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A Physics-aware Melt Pool Feature Integration Framework for Density
Prediction and Optimization Strategies Evaluation in Additive

Manufacturing

Abstract: With the increasing demand for high-quality additive manufacturing (AM), various process
optimization strategies have been developed to improve fabrication performance. However, existing
evaluation methods mainly rely on post-fabrication inspection, making it difficult to achieve rapid and
quantitative evaluation of optimization strategies. To address this issue, this study takes Directed
Energy Deposition (DED) of Cu-12Sn-2Ni alloy as a case study and proposes a density prediction-
driven framework for evaluating additive manufacturing optimization strategies. First, to address the
degradation of model performance caused by random disturbances in small-sample datasets, a global—
local—cluster multi-level noise identification strategy is proposed to achieve hierarchical optimization
of data quality. Based on the denoised dataset, a local density prediction model is developed through
comparative analysis of different fitting mechanisms and feature ablation experiments. Subsequently,
a volume-weighted integration method is introduced to extend local density prediction to overall
component density evaluation. The developed framework is further applied to assess different AM
optimization strategies. The results show that the proposed multi-level noise identification strategy
improves the R? of the model by 10.72%. After integrating melt pool features and physical features,
the model achieves an R? of 0.938, representing a further 6.57% improvement over the model using
process parameters. Under different fabrication optimization strategies, the predicted density variation
trends are consistent with the experimentally measured results. This study provides a new method for
evaluating AM optimization strategies by integrating process parameters and fabrication-state
information, enabling quality prediction and process parameter optimization.

Keywords: Physical features; Melt pool features; Density prediction; Optimization strategy

evaluation



1. Introduction

AM enables the integrated fabrication of complex structures through layer-by-layer material
accumulation. Benefiting from high material utilization efficiency, superior design flexibility, and
near-net-shape manufacturing capability, AM has been widely applied in aerospace, energy equipment,
and biomedical fields [1-3]. As a critical metal AM technology, DED offers advantages such as high
deposition rate, strong dimensional adaptability, and superior capability for component repair and
remanufacturing, making it a prominent technique for fabricating high-performance metallic
components [4-6]. However, complex heat and mass transfer as well as dynamic coupling effects
occur among the laser, powder, and melt pool during DED. These phenomena readily induce defects
such as porosity and lack of fusion, compromising component mechanical properties and service
reliability [7-9]. To suppress defect formation, researchers have integrated process optimization
strategies with DED technology [10, 11]. Nevertheless, existing optimization strategies rely heavily
on post-manufacturing destructive testing, which severely impedes their rapid screening and iterative
evaluation. Component density serves as a critical indicator of the defect fraction in fabricated
components, and the defect suppression efficacy of different optimization strategies can be
quantitatively evaluated based on changes in component density. Therefore, establishing a predictive
evaluation method that bridges process states with density is important for the screening and
optimization of AM processes.

In recent years, machine learning (ML) has gradually emerged as a powerful tool for quality
prediction in AM due to its outstanding nonlinear mapping capability and data-driven characteristics
[12-14]. Compared with conventional experimental characterization and numerical simulation
methods, ML can establish nonlinear relationships between processing conditions and fabrication
quality while reducing experimental cycles and computational requirements, thereby providing
guidance for process parameter optimization [15].

However, existing ML prediction models predominantly rely on static process parameters, which
may limit their predictive accuracy and generalizability across different processing conditions [16].
To address this limitation, physical features have been introduced to characterize the underlying
energy transfer and material transport associated with process parameters [17, 18]. Nevertheless, these
physical features are still derived from static process parameters and cannot capture the real-time

fabrication responses. To further capture the real-time response of the manufacturing process, dynamic



melt pool features have been incorporated to characterize the evolving fabrication state during
deposition [19, 20]. As a fundamental processing unit in AM, the melt pool reflects the response to
different processing conditions. Variations in melt pool characteristics are closely associated with
material consolidation and defect formation, thereby providing information for predicting density [21].
Therefore, integrating process parameters, physical features, and melt pool features provides an
effective basis for density prediction and the evaluation of AM optimization strategies.

Furthermore, the performance of ML models is highly dependent on data quality. Due to
unavoidable disturbances from equipment vibration and environmental variations, AM datasets
inevitably contain random noise [22]. To address noise interference, Pi et al. [23] introduced the
DBSCAN (Density - Based Spatial Clustering of Applications with Noise) algorithm to improve the
mapping between process parameters and density in AM datasets. However, as a density-based
clustering method, DBSCAN primarily identifies anomalies according to local sample density, making
it insufficient for identifying global and cluster-level noise in AM datasets [24-26]. In small-sample
AM datasets, even a limited number of noisy samples can significantly distort the intrinsic data
distribution, leading to reduced prediction accuracy and model robustness [23, 27, 28]. Therefore,
developing a multi-level collaborative noise identification strategy is essential for extracting valuable
information from AM datasets and providing reliable quantitative evaluation criteria for
manufacturing optimization strategies.

Based on the above considerations, this study proposes a density prediction and optimization
strategy evaluation framework for AM by integrating physical features and melt pool features, aiming
to reduce the influence of noise in small-sample AM datasets and achieve quantitative evaluation of
manufacturing optimization strategies. First, considering the characteristics of small-sample AM
datasets, a multi-level noise identification strategy is proposed to achieve hierarchical data quality
refinement. Second, by integrating process parameters, physical features, and melt pool features,
comparative experiments across different model-fitting mechanisms and feature ablation studies are
conducted to build a local prediction model, and the overall component density is derived using a
volume-weighted approach. Finally, the proposed framework is applied to the DED fabrication of the
Cu-12Sn-2Ni alloy. By predicting density variations under different optimization strategies, the

effectiveness of these strategies can be quantitatively evaluated without destructive testing.

2. Experimental Design and Data Construction Methodology



2.1 Sample Preparation and Data Acquisition of DED-Processed Cu-12Sn-2Ni Alloy

Cu—12Sn—2Ni powder with a particle size of 53—105 um was used, and a 45# steel plate with
dimensions of 100 mm x 100 mm x 10 mm was employed as the substrate. A Raycus RFL-C2000
fiber laser was used as the heat source and integrated with an HR-SFPFH powder feeding system for
synchronized powder delivery. The processing setup was equipped with a D52 straight laser head and
a 0610 nozzle, both manufactured by Nanjing Huirui Optics Technology Co., Ltd. The laser spot
diameter was fixed at 1 mm. A unidirectional scanning strategy was employed to fabricate Cu—12Sn—
2Ni specimens with dimensions of 10 mm x 10 mm x 10 mm.

To investigate the effect of process parameters on quality, an orthogonal experimental design
with 6 factors and 5 levels (comprising 100 experiments in total) was established. The selected process
parameters included laser power (400 - 1000W), scanning speed (2 - 8 mm/s), powder feeding speed
(0.4 - 2.0 rad/min), shielding gas flow rate (3 - 15 NL/min), carrier gas flow rate (3 - 15 NL/min), and
overlap ratio (10% - 50%). The experimental workflow and process parameter settings are illustrated

in Fig. 1, while photographs of the fabricated specimens are provided in the Supplementary Material.
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Fig. 1 Schematic diagram of the Cu-12Sn-2Ni specimen fabrication workflow and process
parameters
To capture the dynamic evolution of the melt pool, an industrial camera (MER2-041-302GM/P,
Daheng Imaging) was employed for monitoring. The camera was coaxially integrated into the laser
head, with the frame rate fixed at 50 fps and the exposure time set to 15.628 us. Melt pool images
were continuously captured throughout the deposition process to record the melt pool morphology
and its evolution under different processing conditions. A schematic illustration of the melt pool

feature acquisition process is shown in Fig. 2.
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Fig. 2 Schematic illustration of the selected melt pool characteristic parameters
After fabrication, the specimens were separated from the substrate using wire electrical discharge
machining (WEDM). The specimen surfaces were polished with abrasive paper until smooth, followed
by cleaning with alcohol to remove residual contaminants. The density of the specimens was measured
based on Archimedes' principle. An electronic balance was used to measure the mass of each specimen
in air and water at 25 °C. The specimen density was calculated according to Eq. (1), while the porosity

was calculated using Eq. (2).
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where m, is the mass of the specimen measured in air, m,,, is the mass of the specimen

measured in water, P, 18 the density of deionized water at 25 °C (0.997 g/cm?), P, 1is the
measured density of the specimen, O, 5.0 1S the theoretical density of fully dense Cu-12Sn-2Ni
alloy (8.91 g/cm?®), and P represents the porosity of the tested specimen.

2.2 Multi-Source Data Feature Construction and Preprocessing

Previous studies have demonstrated that incorporating physical features enhances the capability
of ML models to characterize the manufacturing processes [29]. To further improve predictive
accuracy, physical features, including linear energy density, powder-specific energy, gas flow ratio,

areal energy density, and volumetric energy density, were incorporated into the dataset. The process



parameters, physical features, and melt pool features were used as the input variables, while density
was used as the output variable.

Considering the differences in magnitude among the input features, data preprocessing was
performed prior to model training. Since the process parameters were derived from an orthogonal
experimental design, Min—Max scaling was applied for normalization to retain the relative
relationships among the samples, as expressed in Eq. (3). In contrast to the process parameters, melt
pool features and density values contain outliers. Therefore, the melt pool features and density were
standardized using the Power Transformer to reduce the influence of extreme values while preserving

the statistical characteristics of the data.

X. —X_.
xnorm — i min (3)

max xmin

where X represents the normalized feature value, ¥, represents the original feature value, x

norm

represents the maximum value of the original feature, and X, represents the minimum value of the

original feature.
2.3 Evaluation Metrics for Density Prediction Models

To evaluate the predictive performance of different models under small-sample conditions, the
mean absolute error (MAE), root mean square error (RMSE), and coefficient of determination (R?)

were used to evaluate model performance. The calculation formulas for these metrics are given in Egs.

(4)—(6).
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where is the measured density value of the i-th sample, ), .4, 1s the predicted density

—measure

value of the i-th sample, ), is the average density of the sample, and » represents the total number

of the sample.



3. Construction of Density Prediction Framework Integrating Physical and Melt Pool Features

3.1 Multi-Level Collaborative Noise Identification for Small-Sample AM Data

Affected by the combined influence of process design and random disturbances, noise in AM
processes often exhibits a multi-scale distribution. In small-sample datasets, even a few noisy data
points can degrade the predictive performance of the ML model. Therefore, this framework establishes
a global-local—cluster collaborative noise identification strategy to progressively filter out noise and
construct a higher-quality small-sample dataset.

From the perspective of global statistical distribution, Mahalanobis Distance (MD) determines
whether a sample deviates from the overall data structure based on the mean vector and covariance
matrix of the dataset, which exhibits good applicability for uniformly distributed sample spaces
generated via orthogonal experimental designs [30]. However, MD is insensitive to noise distributed
in local regions. In AM processes, transient disturbances can induce local anomalies, which may not
show significant deviations at the global scale. Therefore, MD is insufficient for identifying local
noise. To address this limitation, the DBSCAN algorithm is introduced to detect local noise at the
structural level by specifying the neighborhood radius and minimum number of samples, thereby
classifying isolated points as noise.

After sequentially removing global and local noise, the dataset is partitioned into multiple
clusters. Although samples within the same cluster exhibit similar characteristics, abnormal samples
existing within high-density clusters still require further identification [31, 32]. When a cluster
contains more than five samples, the local density distribution within the cluster exhibits statistical
stability [33]. Therefore, the density-based Local Outlier Factor (LOF) algorithm is employed for
intra-cluster noise identification [34, 35]. When the number of samples within a cluster is limited
(sample size < 5), the reliability of local density estimation decreases [33, 36, 37]. In this case, the K-
nearest neighbor (KNN) algorithm is adopted to identify noise samples based on the deviation of
distances between samples and their neighboring points [33, 36, 37].

To achieve consistent evaluation across different clusters, after completing noise identification
within all clusters, the distance-based metrics of each cluster are standardized using Z-score
normalization, from which relative quantiles are derived. Samples are then uniformly ranked based

on the quantiles, and samples with high quantile values are labeled as potential noise points. When



the samples exhibit identical quantile values, decisions are made based on their corresponding Z-
scores.

Through hierarchical noise identification from global, local, and cluster levels, a more reliable
dataset is constructed for subsequent density prediction. The overall schematic diagram of the multi-
level noise identification framework is shown in Fig. 3. The complete identification strategy is

illustrated in Fig. 3(a), while the intra-cluster noise identification strategy is presented in Fig. 3(b).
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Fig. 3. Schematic illustration of the multi-level noise identification strategy: (a) multi-level noise
identification procedure; (b) intra-cluster noise identification procedure
After removing the identified noise samples, the density prediction model was retrained using
the denoised dataset. To evaluate the effectiveness of the proposed multi-level collaborative noise
identification strategy, K-means, DBSCAN, and MD were selected as comparative methods, and the

number of removed noise samples was progressively increased from 1 to 10.

3.2 Selection of ML Fitting Mechanisms and Construction of the Density Prediction Model for Small-

Sample Data

After optimizing the dataset quality, a density prediction model customized for small-sample AM



datasets was constructed. During the DED process, density exhibits highly nonlinear relationships
with process parameters and melt pool features. The dataset in this study comprises 100 experimental
samples, with input features illustrated in Fig. 4(a), representing a typical small-sample, multi-variable
dataset. Therefore, a density prediction model with both strong fitting capability and generalization
performance is required under limited data conditions [38, 39].

Within a stable DED processing window, density generally exhibits a continuous and smooth
response to energy input. Therefore, ML models with explicit regularization or function-space
constraints, including Support Vector Regression (SVR), Gaussian Process Regression (GPR), and
Ridge Regression (Ridge), were introduced. These models can regulate the variation scale and
smoothness of the fitted function in the input space through kernel functions and hyperparameters,
thereby improving predictive robustness under small-sample conditions [40, 41].

Considering the localized response characteristics of density across different DED processing
conditions, Random Forest (RF) and Extreme Gradient Boosting (XGBoost) models based on spatial
partitioning and ensemble learning were employed. By recursively partitioning the input space via
tree structures, these models effectively capture complex nonlinear interactions among multiple
parameters under small-sample conditions, making them suited for capturing localized nonlinear
variations in density across different process conditions and melt pool states [42, 43].

Furthermore, to further characterize the nonlinear mapping between the input parameters and
density, an artificial neural network (ANN) model with multiple fully connected layers was
incorporated, capturing the continuous density evolution induced by multi-parameter coupling [44-
46].

In summary, the above models represent three distinct fitting mechanisms: functional
regularization and smoothness constraints, recursive spatial partitioning, and nonlinear function
approximation, as schematically illustrated in Fig. 4(b). By comparing the predictive performance of
the models, the applicability of different data-mapping mechanisms can be evaluated. Meanwhile, the
effectiveness of the noise filtering strategies described in Section 3.1 can be further verified, thereby
providing a basis for constructing a density prediction model suitable for small-sample AM data.

After selecting the optimal fitting mechanism, identifying the optimal input feature combination
is essential for achieving the best predictive performance. Preliminary analysis indicated that not all

melt pool features and physics features contribute positively to density prediction. To construct the



optimal density prediction model, ablation studies were conducted by systematically combining

process parameters, physical features, and melt pool features.
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Fig. 4. Schematic illustration of the ML model fitting mechanisms
3.3 Overall Density Prediction Based on Volume-Weighted Integration

The AM process follows a point-to-line, line-to-surface, and surface-to-solid layer-by-layer
deposition mechanism. The instantaneous process parameters and melt pool states during deposition
are associated with local deposition locations, while the overall density of a part is determined by the
spatial accumulation of density states across the local deposition points. Therefore, capturing
instantaneous melt pool states and process parameter information enables the density prediction of
local forming points. By performing a volume-weighted aggregation of the predicted local density
values of all deposition points across the entire spatial domain, the overall density of the fabricated
part can be evaluated. This approach is schematically illustrated in Fig. 5(a)—(b), with the
corresponding calculation procedure defined in Eq. (7).

Zn:Densityl. *d *h *L,
Density,,, = =—— (7
> d*h*L

i=l1

where Density,,, represents the overall density of the fabricated part, Density, represents the

density of a local deposition unit, d, represents the width of the deposition unit, and / represents



the height of the deposition unit. The density, width, and height of the deposition unit are all obtained

from the corresponding ML models, which are constructed following the same modeling framework
as the density prediction model. L, represents the length of the deposition unit, which can be

obtained from the laser head coordinates. n represents the total number of deposition units, which

is calculated according to Eq. (8).

_ “total

®)

where 1,,, represents the total fabrication time, and ; represents the sampling interval.
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Fig. 5 Schematic illustration of the density prediction: (a) local deposition point density prediction;

(b) overall component density prediction based on volume-weighted integration
4. Density Prediction and Optimization Strategy Evaluation of Cu-12Sn-2Ni

4.1 Construction of the Cu—12Sn—2Ni Density Prediction Model Based on Multi-Level Noise

Identification

To ensure reliable model evaluation, the dataset was partitioned into training and testing sets at
an 80:20 ratio, followed by 10-fold nested cross-validation. The prediction results corresponding to
different noise identification strategies and varying numbers of removed noisy samples are illustrated
in Fig. 6(a), while the R? on the testing set under different combinations of physical features and melt
pool features is presented in Fig. 7. The results demonstrate that the proposed global-local—cluster

multi collaborative noise identification strategy achieved the strongest generalization capability in the



testing set, with a maximum improvement of 10.72% in R? compared to the model without noise
treatment. When VED (volumetric energy density) and GCR (gas flow ratio) were incorporated as
physical features, the mean melt pool intensity and coefficient of variation of melt pool width were
selected as melt pool features, with 8 global and 1 local noisy points removed, the GPR model
achieved the highest R? value of 0.826 on the testing set, representing a 6.57% improvement over the

model using process parameters as inputs.
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After determining the optimal model and input feature combination, all remaining noise-filtered
samples were used to train the density prediction model. The R?, MAE, and RMSE metrics of the
model on the training set, testing set, and entire dataset are presented in Fig. 6(b)—(c), with an R? of

0.938 for the entire dataset. The comparison between the predicted and actual values is shown in Fig.

6(d).

4.2 Construction of the Cu—12Sn—2Ni Process Parameter Space Based on the Density Prediction

Model

The density of the part is jointly determined by the process parameters and melt pool behavior.
In the construction of the density prediction model, the input variables comprised three categories:
process parameters, physical features, and melt pool features. In this study, the physical features were
derived from the process parameters, whereas the melt pool features did not have predefined ranges.
In contrast, the equipment constraints and material characteristics defined the feasible process window.
To ensure the practicality of the input data, the process parameter space was constructed by
systematically enumerating combinations of the process parameters, as schematically illustrated in

Fig. 8.

Laser
— d
power m y}daser Gas ||
@ | | Powder |
Overlap % [ T LTI T T TN T
oo R
Scanning mc:> Bes
| speed ]
Feeding |
e | PR
Shielding ﬁ
1 gas
Substrate % [ Parameter Space |

Fig. 8. Schematic illustration of the process parameter space construction

Molding area

The parameter combinations were enumerated using a step size of 10 W for laser power (400—
1000 W), 0.1 rad/min for powder feeding speed (0.4—2.0 rad/min), 0.1 mm/s for scanning speed (2—8
mm/s), 1 NL/min for shielding gas flow rate (3—15 NL/min), 1 NL/min for powder carrier gas flow
rate (3—15 NL/min), and 5% for overlap ratio (10%—50%). The corresponding density predictions

were obtained for each parameter combination to construct the process parameter space.



The parameter space indicated that the highest predicted density for the Cu—12Sn—2Ni specimens
could be obtained at a laser power of 1000 W, a powder feeding speed of 0.4 rad/min, a scanning
speed of 5.5 mm/s, a shielding gas flow rate of 15 NL/min, a powder carrier gas flow rate of 4 NL/min,
and an overlap ratio of 50%. The predicted density of the sample was 8.92 g/cm?, while the measured
density was 8.89 g/cm?.

To quantitatively evaluate the accuracy of the density prediction model, the predicted density
values within the parameter space were ranked in ascending order and divided into five equal intervals.
One process parameter combination was randomly selected from each interval for experimental
fabrication (labeled as Samples 1-5), and the corresponding melt pool features and process parameters
during deposition were recorded.

The predicted and measured density results of the five samples are presented in Table 1, and the
corresponding specimens are shown in Fig. 9. The results show that the density prediction model using
process parameters as inputs achieved a mean relative error of 1.9288%. After incorporating physical
and melt pool features, the mean relative error decreased to 0.9699%. When volume-weighted
integration was further incorporated, the prediction error was reduced to 0.9527%.

Table 1. Predicted and measured densities of Samples 1-5

Laser power (W)/ Feeding Density Prediction by Unit weight Density
speed (rad/min)/ Scanning Parameter / Parameter Prediction by Parameter /  Real
No. speed (mm/s)/ Shield gas & Melt Pool features Parameter & Melt Pool density
flow (NL/min)/ Feeding gas & Physical features features & Physical  (g/cm3)
(NL/min)/ Overlap ratio (%) (g/lem*) features (g/cm3)
1 530/ 0.6/ 4.0/ 9.0/ 12.0/ 50.0 8.7618/8.7049 8.7618/8.7044 8.6198
2 990/ 0.8/ 7.2/ 12.0/ 15.0/ 25.0 8.5728/8.3898 8.5728/8.3847 8.2921
3 940/ 1.8/ 6.4/ 3.0/ 12.0/ 40.0 8.3267/8.4455 8.3267/8.4473 8.4537
4 910/ 1.6/ 5.6/ 5.0/ 9.0/ 45.0 8.2591/8.2888 8.2591/8.2909 8.3405
5 730/ 1.4/ 4.0/ 4.0/ 9.0/ 10.0 8.0644/8.0780 8.0644/8.0757 8.2401

Pairwise combinations of laser power, scanning speed, powder feeding speed, powder carrier gas

flow rate, and overlap ratio were assigned to the X and Y axes, while the remaining process parameters



were fixed at their optimal values. The corresponding density prediction results were visualized, with

representative results shown in Fig. 10.
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Fig. 10 Process parameter space maps for the Cu-12Sn-2Ni alloy
4.3 Evaluation of Cu—12Sn—2Ni Manufacturing Optimization Strategies Based on Density Prediction

To further validate the density prediction capability of the model integrating melt pool features
and physical features, specimens were fabricated using different optimization strategies, and the
densities of the specimens were predicted and experimentally measured.

Closed-loop feedback was applied to Sample 5, which exhibited the lowest density. The density
under static process parameters was predicted, and the density fluctuation range was determined by
the model prediction error. Based on the density fluctuation range, the corresponding laser power
control range was obtained by inversely mapping the density fluctuation range onto the process

parameter space. The procedure for determining the control parameter range is illustrated in Fig. 11.
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Fig. 11. Procedure for determining the control parameter range

Keeping all other process parameters identical to Sample 5, closed-loop feedback control was
implemented using a laser power control range of 560-910 W, and the resulting specimen was
designated as Sample 6. The measured and predicted density results are presented in Table 2, and the
fabricated specimen is shown in Fig. 9. The results show that the density of Sample 6 increased by
2.6262% compared to Sample 5. The prediction error was 5.2226% when process parameters were
used as inputs, which decreased to 4.7962% after incorporating melt pool features and physical
features. With further integration of volume-weighted information, the prediction error was reduced
to 4.7746%.

Table 2. Predicted and measured densities of Samples 6—14 under different manufacturing optimization

strategies
Laser power (W)/ Feeding Unit weight Density
Density Prediction by
speed (rad/min)/ Scanning Prediction by Parameter
Parameter / Parameter Real
speed (mm/s)/ Shield gas ~ Optimization / Parameter & Melt
No. & Melt Pool features density
flow (NL/min)/ Powder strategy Pool features &
& Physical features (g/cm3)
feeding flow (NL/min)/ Physical features
(g/em?)
Overlap ratio (%) (g/cm3)
Closed-loop
6 730/ 1.4/ 4.0/ 4.0/ 9.0/ 10.0 8.0149/8.0509 8.0184/8.0527 8.4565
feedback

450/ 0.6/ 4.0/ 9.0/ 12.0/
50.0

\ 8.7431/8.6905 8.7431/8.6882 8.6221




Table 2. (continued)

Laser power (W)/ Feeding . o Unit weight Density
) ) Density Prediction by _y
speed (rad/min)/ Scanning Prediction by Parameter
) o Parameter / Parameter Real
speed (mm/s)/ Shield gas ~ Optimization / Parameter & Melt .
No. . & Melt Pool features density
flow (NL/min)/ Powder strategy ) Pool features &
. . & Physical features . (g/cm3)
feeding flow (NL/min)/ (e/em®) Physical features
cm
Overlap ratio (%) 8 (g/cm3)
550/ 0.6/ 4.0/ 9.0/ 12.0/
8 500 \ 8.7618/8.7088 8.7618/8.7069 8.6199
650/ 0.6/ 4.0/ 9.0/ 12.0/
9 500 \ 8.7841/8.7284 8.7841/8.7282 8.6212
750/ 0.6/ 4.0/ 9.0/ 12.0/
10 500 \ 8.7971/8.7434 8.7971/8.7433 8.6126
Ultrasonic
450/ 0.6/ 4.0/ 9.0/ 12.0/
11 500 field-20Khz- 8.7431/8.6874 8.7431/8.6863 8.6176
' 20um
Multi-
Field:
Ultrasonic -
20Khz -
550/ 0.6/ 4.0/ 9.0/ 12.0/
12 50.0 20um & 8.7618/8.7133 8.7618/8.7101 8.6200
’ Magnetic -
50Mt
Thermal -
200°C
650/ 0.6/ 4.0/ 9.0/ 12.0/ Magnetic
13 8.7841/8.7281 8.7841/8.7280 8.6221
50.0 field-50mT
750/ 0.6/ 4.0/ 9.0/ 12.0/ Thermal
14 8.7971/8.7443 8.7971/8.7441 8.6165
50.0 field-200°C

To evaluate the effect of external-field-assisted fabrication on Cu—12Sn—2Ni specimens, the

process parameter combination of Sample 1 was selected as the reference condition. Based on the

model prediction error, the laser power was set to 450 W, 650 W, and 750 W, while keeping all other

process parameters identical to Sample 1. Samples 11,13, and 14 were fabricated under a 20 kHz/20

pum ultrasonic vibration field, a 50 mT magnetic field, and a 200 °C thermal field, respectively. In

addition, Sample 12 was fabricated at a laser power of 550 W with all three fields applied

simultaneously. The experimental equipment and model evaluation workflow are illustrated in Fig.

12, and the fabricated specimens are shown in Fig. 13.



The results show that the externally applied thermal field suppressed pore formation, resulting in
a 0.0451% increase in density relative to Sample 10. The magnetic field had a negligible effect on
pore formation, with a density variation of only 0.0104% relative to Sample 7. In contrast, ultrasonic
vibration had a negative effect on the fabrication of Cu—12Sn—2Ni, resulting in a density decrease of
0.0520% relative to Sample 9. Under the different external-field-assisted fabrication conditions, the
mean relative error was 1.7693% when process parameters were used as inputs, which decreased to
1.1514% after incorporating melt pool features and physical features. With further integration of
volume-weighted information, the mean relative error was reduced to 1.1385%. The predicted trends
in density variation under different manufacturing optimization techniques were consistent with the

experimentally measured results.
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Fig. 12. Workflow for evaluating manufacturing optimization strategies
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Fig. 13. Cu—12Sn—2Ni specimens (Samples 7—14) fabricated under different manufacturing

optimization strategies



5. Conclusions and Outlook

To address the random noise present in small-sample AM datasets, a global-local—cluster
collaborative noise identification strategy was proposed to achieve hierarchical data quality
optimization. Compared with the model without noise reduction, the optimized dataset achieved a
10.72% improvement in R%. On this basis, process parameters, physical features, and dynamic melt
pool features were integrated to construct a density prediction model. Through ablation experiments,
the optimal input feature space was identified. Compared with the prediction model using process
parameters, incorporating melt pool features and physical features increased the R? by 6.57%, while
the mean relative error under static process parameters decreased from 1.9288% to 0.9699%.
Furthermore, the proposed model was applied to the evaluation of manufacturing optimization
strategies, including closed-loop feedback control and external-field-assisted fabrication. The
predicted trends in density variation were consistent with the experimentally measured results, with a
mean relative error of 1.1385% across different external-field-assisted fabrication conditions. These
results validate the efficacy of the proposed framework for density prediction and process optimization
evaluation.

However, the prediction model developed in this study primarily focuses on melt pool features,
process parameters, and physical features, while the temperature field during fabrication has not yet
been fully incorporated. Future work could incorporate infrared thermography to expand the
multimodal input space, thereby enhancing the model's generalizability under complex operating
conditions and across different equipment platforms. In addition, the proposed overall density
prediction method is based on volume-weighted aggregation of local fabrication states and does not
fully account for the spatial correlations and temporal accumulation effects during continuous
deposition. Future research could incorporate spatiotemporal deep learning models or multi-physics
coupling methods to further improve density prediction for complex components. Moreover, the
proposed framework has currently been validated only for the DED fabrication of Cu—12Sn—2Ni alloy,
and its applicability to different material systems and AM processes remains to be further evaluated.
Future efforts will focus on cross-material and cross-process validations to establish a generalized

density prediction and process evaluation framework.
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