyence VHX-7000 optical 
microscope shown in Fig. 3 (e), with appropriate magnification (200 × ) 
and imaging conditions chosen to capture representative images of the 
specimens. Image analysis techniques are employed to calculate 
porosity percentage and characterize the pore size distribution and 
morphology. The tensile test is performed using a Shimadzu testing 
machine shown in Fig. 3 (h) with a 10 kN load capacity. Prior to testing, 
the tensile coupons are painted black and marked with two white lines 
shown in Fig. 3 (g) to enhance contrast for accurate strain measurement 
using a video extensometer shown in Fig. 3 (h). Vicker hardness mea
surement is conducted by Wilson-VH3100 shown in Fig. 3 (f). 

2.2. Design of experiments 

The DED process involves different process parameters, classified 
into laser, feeding, material & design, and scanning strategy [3]. The 
laser power, the scanning speed, and the powder mass flow rate, XY- 
incremental ratio, Z-incremental ratio are significant parameters 
affecting microstructure, defects (cracks, porosity), geometrical char
acteristics, and mechanical properties [3,5,61]. Therefore, these pa
rameters are chosen as the printing parameters in this research. For 

design of experiments (DOE), 54-run experiments by the response sur
face methodology (RSM) and 20-run full factorial design experiments 
are carried out for modeling of process parameters, microstructure, and 
properties. The ranges of process parameters for the RSM and full 
factorial design are shown in Table 3 and Table 4 separately. 

The process parameters have been meticulously chosen. By default, 
the maximum laser power is set at 2,000 w, and the highest powder mass 
flow rate is 22 g/min. Using the standard parameters provided for 
SS316L, the central point for the RSM in this experiment is established 
with a laser power of 1,300 w, scanning speed of 1,800 mm/min, 
powder mass flow rate of 16 g/min, an XY-incremental Ratio of 0.6, and 
a Z-incremental Ratio of 1.3. It’s worth noting that the XY-incremental 
Ratio represents the width ratio of a single-track deposition, while the Z- 
incremental Ratio signifies its height ratio. 

For the RSM factorial points, the laser power is set between 1,000 
and 1,600 w, scanning speeds range from 1,600 to 2,000 mm/min, 
powder mass flow rates vary between 14 and 18 g/min, XY-incremental 
Ratios are between 0.5 and 0.7, and Z-incremental Ratios lie between 
1.2 and 1.4. Owing to the default alpha value of 1.633, the RSM 
experimental ranges cover laser power from 810 to 1,790 w, scanning 
speeds from 1,437 to 2,127 mm/min, powder mass flow rates from 12.7 
to 19.3 g/min, XY-incremental Ratios from 0.44 to 0.76, and Z-incre
mental Ratios from 1.07 to 1.73. 

Subsequently, the full factorial design’s factorial points have been 
set: laser power ranges from 1,400 to 1,800 w, scanning speeds between 
2,000 and 3,000 mm/min, powder mass flow rates from 16 to 20 g/min, 
XY-incremental Ratios of 0.4 and 0.6, and Z-incremental Ratios of 1.2 
and 1.4. 

2.3. Experimental results 

The inverse pole figure (IPF) maps of EBSD are presented in Table S2 
(see Supplementary materials). The experimental results including yield 
strength, ultimate tensile strength (UTS), elongation at break, Young’s 
modules, porosity, and hardness of RSM and full factorial design are 
shown in Table 5 and Table 6 separately. 

3. Development of algorithm for transforming microstructures 
to graphs 

The microstructure data for this study is collected through an EBSD 
montage with a 5 mm × 5 mm area using Aztec. The fields are aligned 
using an L-shaped “Guided Align” approach, followed by data montage 
and export to an h5oina format. The h5oina file is then imported into 
AZtecCrystal for further processing. Initial data cleanup involves 
removing wild spikes and applying a five-neighbors zero-solution 
removal. After the cleanup process, an EBSD grid mapping consists of m 
rows and n columns of pixels. Each pixel, measuring 2 µm × 2 µm, is 
treated as a node with attributes including pixel ID, grain ID, phase, 
Euler angles (“phi1,” “Phi,” “phi2″), and position (x, y). The total 
number of pixel nodes, N, is approximately 6,250,000, as indicated in 

Fig. 2. Dimension of specimens for tensile test.  
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equation (1). Edges are then established between neighboring pixels, 
forming an adjacency matrix Apixel ∈ RN×N, which creates a pixel-wise 
graph, as illustrated in Fig. 4 (b). 

N = m × n ∈ R (1)  

Given that the grain ID of each pixel is known, one-hot encoding can be 
applied to the N pixels to generate Apixel2grain ∈ RN×K, where K represents 

the total number of grains. In this representation, each grain is treated as 
a node composed of its constituent pixels, thereby reducing the number 
of nodes from millions to thousands. The adjacency matrix of the grain 
graph is derived using equation (2), resulting in a hierarchical graph 
without the need for manual feature engineering, as shown in Fig. 4 (a). 
In contrast to a single, comprehensive pixel-wise graph, a hierarchical 
graph comprises K pixel-wise graphs, each corresponding to a different 

Fig. 3. Sample preparation (a) printed part, (b) Troop wire cut machine, (c) Struers Tegramin 25, (d) JOEL FESEM 7800F, (e) Keyence VHX-7000, (f) Wilson- 
VH3100, (g) tensile coupon, (h) Shimadzu tensile tester. 
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grain. These can be learned simultaneously in parallel as features for 
grains. 

Agrain = Apixel2grain
TApixelApixel2grain ∈ RK×K (2)  

Alternatively, a “Grain Size” analysis is conducted in AZtecCrystal using 
manual feature engineering. During this process, grain features such as 
aspect ratio, centroid (x, y), ellipse angle, ellipse length, mean Euler 
angles (“phi1,” “Phi,” “phi2”), and phase are extracted and prepared for 
the grain graph, as illustrated in Fig. 4 (c). An example of transforming 
microstructures into a grain-wise graph is shown in Fig. 5. 

After applying the developed algorithm to transform microstructures 
into hierarchical graphs, these graph representations enhance the 
analysis and modeling of the microstructure using graph-based models. 
Additionally, this approach allows for a natural comparison between 
pixel-wise and grain-wise graphs. 

4. Development of contrastive learning model based on 
hierarchical graph 

4.1. Premise of graph neural network and contrastive learning 

Graph Neural Networks (GNNs) are a class of deep learning models 
specifically designed to handle graph-structured data. By exploiting the 
relational information between nodes in a graph, GNNs can effectively 
capture complex patterns in data with inherent graph structures. In 
material science, microstructures can be naturally represented as 
graphs, where nodes correspond to individual grains or phases, and 
edges represent grain boundaries or phase interfaces. The relationships 
between various microstructural features, such as grain size, grain 
orientation, and phase distribution, can be captured through the graph 
representation. Traditional machine learning techniques often struggle 
with irregular data and complex relationships found in microstructures. 
However, GNNs are specifically designed to handle such data by 
exploiting the relational information between nodes in a graph. They 
can learn both local and global patterns in the microstructure, providing 
a powerful means to predict material properties based on the underlying 
graph structure. 

The Graph Isomorphism Network (GIN) [62] is advantageous over 
other GNN variants as it is more powerful in distinguishing between 

different graph structures and can better capture the subtleties in graph- 
structured data. This makes it well-suited for tasks such as microstruc
ture modeling, where the intricate relationships between nodes (grains 
or phases) and edges (grain boundaries or phase interfaces) are of 
utmost importance. 

Contrastive learning is a self-supervised learning approach that aims 
to learn meaningful representations of data by optimizing a model to 
discriminate between similar and dissimilar data points. This is achieved 
by training the model to maximize the similarity between semantically 
related (positive) pairs while minimizing the similarity between unre
lated (negative) pairs. The idea is that by learning to recognize the 
differences between positive and negative pairs, the model learns to 
encode meaningful and discriminative features in the data. In the case of 
graphs, positive pairs can be generated by subgraph sampling, node 
reordering, or adding/removing edges, while negative pairs can be ob
tained by sampling unrelated graphs or randomly shuffling the graph 
structure. A GNN is trained to learn node or graph representations that 
maximize the similarity between the positive pairs and minimize the 
similarity between the negative pairs. Simple Siamese (SimSiam) [63] is 
a self-supervised learning method that uses contrastive learning princi
ples for learning representations. However, unlike traditional contras
tive learning methods, SimSiam does not require negative pairs. Instead, 
it learns representations by maximizing the similarity between two 
differently augmented views of the same data point. SimSiam has shown 
promising results in various self-supervised learning tasks, achieving 
competitive performance compared to other contrastive learning 
methods, despite not using negative pairs. This makes SimSiam an 
attractive option for representation learning, especially when compu
tational resources or labeled data are limited. 

4.2. Development of contrastive learning based on hierarchical graph 

In this research, we develop a hierarchical graph based contrastive 
learning (HGCL) model that adopts SimSiam as framework and uses 
hierarchical GNN as backbone, illustrated in Fig. 6, to learn represen
tations of microstructures derived from EBSD data. The EBSD data is 
transformed into pixel-based and grain-based graphs, which are then 
divided into two distinct views. The hypothesis is that if a sufficient 
number of tracks are measured using EBSD from the same set of process 
parameters, the resulting two views derived from the same EBSD data 
should show similarity. To test this hypothesis, an area of 5 mm by 5 mm 
is analyzed using EBSD. The model is designed to learn representations 
by maximizing the similarity between the two different views of the 
same EBSD data. 

The underlying GNN architecture employed in this framework is 
GIN. The update rule for GIN, expressed through the message-passing 
framework, can be described as follows: 

xk+1
i = MLPk

(

(1 + ε) • xk
i +

∑

j∈N(i)

xk
j

)

(3) 

Where xk
i is node i feature of layer k, MLP is a multilayer perceptron, 

xk
j is the feature of node j which is the neighbor of node i, ε is a learnable 

parameter. 
Two linear encoders (f) that share the same architectures and 

weights encode the readout of GIN from two views. 

zi = fΨ
(
xʹ

i

)
(4)  

zj = fΨ

(
xʹ

j

)
(5) 

Where zi is the readout from view 1, zj is the readout from view 2. 
Then a predictor network (h) that is used to create an intermediate 

prediction from one of the encoders. 

pi = h(zi) (6) 

Table 3 
RSM.  

Control factors Level 1 Level 2 Level 3 

Laser power (W) 1,000 1,300 1,600 
Scanning speed 

(mm/min) 
1,600 1,800 2,000 

Powder flow rate 
(g/min) 

14 16 18 

XY-incremental 
Ratio 

0.5 0.6 0.7 

Z-incremental 
Ratio 

1.2 1.3 1.4  

Table 4 
Full factorial design.  

Control factors Level 1 Level 2 

Laser power (W) 1,400 1,800 
Scanning speed 

(mm/min) 
2,000 3,000 

Powder flow rate 
(g/min) 

16 20 

XY-incremental 
Ratio 

0.4 0.6 

Z-incremental 
Ratio 

1.2 1.4  
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pj = h
(
zj
)

(7)  

The symmetric loss function used in SimSiam is the negative cosine 
similarity between the output of the predictor network (pi or pj) and the 
output of the other encoder (zi or zj): 

Loss = −

(
pi • zT

j

‖pi‖ • ‖zj‖
+

pj • zT
i

‖pj‖ • ‖zi‖

)/

2 (8)  

Beside HGCL, another two variants, namely pixel-wise graph based 
contrastive learning (PGCL), grain-wise graph based contrastive 
learning (GGCL), are chosen as benchmark models. The advantage of the 
PGCL is its end-to-end learning capability without requiring any feature 
engineering. However, this approach encompasses millions of nodes, 

resulting in a high computational cost and inability to capture grain- 
level information. On the other hand, GGCL significantly reduces the 
node count from millions to a few thousands. This approach, however, 
necessitates feature engineering to define grain parameters such as 
aspect ratio, centroid (x, y), ellipse angle, ellipse long, mean Euler angle 
(“phi1”, “Phi”, “phi2”), and phase. 

5. Development of autoencoder model for process parameters, 
microstructures, and properties (AE4PSP) 

5.1. Data preprocessing 

Given the limited size of the available data, a design of experiments 
(DOE) informed deep learning methodology [64] is employed to 

Table 5 
Design matrix and properties results of RSM.  

Sample 
No. 

Laser 
power 
(W) 

Scanning 
speed (mm/ 
min) 

Powder mass 
flow rate (g/ 
min) 

XY- 
incremental 
Ratio 

Z-incremental 
Ratio 

Yield Tensile 
Strength 
(MPa) 

UTS 
(MPa) 

Elongation 
(%) 

Young’s 
Modulus 
(GPa) 

Porosity 
(0.01 
%) 

Hardness 
(HV) 

1 1,000 1,600 14  0.5  1.2 497 670 47 152 60 215 
2 1,600 2,000 14  0.5  1.2 453 644 23 148 14 221 
3 1,600 1,600 18  0.5  1.2 414 610 41 127 57 200 
4 1,000 2,000 18  0.5  1.2 490 664 44 157 83 217 
5 1,600 1,600 14  0.7  1.2 449 636 25 146 40 214 
6 1,000 2,000 14  0.7  1.2 469 642 47 133 12 219 
7 1,000 1,600 18  0.7  1.2 448 627 24 140 178 211 
8 1,600 2,000 18  0.7  1.2 493 654 28 55 2 217 
9 1,600 1,600 14  0.5  1.6 415 589 17 128 68 202 
10 1,000 2,000 14  0.5  1.6 449 647 56 165 20 217 
11 1,000 1,600 18  0.5  1.6 421 591 29 118 134 208 
12 1,600 2,000 18  0.5  1.6 449 644 38 153 11 214 
13 1,000 1,600 14  0.7  1.6 477 649 32 142 238 209 
14 1,600 2,000 14  0.7  1.6 431 624 27 148 20 227 
15 1,600 1,600 18  0.7  1.6 438 633 45 146 44 206 
16 1,000 2,000 18  0.7  1.6 492 655 36 136 126 232 
17 1,300 1,800 16  0.6  1.4 451 644 40 164 65 212 
18 1,300 1,800 16  0.6  1.4 425 635 36 134 7 215 
19 1,300 1,800 16  0.6  1.4 444 646 47 135 39 208 
20 1,300 1,800 16  0.6  1.4 459 656 34 142 27 207 
21 1,600 1,600 14  0.5  1.2 401 592 25 130 28 206 
22 1,000 2,000 14  0.5  1.2 451 637 50 103 41 219 
23 1,000 1,600 18  0.5  1.2 434 638 41 154 131 208 
24 1,600 2,000 18  0.5  1.2 419 637 34 141 13 211 
25 1,000 1,600 14  0.7  1.2 447 641 38 142 102 212 
26 1,600 2,000 14  0.7  1.2 486 649 53 163 3 232 
27 1,600 1,600 18  0.7  1.2 432 625 32 139 65 211 
28 1,000 2,000 18  0.7  1.2 460 648 47 162 228 220 
29 1,000 1,600 14  0.5  1.6 468 645 38 111 44 211 
30 1,600 2,000 14  0.5  1.6 377 609 37 120 25 240 
31 1,600 1,600 18  0.5  1.6 361 591 30 113 70 203 
32 1,000 2,000 18  0.5  1.6 490 664 34 154 90 218 
33 1,600 1,600 14  0.7  1.6 416 613 26 135 14 212 
34 1,000 2,000 14  0.7  1.6 448 617 25 132 6 223 
35 1,000 1,600 18  0.7  1.6 474 646 25 131 63 245 
36 1,600 2,000 18  0.7  1.6 445 642 41 102 9 214 
37 1,300 1,800 16  0.6  1.4 429 636 50 130 20 213 
38 1,300 1,800 16  0.6  1.4 − − − − − −

39 1,300 1,800 16  0.6  1.4 − − − − − −

40 1,300 1,800 16  0.6  1.4 − − − − − −

41 810.1 1,800 16  0.6  1.4 506 656 29 143 1.8 211 
42 1,790 1,800 16  0.6  1.4 413 606 21 143 0.1 205 
43 1,300 1,473 16  0.6  1.4 421 626 43 105 0.2 211 
44 1,300 2,127 16  0.6  1.4 417 609 35 126 0.5 220 
45 1,300 1,800 12.7  0.6  1.4 410 613 31 137 0.1 216 
46 1,300 1,800 19.3  0.6  1.4 418 601 36 115 1 212 
47 1,300 1,800 16  0.44  1.4 426 643 45 135 0.3 211 
48 1,300 1,800 16  0.76  1.4 445 642 37 136 0.1 218 
49 1,300 1,800 16  0.6  1.07 436 650 38 153 0.4 214 
50 1,300 1,800 16  0.6  1.73 385 595 45 112 0.4 211 
51 1,300 1,800 16  0.6  1.4 − − − − − −

52 1,300 1,800 16  0.6  1.4 − − − − − −

53 1,300 1,800 16  0.6  1.4 − − − − − −

54 1,300 1,800 16  0.6  1.4 − − − − − −
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Table 6 
Design matrix and properties results of full factorial design.  

Sample 
No. 

Laser 
power 
(W) 

Scanning 
speed (mm/ 
min) 

Powder mass 
flow rate (g/ 
min) 

XY- 
incremental 
Ratio 

Z-incremental 
Ratio 

Yield 
Strength 
(MPa) 

UTS 
(MPa) 

Elongation 
(%) 

Youg’s 
Modulus 
(GPa) 

Porosity 
(0.01 
%) 

Hardness 
(HV) 

1 1,400 2,000 16  0.4  1.4 453 635 43 96 13 208 
2 1,800 2,000 16  0.4  1.2 420 616 27 124 4 200 
3 1,400 3,000 16  0.4  1.2 436 616 40 139 18 211 
4 1,800 3,000 16  0.4  1.4 426 623 27 102 23 209 
5 1,400 2,000 20  0.4  1.2 451 638 36 132 61 213 
6 1,800 2,000 20  0.4  1.4 415 608 36 125 15 213 
7 1,400 3,000 20  0.4  1.4 428 627 44 129 22 212 
8 1,800 3,000 20  0.4  1.2 427 633 35 136 11 207 
9 1,400 2,000 16  0.6  1.2 459 646 48 124 130 216 
10 1,800 2,000 16  0.6  1.4 435 617 30 145 7 209 
11 1,400 3,000 16  0.6  1.4 424 603 35 115 50 209 
12 1,800 3,000 16  0.6  1.2 471 639 27 157 8 211 
13 1,400 2,000 20  0.6  1.4 474 652 37 139 107 210 
14 1,800 2,000 20  0.6  1.2 401 572 31 93 30 209 
15 1,400 3,000 20  0.6  1.2 425 621 55 124 24 206 
16 1,800 3,000 20  0.6  1.4 444 634 31 124 11 216 
17 1,600 2,500 18  0.5  1.3 418 620 25 122 15 209 
18 1,600 2,500 18  0.5  1.3 417 620 40 91 40 205 
19 1,600 2,500 18  0.5  1.3 438 631 29 125 18 212 
20 1,600 2,500 18  0.5  1.3 453 651 37 177 22 197  

Fig. 4. Variants of graphs (a) hierarchical graph (b) pixel-wise graph (c) grain-wise graph.  
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augment the dataset. First, 16-dimensional latent variables of 67 
experimental runs are predicted by the graph-based contrastive 
learning. Next, the augmentation process is applied to map process pa
rameters to latent variables and process parameters to properties. Sub
sequently, the pretraining process is conducted using the augmented 
dataset. Finally, the pretrained model is fine-tuned with the experi
mental dataset to obtain a robust and well-generalized model capable of 
handling complex process parameters, microstructures, and properties 
relationships. 

5.2. AE4PSP model development 

The graph-based contrastive learning models learn to extract 
meaningful and invariant features that can be used as latent variables to 
link process parameters and properties in the proposed autoencoder 
architecture, as shown in Fig. 7. 

Z̃ = fΨ(MLPΘ((A + (1 + ε) • I ) • Xʹ )) (9)  

In Fig. 7, process parameters including laser power, scanning speed, 
powder mass flow rate, XY-incremental ratio, and Z-incremental ratio 

Fig. 5. Transforming microstructures to graph (a). EBSD inverse pole figure, (b) grain-wise graph.  

Fig. 6. Architecture of graph based contrastive learning.  

Fig. 7. Architecture of AE4PSP model.  
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are passed through encoder to get latent variables. 

Z = f∅(X) (10)  

The architecture of the encoder starts with an input layer with five di
mensions representing laser power, scanning speed, powder mass flow 
rate, XY-incremental ratio, and Z-incremental ratio. It follows a dense 
layer to upscale the dimension from 5 to 64, then followed by Batch
Norm, ReLu, and Dropout layers. The outputs from the previous block 
are then passed on to one more set of layers where each set consists of a 
dense layer, a BatchNorm, a ReLu, a Dropout layer, and a residual layer 
to downscale the dimension to 32. Finally, the predicted latent variables 
are reduced to 16 dimensions, as shown in Fig. 8. 

Then latent variables are decoded into properties including yield 
strength, ultimate tensile strength, elongation at break, porosity, and 
hardness. 

X̂ = hθ(Z) (11)  

The architecture of the decoder is a symmetrical architecture of encoder, 
which starts from the 16-dimensional latent variables, upscaling the 
dimension from 16 to 32, then followed by BatchNorm, ReLu, and 
Dropout layers. The outputs from the previous block are then passed on 
to one more set of layers where each set consists of a dense layer, a 
BatchNorm, a ReLu, a Dropout layer, and a residual layer to upscale the 
dimension to 64. Finally, the predicted variables are the properties with 
6 dimensions, as shown in Fig. 9. 

The loss function during the training is as follows: 

Loss = λ • ‖Z − Z̃‖2
+(1 − λ) • ‖X̂

ʹ
− X̂‖2 (12)  

The trained model possesses the capability to predict properties in three 
distinct setups: predicting properties directly from process parameters 
without involving microstructure characteristics, as presented in this 
study; predicting properties from microstructure characteristics without 
considering process parameters; and predicting properties by using both 
process parameters and microstructure characteristics, with the latter’s 
representation being concatenated by ratio. Therefore, the process- 
structure–property loop is completed in forward way, either from 

process parameters to properties, or from microstructure characteristics 
to properties. 

6. Results and discussion 

Evaluating the performance of representation learning doesn’t have 
a straightforward method. Thus, assessing the accuracy of downstream 
tasks is employed. The downstream task is to predict yield strength, 
ultimate tensile strength, elongation at break, porosity, and hardness. 

The Mean Absolute Percentage Error (MAPE) and Root Mean 
Squared Error (RMSE) are selected as the regression metrics to evaluate 
the performance of models. If ŷi is the predicted value of the i-th sample 
and is the corresponding true value, then the MAPE estimated over is 
defined as: 

MAPE(y, ŷ) =
1
N
∑N− 1

i=0

|yi − ŷi|

max(ε, |yi|)
(13)  

The RMSE is defined as: 

RMSE(y, ŷ) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
n
∑n

j=1

(
yj − ŷj

)2
√
√
√
√ (14)  

Table 7 and Fig. 10 illustrate that grain AE4PSP, pixel AE4PSP, and 
hierarchical AE4PSP exhibit similar performance. This indicates that 

Fig. 8. Architecture of the encoder.  

Fig. 9. Architecture of the decoder.  

Table 7 
MAPE and RMSE results.   

Grain AE4PSP Pixel AE4PSP Hierarchical 
AE4PSP  

MAPE RMSE MAPE RMSE MAPE RMSE 

Yield strength (MPa)  0.052  29.8  0.052  29.3  0.050  29.7 
UTS (MPa)  0.030  22.1  0.030  22.8  0.030  22.0 
Elongation (%)  0.189  8.7  0.201  8.8  0.212  9.3 
Young’s modules (GPa)  0.210  27.3  0.211  27.7  0.21  27.2 
Porosity (%)  2.210  0.30  2.623  0.29  2.356  0.29 
Hardness (HV)  0.032  8.24  0.033  8.53  0.034  8.76  
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microstructure representations are learned comparably from grain-wise, 
pixel-wise, and hierarchical graphs. The MAPE for predictions of yield 
strength, UTS, and hardness are all below 5.2 %, whereas the MAPE for 
porosity exceeds 200 %. This discrepancy is due to the very small ab
solute value of porosity (less than 1.5 %), resulting in an RMSE for 
porosity as low as 0.3. For elongation and Young’s modulus predictions, 
the MAPE is approximately 20 %. 

The similar conclusion can be drawn from the plotted line chart in 
Fig. 11, which includes ± 5 % (darker grey bands) and ± 10 % (lighter 
grey bands) margins. The relative error percentages for predicting yield 
strength, tensile strength, and hardness fall within the 10 % band. The 
high relative error percentage for porosity prediction is due to the very 
small actual porosity values (less than 1.5 %). Despite this, the machine 
learning models can accurately follow the trend of porosity, with RMSE 
values being low (0.3 %). The predictions for elongation at break are 
within the normal range but fail to capture extreme values (less than 30 
% and higher than 45 %). Similarly, the predictions for Young’s 
modulus, ranging between 120 GPa and 140 GPa, adhere to the principle 
that Young’s modulus is an inherent material property but do not ac
count for experimental values below 100 GPa. The results indicate that 
the performance of models using pixel-wise and hierarchical graphs is 
nearly identical, as both approaches derive from pixel data without 

manual feature engineering. In contrast, the grain-wise graph, which 
involves manual feature engineering, shows slight deviations. The dis
crepancies observed between the model predictions and experimental 
results are primarily attributed to the smoothing effects inherent in 
machine learning models and experimental errors. The results demon
strate that anomalies, particularly the spikes, originate from experi
mental data. Outliers in elongation and Young’s modulus are likely due 
to experimental errors or defects in the specimens. Therefore, further 
investigation into the experimental results for both elongation and 
Young’s modulus is warranted. 

What is more, the computational cost of training contrastive learning 
based on entire set of hierarchical graphs of EBSD microstructures also 
has been considered in our study. The initial idea is to convert each pixel 
into a graph node aligned with the EBSD data acquisition process 
without manual feature engineering, forming a pixel-wise graph. How
ever, due to the millions of graph nodes, training is extremely slow. As 
shown in Table 8, PGCL is the most resource intensive. It uses the most 
CPU time (38 h, 32 min, and 10 s) and memory (about 13.56 GB). It also 
requires the highest amount of virtual memory at approximately 77.82 
GB. To address this, a hierarchical graph was proposed to enable parallel 
training of smaller pixel-wise graphs converted from the pixels within 
each grain. HGCL uses 1 h, 10 min, and 33 s of CPU time, consumes 

Fig. 10. Results (a) MAPE, (b) RMSE.  
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around 6.69 GB of memory, and uses about 57.23 GB of virtual memory. 
Furthermore, with manual feature engineering (selecting grain features 
through AZtecCrystal grain processing), grain-wise graphs are created. 
This reduces the number of graph nodes from millions to thousands, 
significantly speeding up the training process by eliminating the need 
for feature learning from pixel-wise graphs within grains. GGCL is the 
most efficient in terms of both CPU time and memory usage. It uses 4 
min and 42 s of CPU time, consumes approximately 2.56 GB of memory, 
and uses around 15.62 GB of virtual memory. In summary, the PGCL 
model requires the most resources in terms of CPU time, memory, and 
virtual memory. The GGCL is the least resource-intensive, while the 
HGCL falls in between. 

7. Conclusion and future work 

In this study, an innovative algorithm is developed to transform 
microstructures to hierarchical graphs, preserving essential measure
ment data and structural details for training machine learning models. 
After that, a HGCL model is proposed for representation of microstruc
tures obtained by EBSD technique. This model can be directly extended 
for other microscopy techniques, such as SEM, EDX, and TEM. By the 
learned microstructure representations, an autoencoder model for DED 
process is proposed to establish the relationship among process pa
rameters (laser power, scanning speed, powder mass flow rate, XY- 
incremental ratio, Z-incremental ratio), microstructures, and material 
properties (yield strength, ultimate tensile strength, elongation at break, 
Young’s modules, porosity, and hardness). The present model not only 

Fig. 11. Prediction results of AE4PSP (a) Tensile strength, (b) UTS, (c) Elongation at break, (d) Young’s modules (e) Porosity (f) Hardness.  
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provides fundamental insights but also conduct a process-structur
e–property forward loop quantitatively, ensuring continuous material 
refinement. 

One of the main limitations of the current research are the small 
dataset size limits the generalizability of the findings and the inability to 
decode the microstructures from the representation. Furthermore, the 
absence of a direct method to evaluate the performance of the repre
sentation learning of microstructure poses a limitation on the inter
pretability. Lastly, the high computational cost associated with the 
representation learning of microstructures, particularly without the use 
of manual feature engineering, is another significant limitation. 

In future work, expanding the dataset to enhance the robustness of 
conclusions and being able to reconstruct or decode the microstructures 
from the learned representations would offer more insights into what the 

model has learned and how it can be manipulated or applied in novel 
ways can address first two limitations. Neighbor sampling algorithms in 
data preparation stage can be applied to HGCL for further developing 
efficient and scalable GNN. 
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