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Abstract: 

Additive manufacturing (AM), particularly selective laser melting (SLM), has 

revolutionized the industrial manufacturing sector owing to its remarkable design 

flexibility and precision. However, it is well known that slight changes in SLM process 

parameters may highly affect the surface quality of the as-built product. In this paper, 

we investigate the influence of SLM printing parameters (laser power, laser scanning 

speed, layer thickness, and hatch distance) on surface quality and develop a predictive 

model for surface quality based on the given printing parameters. The developed model 

is constructed by a Bayesian Optimization and soft Attention mechanism-enhanced 

Transfer learning (BOAT) framework with superior domain adaptability and 

generalization capability. Through experimental validation, the effectiveness of the 

BOAT approach in estimating printing parameters and correlating them with surface 

quality has been verified. The comprehensive methodology, experimental 

configurations, prediction results, and ensuing discussions are all presented. This study 

contributes to providing valuable insights and practical implications for improving the 

competitiveness and impact of SLM in advanced manufacturing by accurately 

predicting surface quality with specified printing parameters. 
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1. Introduction 

Additive manufacturing (AM), also known as 3D printing, has gained widespread 

usage in industrial manufacturing due to its exceptional design flexibility and high 

precision in fabricating intricate and customized components. Selective laser melting 

(SLM), increasingly referred to as laser powder bed fusion (LPBF) in AM community, 

is a notable metal AM process that has emerged as a revolutionary technique in 

advanced manufacturing. Similar to the conventional machining processes, SLM’s high 

surface quality is a basic feature, which is a critical aspect that significantly influences 

the overall performance and integrity of the produced parts [1]. Inadequate surface 

quality may result in the formation of defects such as cracks, porosity, and substandard 

roughness, compromising the functionality of manufactured parts [2]. Additionally, the 

utilization of SLM in various industries is hindered by its high cost, encompassing 

expenditures on equipment, materials, and labor. Currently, optimizing printing 

parameters for SLM is a complex and time-consuming process due to the involvement 

of multiple variables. The lack of a streamlined approach further exacerbates the costs 

and time requirements associated with SLM. Therefore, it is crucial to identify the 

impacts of printing parameters on surface quality and develop novel approaches to 

enhance the competitiveness of SLM and its impact on the manufacturing industry.  

Researchers and industry professionals have made significant efforts over the past 

decades to improve the surface quality of SLM-formed parts. It was found that the 

surface quality strongly depends on the powder (e.g., grain size [3], morphology [4], 
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chemical composition [5]). Sendino et al. [3] investigated the effects of Particle Size 

Distribution (PSD) on surface finish of SLM-formed parts by printing with Inconel 718 

powders of varying PSD. Their study suggests a strong correlation between surface 

roughness and the fraction of smaller particles within the PSD of the batch. However, 

no relationship was found between surface roughness and the larger particles. The 

morphology of the powder particles also influences surface finish, with fewer spherical 

particles contributing to higher surface roughness [4]. In the study conducted by Miao 

et al [5], who utilized a mixture of powders (AlSi10Mg-316L) for SLM fabrication, 

their findings suggest that powder composition has a notable impact on surface 

roughness. The overall mean roughness decreases with an increase in AlSi10Mg 

content. This phenomenon was attributed to the superior wettability of AlSi10Mg 

compared to 316L and the smaller average particle size of AlSi10Mg in comparison to 

the 316L powder.  

More studies have concentrated on examining the impact of various process 

parameters on surface quality in SLM. Numerous experimental investigations have 

explored the influence of different parameters, including laser power [6–10], scanning 

speed [7–10], layer thickness [6], hatch spacing [6,8,9], scanning strategy [11], 

inclination angle [10], exposure time [6]. Additionally, some investigations have gained 

insights into the effects of process parameters on surface quality using physics-driven 

methods. Khorasani et al. [12] mathematically characterized the thermal effects of 

process parameters on the average surface of SLM Ti6Al4V samples. Their results 
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indicated that higher energy density and temperature result in lower surface tension and 

capillary force, leading to unstable and lower surface quality. However, due to the 

multitude of influential parameters and the complexity of their potential interactions, 

the aforementioned studies have typically focused on only a subset of parameters at a 

time. Moreover, both experimental works and physics-based modeling are generally 

expensive and time-consuming, making it nearly impossible to conduct them 

simultaneously in large quantities.  

Hence, there is a significant interest in developing optimization algorithms for 

SLM parameters based on multidimensional datasets. Various approaches for 

optimizing process parameters exist, such as the Taguchi method [13,14], Response 

Surface Method (RSM) [15,16], and genetic algorithms [17,18]. Li et al. [16] proposed 

an RSM-based method to enhance the surface quality of SLM-formed Ti6Al4V parts, 

investigating the relationship between SLM process parameters (power, scanning speed, 

and scanning space) and surface roughness. They obtained optimal process parameters 

using the RSM method, which were experimentally verified. Xia et al. [18] utilized a 

multi-objective genetic algorithm to create a predictive model of surface quality 

involving four key process parameters (defocusing amount, laser power, scan speed, 

and layer thickness). The obtained model was then employed to optimize the process 

parameter combination, enhancing the surface quality of SLM-formed parts. However, 

these optimization algorithms were typically employed to investigate only specific 

parameters, limiting their ability to generalize SLM characteristics.  
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In addition to the aforementioned approaches, data-driven Machine Learning (ML) 

is an approach that can simplify the process of finding suitable SLM parameters and 

avoid the high costs associated with experiments and testing. This approach has been 

widely used in the AM community [19–24]. Some studies in this domain have focused 

on process parameter optimization [5,25], defect prediction [26,27], and surface quality 

prediction [28]. Supervised learning models in ML can be considered as black-box 

functions [29] and can be directly integrated into a parameter optimization workflow. 

In short, these functions take the process parameters of printing (e.g., laser power, 

scanning speed, layer thickness, hatch distance) as input variables, and the output could 

be relative density, surface roughness, hardness, and mechanical properties. Nguyen et 

al. [30] developed a supervised Artificial Neural Network (ANN) to optimize the 

relative density of a product manufactured by SLM. Chen et al. [31] developed a 

supervised gradient descent-based neural network model to detect track defects and 

identify suitable parameter combinations (i.e., laser power and scanning velocity) to 

fabricate defect-free tracks. Bao et al. [32] developed a Support Vector Machine (SVM) 

model for predicting the fatigue life of SLM Ti6Al4V samples. The results indicate that 

the developed model has higher accuracy in prediction than another ML method, i.e., 

the k-nearest neighbor algorithm. Other ML models, such as Gaussian Process 

Regression (GPR) [33,34], Random Forest Regression (RFR) [35,36], and Adaptive 

Neuro-Fuzzy Inference System (ANFIS) [28,37], also find applications in SLM. La Fé-

Perdomo et al. [38] conducted a comprehensive comparison study of statistical (RSM) 
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and ML-based approaches (ANN, SVM, GPR, RFR, and ANFIS) for modeling the 

relationship between four process parameters (laser power, scanning speed, hatch 

distance, and layer thickness) and surface roughness, relative density, and mechanical 

properties of 316L stainless steel specimens. Their investigation shows that it is 

impossible to accurately predict all the studied variables using a single model, and more 

than one technique is necessary for reliable forecasting.  

However, ML models for SLM applications still have certain limitations despite 

their effectiveness. Some studies focused on specific materials or applications, which 

limits their generalizability [39,40]. Others that considered only a short range of process 

parameters may not provide a comprehensive understanding of their effects on printed 

parts. Conversely, when the range of process parameters increases, resulting in large 

amounts of labeled data, the computational resources and time consumption for training 

ML models from scratch could significantly increase. Furthermore, the high cost of raw 

materials for metal additive manufacturing is often not taken into account, and many 

studies do not consider the economic feasibility or practicality of implementing 

proposed process parameters in real-world manufacturing settings. Hence, it is often 

costly to obtain a satisfying model of high performance. 

A promising approach, named transfer learning (TL), can overcome these 

drawbacks. TL can leverage the prediction ability of a previously trained model, 

requiring much less training data and reducing time and cost for constructing a new 

model for a targeted task. Moreover, TL can bridge among various data sources that 
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reveal common information of interest [41]. The pre-trained model could serve as a 

general model used as a feature extractor for a new classifier. For example, Li et al. [42] 

utilized the well-known deep VGG16 model as a pre-trained model, initially trained on 

an AM-unrelated dataset (i.e., ImageNet) to extract intrinsic and common features from 

raw image data. A TL model is further constructed with fine-tuning for in-situ quality 

inspection of SLM products. Similar TL models in AM can be found in some other 

references [43–45]. Also, the pre-trained model could be acquired from a related 

domain to improve performance in a target domain. The transfer directions of applying 

such models include TL across different AM processes (e.g., from LPBF to binder 

jetting [46], from bead-on-plate process to bead-on-powder process in LPBF [47]), 

different materials (e.g., from 316L stainless steel to CuSn8 bronze [48], from Ti6Al4V 

to 316L stainless steel [49]), different printers [50,51], and various geometries of AM 

products [52,53].  

Inspired by the successful applications of TL in AM and to overcome the 

limitations of conventional ML approaches, we develop an ensemble approach called 

BOAT (Bayesian Optimization and soft Attention mechanism-enhanced Transfer 

learning) for surface quality prediction of SLM. The proposed BOAT approach offers 

prominent generalization capabilities, feature identification, prediction accuracy on 

small datasets based on previous data, and low training costs. To demonstrate the 

efficiency of BOAT, experiments were conducted on sample fabrication using Fused 

Deposition Modeling (FDM) and SLM processes. The resulting data was used to 
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construct datasets for validation. In the developed model, knowledge learned from the 

FDM dataset was transferred to the SLM dataset to construct the BOAT model. The 

hypothesis that the FDM-printed samples can help with the training TL model used in 

the scenario of SLM is based on the facts that SLM and FDM both have some 

underlying similarities: both FDM and SLM employ a layer-by-layer approach to 

fabricate objects, and they progressively melt and stack materials at each level, 

ultimately forming the desired object. The experimental validation results were 

analyzed using four performance indicators: Accuracy, Precision, Recall, and F1-score. 

Additionally, training history plots and Confusion Matrix (CM) diagrams were used to 

visually compare different hyperparameters at various magnitudes.  

Overall, we have demonstrated the effectiveness of the proposed BOAT approach 

for estimating the correlation between printing parameters and surface quality 

(represented by surface roughness in this study) on a small dataset involving SLM-

printed samples using data obtained from similar issues. The subsequent sections of this 

paper will present the methodology, experimental configurations, results, and delve into 

the research findings to discuss their implications in further detail.  

2. Selective laser melting process and fundamentals of BOAT approach 

2.1. Description of selective laser melting 

SLM is a sophisticated AM process that utilizes a high-power laser to selectively 

merge metallic powders, forming intricate three-dimensional structures layer by layer. 
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This technique provides precise management over the melting dynamics, allowing for 

the fabrication of highly personalized components boasting exceptional mechanical and 

geometric properties [54]. Fig. 1 displays a schematic illustration of the SLM process, 

delineating the key components integral to an SLM printing facility [7,11,55]. 

 

 

Fig. 1. Schematic illustration of the SLM printing process. 

 

The SLM process initiates with the conversion of a computer-aided design (CAD) 

model into discrete horizontal layers. Following this, a uniform layer of powdered 

material (e.g., titanium, steel, nickel, alloys, ceramics, composites [54]) is evenly spread 

onto a build platform. By precisely scanning a focused laser beam, each layer undergoes 

selective melting, conforming to the desired design specifications. The ultimate quality 

of SLM parts is influenced by numerous process parameters (powder-related, laser-

related, and powder-bed-related variables [56]), owing to the intricate system and 
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mechanisms involved.  

SLM using Ti6Al4V powder is a widely studied topic by researchers from diverse 

fields. Despite encountering challenges, such as the formation of defects during the 

SLM process, researchers persist in improving and optimizing fabrication parameters. 

Their goal is to maximize the utilization of Ti6Al4V material through the SLM 

technique by precisely controlling laser parameters and powder bed characteristics. It 

is possible to achieve high-density parts with favorable mechanical and metallurgical 

properties. This technique finds profound utility across diverse industries such as 

aerospace, automotive, and biomedical, where the demand for tailor-made and high-

performance parts remains paramount [57,58]. 

2.2. Fundamental of the BOAT approach 

In present-day practice, the correlation between process parameters and surface 

quality of the part fabricated by SLM is predominantly established through iterative 

experimentation, also known as trial-and-error. However, the trial-and-error approach 

has significant drawbacks, including being time-consuming, lacking systematicity, 

relying on subjective judgment, and being sensitive to initial conditions and 

environmental factors. Therefore, there is an urgent need to develop novel approaches 

to address these limitations and provide efficient and reliable parameter optimization 

strategies [10]. This necessity has motivated the proposal of the BOAT approach 

mentioned in this section, which aims to overcome the shortcomings of the currently 
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employed method by implementing a more systematic and objective optimization 

strategy [59,60]. 

2.2.1. Soft attention mechanism-enhanced 1DCNNs 

In recent years, the attention mechanism has played a significant role in enhancing 

the performance of intelligent models by enabling them to focus on relevant 

information selectively. These mechanisms provide a foundation for developing more 

sophisticated models with an improved understanding of complex data patterns. The 

attention mechanism operates by assigning weights to different elements of the input 

sequence or feature map, emphasizing more relevant information and suppressing less 

important ones. 

Over the past decades, One Dimensional Convolutional Neural Networks 

(1DCNNs) have been extensively employed in sequence data processing. However, the 

conventional 1DCNNs may not effectively identify and highlight important features in 

complex input data, generally in a sequence. To overcome this obstacle, the attention 

mechanism is employed to enhance the capability of attention-based convolutional 

neural networks to capture significant feature dependencies at various scales. This is 

achieved by focusing on different parts of the input sequence [61,62]. 

Supposing there is an input sequence X, which can be expressed by Eq. (1): 

 [ , , , ] D N×= ∈ 1 2 NX x x x  (1) 

where nx  is a vector with n dimensions ( [ ]1,n N∈ ), and D∈nx . The soft attention 
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mechanism is deployed in this study. Given a task-related query vector 𝒒𝒒, we use the 

attention variable ,[ ]1z N∈  to denote the index position of the selected information. 

Specifically, 𝑧𝑧 = 𝑛𝑛 indicates that the 𝑛𝑛-th input vector has been chosen. The probability 

𝛼𝛼𝑛𝑛 of selecting the 𝑛𝑛-th input vector, given 𝒒𝒒 and 𝑿𝑿, can be computed using the 

following Eq. (2): 
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where 𝛼𝛼𝑛𝑛 is referred to as the attention distribution, and 𝑠𝑠(𝒙𝒙, 𝒒𝒒) represents the attention 

scoring function. In this study, the scoring function is a dot production given by Eq. 

(3): 

 ( ), Ts =x q x q  (3) 

Then the attention can be calculated by the following Eq. (4): 
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Fig. 2. Customized architecture of the soft attention mechanism-enhanced 1DCNNs. 

 

Particularly, the customized architecture and operating principle of the proposed 

Attention mechanism-enhanced CNNs (ACNNs) with one-dimension can be 

diagrammatically illustrated in Fig. 2. This figure illustrates the architecture of the 

model, which comprises an input layer, two convolutional blocks for feature extraction 

from the provided dataset, and additional layers for dimension reduction, preventing 

overfitting, and transforming multidimensional data into a one-dimensional form. 

Additionally, a customized architecture includes an attention layer with an inner 

operation that highlights the most important information transmitted from the preceding 

layers. The data processed by the attention layer is subsequently inputted into a 

classifier consisting of fully connected networks. 

The ACNNs model depicted in Fig. 2 aims to achieve a high-performance pre-

trained base model (PBM) that will be used in the proposed BOAT approach. The 
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ultimate output of the ACNNs model is the classification of the dataset in the source 

domain into different classes based on surface roughness magnitudes. Furthermore, the 

hyperparameters of the ACNNs model are optimized using the Bayesian algorithm to 

obtain the optimal combinations and the best-performing model. 

2.2.2. Fundamentals of the proposed BOAT approach 

The proposed BOAT approach incorporates well-known Bayesian optimization 

algorithms, a customized ACNN architecture described in the previous section, and a 

fine-tuning-based TL strategy. Fine-tuning is a widely used technique in the TL 

community, involving training a pre-trained model on a large dataset and then adapting 

it to a new task with a limited amount of labeled data [63,64]. The fine-tuning process 

starts by initializing the model parameters with the pre-trained model, which has 

typically been trained on a related task or dataset. The initialized parameters are then 

further refined through additional training on the target task. This approach allows the 

model to leverage the generic features and representations learned from the PBM, thus 

speeding up the learning process for the specific target task [65].  

In the TL community, it is customary to freeze the lower layers of the pre-trained 

model during fine-tuning. These lower layers typically consist of convolutional layers 

that are responsible for capturing low-level features. Meanwhile, only the higher layers, 

such as fully connected layers that are more task-specific, are updated during the fine-

tuning process. By employing this selective fine-tuning strategy, the model preserves 
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the generic features learned by the lower layers while enabling the higher layers to 

adjust and specialize for the nuances of the target task. 

Generally, the objective of fine-tuning is captured by the objective expression 

given in Eq. (5): 

 tuning source targetL L Lα β= ⋅ + ⋅  (5) 

where α  and β  are weighting parameters that balance the influence of the source 

task loss sourceL   and the target task loss targetL  . The model parameter update rule 

during fine-tuning is represented as the equation below: 

 tuning
new old

L
θ θ λ

θ
∂

= − ⋅
∂

 (6) 

where newθ  and oldθ  denote the updated and current model parameters, respectively. 

λ  is the learning rate and tuningL θ∂ ∂  indicates the gradient of the objective function 

concerning the model parameters.  

Furthermore, considering a source task sT  and a target task tT , with input spaces 

sχ  and tχ , alongside output spaces sγ  and tγ  respectively, the goal of fine-tuning 

is to improve the performance of the target task tT . Features ( )
s

fθ ⋅  can be obtained 

on a source task sT  from a pre-trained model. Then, it can be fine-tuned with a model 

( )
t

hθ ⋅  for predicting target tasks tT  alongside a loss function ( )
tTL hθ . Therefore, the 

problem for fine-tuning TL can be yielded as the below Eq. (7): 

 min ( ) ( ( ( )), )
t t t s

i t

T i i
x D

L h l h f x yθ θ θ θ
∈

= ∑  (7) 

where ( , )l ⋅ ⋅  is the loss function and iy  is the true label of ix . By optimizing Eq. (7), 

a model with better performance on the target task can be obtained. Overall, the use of 
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fine-tuning allows for the effective adaptation of pre-trained models to new tasks, even 

when there is limited labeled data available. This approach facilitates the development 

of task-specific models in resource-constrained scenarios, where training a model from 

scratch might be impractical or infeasible due to the scarcity of labeled data. Fine-

tuning leverages the knowledge and representations learned by the pre-trained model, 

significantly reducing the amount of data required to achieve good performance on the 

target task. Thus, it offers an efficient solution for building task-specific models in 

resource-limited settings. 

Regarding this study, the fine-tuning-based TL strategy utilizes ACNNs to transfer 

knowledge from the source domain to the target domain. This process is visually 

represented in Fig. 3, where the graphical illustration demonstrates how ACNNs are 

employed to transfer learned features and weights from the pre-trained model in the 

source domain to the target domain. By fine-tuning the transferred model using the data 

from the target domain, the ACNNs can adapt and generalize effectively to new tasks 

and datasets. 
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Fig. 3. Architecture of the fine-tuned ACNNs with frozen and trainable layers. 

3. Experimental set-up and dataset construction 

3.1. Experimental set-up 

To validate the effectiveness of the proposed BOAT approach, we conducted two 

independent experiments using both FDM and SLM processes. Each experiment 

involved different printing parameters and specifications, allowing us to assess the 

performance of the BOAT approach in diverse printing scenarios. The primary objective 

of these experiments is to evaluate the efficacy of the BOAT, generalization capability, 

and accuracy across various applications, thus providing comprehensive evidence of its 

effectiveness. 

In this study, the 3D-printed samples produced by the FDM process were 

considered the source domain, while the samples fabricated by SLM were categorized 
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as the target domain. Furthermore, the surface quality of these samples was 

characterized by measuring the surface quality using a laser microscope (VK-X200, 

Keyence Co. Ltd.). The material for FDM printing is Poly Lactic Acid (PLA) filament 

with a diameter of 1.75 mm, and for SLM printing is Ti6Al4V with a particle size 

generally ranging from 15 μm to 60 μm. The parameters relevant to the FDM and SLM 

printing process are enumerated in Table 1. Moreover, the values of FDM and SLM 

printing parameters are presented in Table 2 and Table 3, respectively.  

 

Table 1 

Overall comparison between the source domain and target domain. 

 
Printing 

process 

Sample 

sizes 

(Unit: mm) 

Material 
Sample 

quantity 

Printing 

parameters 

(Input/Features) 

Variable 

(Label) 

Source 

domain 
FDM 20×15×5 

PLA 

filament 
625 

Material flow 

Scan speed 

Layer height 

Nozzle temp. 
Surface 

roughness 
 

Target 

domain 

 

SLM 

 

8×8×10 

 

Ti6Al4V 

powder 

 

79 

 

Laser power 

Scan speed 

Layer height 

Hatch distance 
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Table 2 

Printing parameters of the FDM process used in experiments. 

Layer height 

(mm) 

Scan speed 

(mm/s) 

Nozzle temperature 

(℃) 

Material flow 

(%) 

0.05 60 195 95 

0.10 65 200 100 

0.15 70 205 105 

0.20 75 210 110 

0.25 80 215 115 

 

Table 3 

Printing parameters of the SLM process used in experiments. 

Laser power 

(W) 

Scan speed 

(mm/s) 

Hatch distance 

(mm) 

Layer thickness 

(mm) 

150 600 0.08 0.03 

200 800 0.1 0.04 

250 1000 0.12 0.05 

300 1200 0.14 0.06 

 

The fabricated samples, which were produced using the designed printing 

parameters and the FDM and SLM facilities, are depicted separately in Fig. 4 and Fig. 

5. The surface structure images of FDM and SLM-printed samples measured by the 

laser microscope are illustrated in Fig. 6 and Fig. 7, demonstrating that the surface 

condition has no evident manufacturing defects. Besides, Fig. 6 and Fig. 7 illustrate the 
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different surface quality between FDM and SLM printing processes. By comparing Fig. 

6 and Fig. 7, it can be observed that the surface of the FDM printing is formed line by 

line, and the SLM is by layer-wise melting. However, we can also find numerous 

unmelted particles in Fig. 7 (a), which significantly influence the quality of the initial 

surface. It should also be noted that only the exemplary samples are presented due to 

the difficulty of showing all the images in one paper. 

 

 

Fig. 4. FDM printing system used in experiments. 

 

 

Fig. 5. SLM printing system used in experiments: (a) fabricated titanium alloy samples, 

(b) EP-M300 SLM facility. 

(a)

Detail view

(b)
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Fig. 6. Surface measurement of FDM-printed sample: (a) laser microscope system, (b) 

optical inspection image, (c) laser inspection image, (d) height map.  

 

 

Fig. 7. Surface measurement of SLM-printed sample: (a) optical inspection image, (b) 

height map, (c) 3D surface microstructure. 

(c)

(b)(a)

Unmelted 
particles
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3.2. Datasets construction using 3D-printed samples 

Following the completion of an exhaustive assessment of the surface quality 

exhibited by the 3D-printed specimens, it becomes a viable prospect to compile and 

establish an inclusive dataset meticulously. The dataset from the source domain 

includes surface roughness data of FDM-printed samples with 625 entries, while the 

surface roughness data of the SLM-printed samples, comprising 79 entries, forms the 

target domain. The distribution of the surface roughness varying with the printing 

parameters has been illustrated in Fig. 8. Fig. 8 (a) depicts the distribution of 625 data 

points of the FDM-printed samples based on surface roughness in a gradient manner, 

whereas Fig. 8 (b) illustrates the distribution of the 79 SLM-printed samples according 

to surface roughness. The color bars on the right side of Fig. 8 clarify the range of 

surface roughness in terms of the corresponding color. 

 

 

Fig. 8. Surface roughness distribution of 3D-printed samples: (a) data of FDM-printed 

samples in the source domain, (b) data of SLM-printed samples in the target domain. 

 

(a) (b)
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By leveraging the data points depicted in Fig. 8, the dataset used for validating the 

proposed BOAT approach can be formulated. This dataset comprises four distinct 

features or dimensions, each accompanied by their corresponding labels. The 

independently constructed datasets for both the source and target domains are 

meticulously enumerated in Table 4, which exhibits that the printing parameters 

between the source and target domains have essential differences. Table 4 has the four 

input features from Feat.1 to Feat.4 in the FDM and SLM printing scenarios, and each 

feature represents a kind of printing parameter. In this study, eighty percent of the data 

are used for training and the rest for model performance testing in the source and target 

domains. The built dataset aims to evaluate the surface quality of SLM printing based 

on other 3D printing processes with lower costs. 

Furthermore, it is essential to note that the two datasets used in this study are 

independently categorized into eight and five classes regarding the surface roughness 

values. Each category represents a specific range of surface roughness, and the specific 

details of each surface roughness scope are enumerated in Table 5. This categorization 

provides a structured representation of the varying levels of surface roughness present 

in the datasets, allowing for a more comprehensive analysis and evaluation of the 

model’s performance. 
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Table 4 

Datasets in the source and target domains built with the initially experimental data. 

Domains Feat.1 Feat.2 Feat.3 Feat.4 Label Category 

Source 

domain 

(625 data) 

Layer 

height 

(mm) 

Scan 

speed 

(mm/s) 

Nozzle 

temperature 

(℃) 

Material 

flow 

(%) 

Surface 

roughness 

(μm) 

C1 

to 

C8 

0.05 60 195 95 4.10 

0.10 60 195 95 3.74 

0.15 60 195 95 3.88 

0.20 60 195 95 4.70 

… … … … … 

0.20 80 215 115 4.87 

0.25 80 215 115 7.61 

Target 

domain 

(79 data) 

Laser  

power 

(W) 

Scan 

speed 

(mm/s) 

Hatch 

distance 

(mm) 

Layer 

thickness 

(mm) 

Surface 

roughness 

(μm) 

C1 

to 

C5 

150 600 0.08 0.03 14.72 

200 600 0.08 0.03 15.69 

250 600 0.08 0.03 19.01 

300 600 0.08 0.03 19.74 

… … … … … 

250 600 0.10 0.06 16.34 

300 600 0.10 0.06 17.20 
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Table 5 

Categories and the corresponding surface roughness scope. 

Categories 

FDM-printed samples 

Source domain 

(Unit: μm) 

SLM-printed samples 

Target domain 

(Unit: μm) 

C1 Ra∈[2.0, 3.0) Ra∈[11.5, 13.5) 

C2 Ra∈[3.0, 4.0) Ra∈[13.5, 15.5) 

C3 Ra∈[4.0, 5.0) Ra∈[15.5, 17.5) 

C4 Ra∈[5.0, 6.0) Ra∈[17.5, 19.5) 

C5 Ra∈[6.0, 7.0) Ra>19.5 

C6 Ra∈[7.0, 8.0) — 

C7 Ra∈[8.0, 9.0) — 

C8  Ra∈[9.0, 10.0] — 

                                                                                                                                                                                                           

4. Results and discussion 

4.1. Data pre-analysis and effects of printing parameters on surface roughness 

This section presents a preliminary data analysis aimed at revealing the relationship 

between printing parameters and surface roughness, with the purpose of providing 

initial insights into the impact of these parameters on surface roughness. The analysis 

commenced by examining a diverse range of commonly manipulated printing 

parameters enumerated in Table 2 and Table 3, respectively. 

To capture practical variations encountered in real-world applications, different 
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levels were specifically chosen for each parameter. Subsequently, a series of test prints 

were generated under operational conditions using a standardized printing 

configuration. Surface roughness measurements were acquired in the laboratory. A 

three-dimensional scatter illustration has been depicted in Fig. 9 based on the principle 

of controlling variates. It should be noted that the original set comprised 20 images with 

the dimension of four rows and five columns; however, to accommodate space 

constraints, only a subset of 4 exemplary images is presented herein. Above all, the 

original data obtained from the experiments were rigorously cleaned and preprocessed 

to ensure accuracy and reliability. There are 125 data points in each subplot of Fig. 9 

under the condition of keeping one of the printing parameters constant. The different 

colors are related to the magnitude of the surface roughness, which is clarified via a 

color bar on the right side. Similar to Fig. 9, the relationship between the printing 

parameters of the SLM process and the surface quality is also illustrated in Fig. 10. 

Fig. 11 quantitatively depicts the estimation results of 3D printing parameters on 

the surface quality with bar graphs by calculating the feature importance scores with 

Decision Trees (DT)-based ensemble learning. Fig. 11 (a) illustrates the 3D printing 

process of FDM, while Fig. 11 (b) portrays the SLM 3D printing process. Fig. 11 (a) 

shows that the printing parameter with the maximum effects on the FDM-printed 625 

samples is layer height, while the printing parameter with the minimum effects is the 

scan speed. Fig. 11 (b) indicates that the laser power has the largest impact on the 

surface roughness. The parameter that ranks second in terms of its impact on surface 
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quality is scan speed. Contrarily, the printing parameter that has the least impact on the 

surface quality of SLM-printed specimens is hatch distance. Particularly, it should be 

noted that the laser power and scan speed both have a combined effect on the heat input 

of the melt pool.  

By closely examining the graphical representations, valuable insights can be 

gained regarding the distinctive impact of various printing parameters on surface 

quality within the context of FDM and SLM processes. Researchers and practitioners 

can utilize this information to comprehend the unique characteristics and limitations of 

these methods in achieving optimal surface quality. Furthermore, comprehensive 

analysis provided by Fig. 11 offers valuable contributions to the advancement and 

optimization of 3D printing technology. It enhances comprehension regarding the 

intricate relationship between 3D printing parameters and surface quality across 

different processes, thereby facilitating further development in the field. 

According to Fig. 9 - Fig. 11, on the one hand, the data quantity can be intuitively 

compared between the source and target domains, composed of FDM-printed and SLM-

printed samples, respectively. On the other hand, the complicated relationship between 

the surface quality and the printing parameters can be demonstrated, which indicates 

that it is quite challenging to be elucidated with a simple regression or other statistical 

methods. Through systematic manipulation of the printing parameters and 

measurement of the corresponding surface roughness, a comprehensive dataset was 

compiled, serving as a foundation for the proposed BOAT approach. 
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Fig. 9. Schematic of 3D scatter of the FDM-printed samples: (a) fixed layer height, (b) 

fixed scan speed, (c) fixed nozzle temperature, (d) fixed material flow. 

 

 

Fig. 10. Schematic of 3D scatter of the SLM-printed samples: (a) fixed hatch distance, 

(b) fixed laser power, (c) fixed layer thickness, (d) fixed scan speed. 

(b)   Scan speed=75 mm/s(a)   Layer height=0.20 mm

(c)   Nozzle temperature=210 ℃ (d)   Material flow=115%

(b)   Laser power=300 W
(a)   Hatch distance=0.12 mm

(c)   Layer thickness=0.06 mm (d)   Scan speed=1200 mm/s
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Fig. 11. Estimation of process parameter effects on surface quality by feature 

importance score: (a) FDM for source domain, (b) SLM for target domain. 

4.2. Impact of hyperparameters on the PBM in the source domain 

The PBM, which in this study is the ACNNs model, serves as the foundation of 

the proposed BOAT approach. It is important to highlight that the effectiveness of the 

PBM has a direct impact on the overall performance of the BOAT approach, particularly 

in terms of its ability to accurately predict surface roughness in various application 

scenarios. In this section, the relationship between the hyperparameters and the 

performance of the PBM is thoroughly examined. To achieve this, comparative analyses 

are carried out using a dataset comprising surface roughness data derived from samples 

produced through FDM-based 3D printing. These analyses provide insights into how 

different hyperparameter settings can influence the performance of the PBM and 

subsequently affect the predictive capabilities of the BOAT approach for surface 

roughness estimation. 

      (b)      (a)
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The hyperparameters are totally determined by the Bayesian optimization 

algorithm with the assessment index of Mean Square Error (MSE). To prove the 

effectiveness of the Bayesian optimization algorithm for the configuration of various 

hyperparameters, five groups of exemplary Hyperparameter Combinations (HC) are 

also presented, considering the difficulties of presenting all the combinations. The 

specific items of various hyperparameters for PBM and the corresponding values, as 

well as the hyperparameters searching space for the Bayesian optimization algorithm, 

are all enumerated in Table 6.  

 

Table 6 

Hyperparameters for the PBM comparison in the source domain. 

Items 
Params. 

scope 

Optimized 

HC 
HC#1 HC#2 HC#3 HC#4 HC#5 

Filter number (16, 32) 64 8 16 20 32 50 

Dropout 1 (0.2, 0.5) 0.35 0.20 0.26 0.30 0.30 0.35 

Dropout 2 (0.2, 0.5) 0.28 0.25 0.28 0.32 0.32 0.28 

Dropout 3 (0.2, 0.5) 0.30 0.28 0.33 0.35 0.38 0.30 

Learning rate (10-4, 10-3) 8×10-4 10-3 5×10-4 2×10-4 10-4 10-3 

Decay (10-6, 10-4) 2.0×10-5 10-4 5.8×10-5 6.2×10-5 6.0×10-5 5.0×10-5 

Batch size 1 (32, 256) 256 16 32 64 128 256 

Batch size 2 (32, 256) 128 8 16 32 64 128 

Epochs (100, 500) 180 100 150 200 300 240 
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Fig. 12. Training history plots of PBM using exemplary hyperparameter combinations: 

(a) optimized HC, (b) HC#1, (c) HC#2, (d) HC#3, (e) HC#4, (f) HC#5. 

 

The hyperparameters presented in Table 6 bring six different architectures of PBM, 

and each PBM architecture has a distinct correlation with varying performance 

outcomes. All the PBM architectures enumerated in Table 6 have undergone 

comprehensive training and testing, with their respective training histories visualized 

and depicted in Fig. 12. Upon analyzing this figure, it becomes apparent that the diverse 

architectures exhibit distinct training histories. The performance of the trained models 

aligns with the patterns observed in the corresponding training history plots. For 

(a) (b)

(c) (d)

(e) (f)
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instance, both the PBM shown in Fig. 12 (a) and (f) are sufficiently trained with good 

indicators of accuracy and loss, while the PBM presented in Fig. 12 (b) and (c) are 

underfitting; the PBM related to Fig. 12 (d) and (e) has a noticeable discrepancy 

between the training and validation curves. 

 

 

Fig. 13. Bar graph for comparison: (a) ACNNs with different hyperparameters, (b) 

optimized ACNNs and exemplary ML methods. 

                                            (a)

   (b)
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To explore the performance of the PBM with the optimized combination of the 

hyperparameters on the dataset consisting of FDM-printed samples in a more extensive 

way, PBM architectures mentioned in Table 6 are evaluated by the four widely-

accepted indicators, Accuracy, Precision, Recall, and F1-score in the ML community. 

To compare the performance of the PBM architectures intuitively, two bar graphs are 

diagramed in Fig. 13 in terms of the above-mentioned four indicators. In Fig. 13, the 

horizontal axis represents indicators, and the vertical axis represents values. Fig. 13 (a) 

is a comparative figure among PBM architectures using different hyperparameters, and 

the height of the bar denotes the magnitude of indicators. From Fig. 13 (a), it can be 

observed that the ACNNs with the optimized hyperparameters show the maximum 

height, which means that this PBM has the best performance on the dataset consisting 

of the FDM-printed samples. The PBM with the best performance is then compared 

with the conventional ML methods, as shown in Fig. 13 (b). Similarly, the height of the 

bars represents the magnitude of the indicators. Fig. 13 (b) indicates that the ACNNs 

model with the optimized hyperparameters outperforms the exemplary ML methods, 

such as K-Near Neighbors (KNN), Support Vector Machine (SVM), DT, Gradient 

Boosting Decision Trees (GBDT), Random Forrests (RF), Linear Regression (LR), 

Gaussian/Multinomial/Bernoulli Naïve Bayes (GNB/MNB/BNB) classifiers, by 

comparison of the above-mentioned four indicator values on the same dataset. 

Besides, to evaluate the performance of the PBM with the diverse hyperparameters, 

the corresponding diagram of the normalized CM is plotted, as shown in Fig. 14. It can 
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be seen from Fig. 14 that the dataset consisting of FDM-printed samples is categorized 

into eight classes in terms of the magnitude of surface roughness. The number in each 

cell on the diagonal represents the proportion of correctly classified samples to the total 

number of samples in each category. By comparison among Fig. 14 (a)-(f), Fig. 14 (a) 

presents the maximum accuracy in predicting the surface roughness of the FDM-printed 

samples of the testing dataset. 

 

 

Fig. 14. Surface roughness prediction of ACNNs using different hyperparameters: (a) 

optimal hyperparameters, (b) HC#1, (c) HC#2, (d) HC#3, (e) HC#4, (f) HC#5. 

(a) (b)

(c) (d)

(e) (f)
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Therefore, we can deduce that the different hyperparameters significantly affect 

the model performance, according to Fig. 12 - Fig. 14. The model hyperparameters 

optimization and searching for the best PBM with the maximum performance is 

dramatically important before employing the BOAT approach in a new scenario. The 

PBM trained by the dataset from FDM-printed samples with the optimized 

hyperparameters is then transferred to the new application scenarios, including a small 

dataset to implement the objective tasks. 

4.3. Performance analysis of the BOAT approach in the target domain 

The ACNNs with the optimized combination of the hyperparameters serve as the 

PBM for the BOAT approach in the new scenarios. The BOAT approach aims to 

enhance performance and efficiency using the small dataset relevant to the case of SLM 

printing in this study. The weight matrix is learned from the dataset in the source domain 

and reused in the target domain with the TL strategy based on fine-tuning. The 

integrated Bayesian optimization into the BOAT approach automatically determined 

optimal hyperparameters used for retraining have been enumerated in Table 7. 

 

Table 7 

PBM-facilitated BOAT approach retraining with optimized hyperparameters. 

 Learning rate Decay Batch size 1 Batch size 2 Epochs 

Params. space (0.001, 0.01) (10-5, 10-4) (4, 32) (4, 32) (30, 180) 

Optimal params. 0.0028 8.5×10-5 5 32 120 
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The retraining of partial layers of the BOAT approach is conducted with the dataset 

in the target domain. This retraining process takes only 23.8 seconds on the workstation, 

configuring a 5950X processor, a 4070Ti graphic card, and 64GB memory in total. The 

plots of the training process are illustrated in Fig. 15 with a double-Y axises graph. This 

figure shows that the two training loss curves present a similar trend with the epochs 

increasing, indicating that the BOAT approach prediction on the dataset in the target 

domain has low-level errors. Similarly, the training and validation accuracy curves have 

a prominent consistency, exhibiting superb accuracy.  

In order to demonstrate the effectiveness of the BOAT approach for the surface 

quality prediction of the SLM-printed samples, the BOAT approach is also evaluated 

by the four indicators mentioned above. A bar graph is plotted to intuitively make a 

comparison between the BOAT approach and other conventional ML methods, as 

illustrated in Fig. 16. As already presented in Table 4, the dataset in the source domain 

and target domain has different attributes. But according to this graph, the proposed 

BOAT approach produces noticeably better outcomes than other conventional ML 

methods despite the BOAT being employed in the new case. Therefore, the results 

presented in Fig. 16 convincingly demonstrate the effectiveness and the generalization 

capability of the proposed BOAT approach by reusing the former data from similar 

cases to a new scenario to implement the new tasks. 

Moreover, to further effectively showcase the precision of surface roughness 

predictions achieved through the proposed BOAT approach in a visualized way, a 
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normalized CM plot has been included in Fig. 17. According to this figure, the 

numerical values present in each cell along the diagonal of the table serve as indicators 

of the proportion of accurately classified samples relative to the total number of samples 

within individual categories. These numbers hold significant importance in assessing 

and evaluating the classification model under scrutiny. By meticulously examining 

these proportions, one can ascertain valuable insights into the efficacy and precision 

demonstrated by the classifier, thereby obtaining a comprehensive understanding of its 

ability to categorize diverse samples proficiently. 

 

 

Fig. 15. Training history plots of the BOAT on the small dataset composed of the 

SLM-printed Ti6Al4V samples in the target domain. 
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Fig. 16. Comparison between BOAT and the exemplary ML methods. 

 

 

 

Fig. 17. Normalized CM of BOAT prediction on the small dataset composed of the 

SLM-printed Ti6Al4V samples in the target domain. 
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5. Conclusions 

This study explores the critical aspect of the SLM-based 3D printing quality using 

Ti6Al4V alloy powder. In pursuit of this objective, we proposed an innovative 

framework integrating a Bayesian optimization algorithm with an attention mechanism-

enhanced transfer learning methodology named the BOAT approach. 

The results obtained from the experiments in the source and target domains for 

validation underscore the perspective of the BOAT approach in manipulating printing 

parameters to achieve improved printing quality for the SLM process using Ti6Al4V 

alloy powders. The optimal performance of the PBM is achieved by hyperparameters 

optimization and detailed analyses by plotting training history, visualizing performance 

indicator values, and normalized CM diagrams. By deploying the proposed BOAT 

framework, we also promote the capability to predict printing quality. The proposed 

BOAT approach facilitates accurate quality estimation in the new scenarios by 

leveraging insights from prior FDM 3D printing processes and incorporating attention 

mechanisms. This methodology effectively mitigated challenges associated with 

limited labeled data, offering valuable implications for quality prediction within 

Ti6Al4V alloy 3D printing. 

The findings of this study contribute to the advancement of 3D printing by 

providing potential strategies for manipulating and predicting printing quality, 

specifically within the context of Ti6Al4V alloy prints. Future research endeavors may 

expand upon this work by exploring different alloys or developing more efficient, 
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automatic, and intelligent model frameworks. Ultimately, these advancements will 

foster wider adoption of 3D printing technologies across various industrial sectors. 
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