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A B S T R A C T

Accurate prediction of bead geometry in multi-axis directed energy deposition (DED) remains challenging due to 
dynamic interactions between process parameters, positional dynamics, and rapid melt pool evolution. This 
study introduces MST-Net, a multimodal spatio-temporal neural network, alongside a comprehensive dataset of 
1.2 million samples from a five-axis DED system, integrating co-axial melt pool images, control parameters, 
positional variables, and high-resolution point cloud labels. MST-Net employs a hierarchical architecture to fuse 
spatio-temporal features, achieving state-of-the-art prediction accuracy with a mean intersection over union 
(mIoU) of 0.93 for cross-sectional profiles and mean average precision (mAP) of 0.95 for bead dimensions. 
Ablation studies reveal melt pool images as the most critical input modality, while positional data governs peak 
localization. Temporal analysis shows asymmetric weighting of historical (look-back) and future (look-ahead) 
contexts optimizes predictions, with 201-step sequences balancing accuracy and computational efficiency at 116 
FPS, which provides a foundation for real-time control given the predictive model. Transfer learning experiments 
highlight MST-Net’s adaptability, maintaining 0.95 mAP with only 10 % of training data for new printing path 
geometries. By addressing data scarcity and spatio-temporal complexity, this work advances predictive modeling 
for multi-axis DED, offering a robust framework for real-time process control in industrial applications. The 
dataset and model are publicly released to foster innovation in metal additive manufacturing.

1. Introduction

Directed energy deposition (DED) is revolutionizing metal additive 
manufacturing by enabling the rapid production of large near-net-shape 
parts, high-performance materials, and repairs of damaged workpieces 
in aerospace, automotive, and marine industries [1–3]. In DED, a 
focused energy source, such as a laser beam, electron beam, or plasma 
arc, generates a moving melt pool on a metallic substrate. Metallic 
feedstock, in the form of powder or wire, is simultaneously introduced 
into the melt pool, where deposition and subsequent bead formation 
facilitate intrinsic 3D structures. Among various DED techniques, Laser 
Powder DED (LP-DED) is a prominent example (Fig. 2), where a laser 
beam forms a small melt pool on the substrate, while compressed inert 
gas delivers metal powder into the melt pool to form fully dense metallic 

parts [1,4]. Compared to other DED methods, LP-DED offers higher 
dimensional accuracy, improved surface roughness, and a smaller 
heat-affected zone [2,3]. Additionally, the powder feedstock provides 
greater material versatility, enabling the combination of different 
powders for heterogeneous parts [1]. The integration of multi-axis 
motion systems, such as five-axis CNC [5] or robotic arms [6,7], 
further enhances LP-DED by optimizing deposition orientations on 
complex surfaces, reducing material waste, and minimizing the need for 
support structures [8–10].

However, LP-DED has several limitations due to its dynamic nature, 
which presents challenges for real-time geometry control, especially for 
large-volume and complex parts. As the laser moves, the melt pool 
forms, evolves, and rapidly solidifies in a spatio-temporal manner, as 
illustrated in the thermal images of Fig. 3. Spatially, the melt pool shape 
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changes with varying travel speed, and the bead geometry is affected by 
factors such as radius of curvature at corners [11,12], overlapping re
gions between tracks [13,14], and height variation in multi-layer 
deposition [15–17]. The powder collection rate, influenced by melt 
pool size, also leads to changes in bead geometry. Temporally, the 
deposition process is continuous, with the melt pool remaining 
quasi-stable while complex laser-powder-liquid interactions occur [3]. 
This process can be perturbed by fluctuations in laser power, inconsis
tent powder flow, elevated substrate temperature as the deposit height 
increases [16,18,19], or thermal deformation due to heat accumulation, 
which can cause shifts in powder-laser alignment [10,20]. The DED 
parts are prone to internal defects like porosity, lack of fusion, or cracks 
due to the anisotropic and nonuniform thermal properties [21]. There
fore, accurate monitoring and control of the DED process are crucial for 
maintaining structural integrity and preventing defects. Furthermore, in 
multi-axis DED with RTCP (Rotating Tool Center Point) function, com
bined translational and rotational motions alter the effective scan speed 
and beam incidence, leading to variations in melt pool symmetry. For 
example, when RTCP is enabled and motion is dominated by the C-axis, 
the melt pool can experience centrifugal forces that reduce its stability 
and symmetry. To address these challenges, the development of 
spatio-temporal predictive models is essential for interpreting the DED 
process and maximizing its potential for industrial applications.

Several approaches have been reported for DED process prediction, 
including numerical simulations and data-driven machine learning (ML) 
models. While numerical simulations provide insights into heat and 
mass transport physics, they face challenges with large-scale parts and 
complex geometries due to high computational costs, simplified 
boundary condition assumption, and limited temporal and spatial scales 
[22–24]. Also, physical phenomena behind AM processes are not yet 
fully understood [25]. Recent research is shifting toward low-fidelity or 
data-driven approaches to fill gaps in 
process-structure-property-performance predictions [25]. These 
data-driven approaches, emerging since 2021 [21], are well-suited for 
real-world applications, as they can model complex, non-linear re
lationships, and tolerate inherent uncertainties. Among ML algorithms, 
neural networks (NN) are the most widely used [26] due to the avail
ability of large datasets, powerful computational resources, and 
advanced algorithms. The multi-layer perceptron (MLP) [27] is the most 
common NN type, typically involving linear summation and nonlinear 
activation functions. For example, Gihr et al. [11] used MLP to predict 
bead geometry, particularly at corners and across multiple layers, 
enhancing the understanding of the dynamic deposition process. Addi
tionally, the convolutional neural network (CNN) excels in image pro
cessing by leveraging the spatial relationships between pixels [13], with 
advanced derivatives developed for image segmentation, multi-object 
detection, and image generation. For example, the ResNet families 
[28], as applied in [29], use residual learning to address the vanishing 
gradient problem in deep networks. Asadi et al. [30] and Yu et al. [31]
demonstrated the effectiveness of YOLO-based algorithms for fast melt 
pool segmentation, linking process parameters to melt pool geometry. 
Also, Wang et al. [32] proposed a feedback control strategy based on 
melt pool vision, determining bead width through the EPNet segmen
tation network.

Recently, more studies have incorporated deep learning models with 
spatio-temporal capabilities for predicting geometry and thermal fields 
in DED processes. Techniques such as recurrent neural networks (RNNs), 
long short-term memory (LSTM) networks [39], bidirectional LSTMs 
(Bi-LSTMs) [40], encoder-decoder architecture [40–42], attention 
mechanisms [42], and graph neural networks (GNNs) [43,44] have all 
been employed in various fields to model sequential and structured data. 
A brief description of them is given below: 

1. RNNs process sequential data by maintaining a hidden state that 
captures temporal dependencies. For instance, Ren et al. [15] uti
lized RNNs to explore the relationships between laser paths and 

thermal histories, while Zhou et al. [18] applied physics-informed 
RNNs to identify thermal fields during DED. However, RNNs face 
challenges like vanishing gradients in long sequences.

2. LSTMs overcome RNN limitations by incorporating memory cells to 
retain long-term dependencies, and Bi-LSTMs extend this by pro
cessing data in both forward and backward directions, capturing 
more context for improved performance. For example, Zhang et al. 
[19] utilized XGBoost and LSTM models for accurate melt pool 
temperature estimation, while Hu et al. [33] explored LSTM and 
CNN-BiLSTM architectures for predicting melt pool width.

3. The encoder-decoder architecture uses an encoder to compress an 
input sequence into a context vector, which is then decoded into an 
output sequence, making it ideal for tasks such as language trans
lation. For example, Ren et al. [35] developed a LSTM-autoencoder 
for DED quality classification based on emission spectroscopy.

4. GNNs handle relational data by propagating information across 
nodes, effectively modeling spatio-temporal relationships, particu
larly when data is graph-structured. Graph convolutional networks 
(GCNs), a subtype of GNNs, focus on spatial dependencies using 
graph-based convolutions, making them effective for spatially 
correlated tasks. For instance, Mozaffar et al. [38] combined GNN 
with RNN to model spatio-temporal dependencies of melt pool 
thermal responses.

5. Attention mechanisms enable models to focus on key features in 
sequential prediction, with self-attention capturing dependencies 
across all positions and multi-head attention enhancing the 
handling of complex, non-linear relationships by attending to mul
tiple subspaces. For example, Yu et al. [31] integrates self-attention 
for real-time monitoring and prediction of deposition height in DED 
processes.

These approaches, published in top-tier journals and summarized in 
Table 1, show that incorporating spatio-temporal data significantly en
hances the prediction accuracy and model robustness.

Another approach to accommodating spatio-temporal dynamics is 
through multimodal data fusion [45], which integrates various types of 
data containing abundant intra- and cross-modality information [41, 
46]. Here, "modality" refers to a signal source or encoding mechanism, 
typically collected at a fixed sampling rate. In DED, the collectable 
signals include melt pool images, emission spectra, thermal images, 
laser power, travel speed, layer number, motion data, point-wise tem
perature by pyrometers, and more (Table 1). Since each modality cap
tures different aspects of the system dynamics, combining them can 
improve predictive accuracy. For example, Chen et al. [47] integrated 
melt pool features from high-speed camera images with plasma spectral 
signals using an XGBoost-based system for real-time quality prediction. 
Dong et al. [29] developed a CNN-based network that combines images, 
temperature, and process parameters to optimize process window and 
layer quality. Despite progress, the development of predictive models in 
DED is hindered by the lack of publicly available multimodal datasets 
[45]. Current datasets are limited to 100,000 samples, as summarized in 
Table 1, and, most critically, often lack detailed geometric profile labels, 
being primarily derived from microscope cross-sections or numerical 
simulations. The difficulty in capturing accurate bead geometry in 
real-time arises primarily from point cloud data being obstructed by 
deposited material and misaligned with the melt region due to variations 
in printing angles and directions, especially in multi-axis setups, as 
shown in Fig. 2d-e. These challenges emphasize the need for more 
comprehensive multimodal datasets that capture key process parame
ters, positional data, and accurate geometric profiles for more robust 
predictive modeling.

Given these advancements and challenges, we propose a multimodal 
spatio-temporal neural network (MST-Net) that utilizes a custom- 
designed dataset, created and curated by our team, to provide accu
rate and generalizable bead geometry predictions, as shown in Fig. 1. 
The primary contributions of this study are as follows: 
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1. Comprehensive Multimodal Dataset: To address the data scarcity issue, 
we have developed a large-scale dataset containing over 1.2 million 
samples, collected from a five-axis DED setup with RTCP enabled. 
Each sample in the dataset includes co-axial melt pool images, 5 
types of control parameters (e.g., laser power, feed rate), and 15 
types of positional variables (e.g., axis positions, velocities, and ac
celerations) as input, paired with point cloud geometries of the bead 
as labels. The dataset is carefully curated and temporally aligned. 
These publicly available resources (see Supplementary Materials) fill 
a crucial gap for studying the spatio-temporal dynamics in DED 
processes and supports data-driven approaches in additive 
manufacturing.

2. Advanced Network Architecture: We introduce MST-Net, a spatio- 
temporal neural network that predicts bead profiles with excep
tional accuracy, achieving a mean Intersection over Union (mIoU) of 
0.93 for cross-sectional profiles and a mean average precision (mAP) 
of 0.95 for bead width, height and area regression. These results set a 
new benchmark in DED predictions. MST-Net is capable of predicting 
irregular shapes, including those that are not symmetrical or uni
form, a key feature in real-world DED applications. Its modular ar
chitecture, featuring embedding, encoder, and decoder modules, 
allows for task-specific adaptations, as shown by the strong transfer 
learning results.

Table 1 
Recent Deep learning (DL) approaches for DED predictions. (MPI: Melt pool image, LP: Laser power, TS: Travel speed, PFR: Powder feed rate, LSD: Laser spot diameter, 
LI: Layer index, NA: Not available.).

Category Year Energy 
Source

Material 
Feedstock

DL Model Model Input Model Output Dataset 
Size

Ref

Geometrical Feature 
Regression

2024 Laser Wire YOLO, CNN MPI Bead Geometry 3.0k [30]
2024 Laser Powder YOLO, 

Attention
MPI, LI, Pixel number, Scan direction, Layer 
height, Total height

Bead Height 5.0k [31]

2024 Arc Wire MLP TS, LI, Material, Corner Angle, Distance to 
Corner

Bead Geometry 28.8k [11]

2023 Laser Powder Resnet, 
CNN

MPI, LP, LSD, TS, PFR, Temperature Bead Geometry 0.1k [29]

2022 Laser Powder CNN, Bi- 
LSTM

LP, TS, PFR, LI, Image Index, Melt Pool 
Width

Melt Pool Width 48.0k [33]

2021 Laser Powder MLP LP, TS, MPI by IR camera, Track Profile 
from Line Scanner

Melt Pool Depth 0.4k [34]

2021 Arc Wire ErfNet MPI Segmented MPI 0.6k [32]
Quality Classification 2022 Laser Powder LSTM Plasma Spectra Surface Quality 4.3k [35]

2022 Laser Powder RandLA-Net Point Cloud Surface Quality 0.2k [36]
2021 Arc Wire CNN Magneto-optical Image Surface Quality 4.8k [37]

Thermal Field 
Regression

2021 Laser Powder RNN, MLP Thermal Field, Infill Toolpath Thermal Field 0.3k [15]
2021 Laser Powder GNN, RNN Layer Height, Distance from Laser Thermal Field NA [38]
2021 Arc Wire Bi-LSTM, 

CNN
Activation State, Thermal Field Thermal Field 98.6k [18]

2021 Laser Powder LSTM LP, TS, LI, Time Index, Average Height, 
Average Width

Melt Pool 
Temperature

17.5k [19]

Fig. 1. Overview of the multimodal spatio-temporal neural network (MST-Net) for DED bead geometry prediction. Co-axial melt pool images, laser power, travel 
speed, and positional data are collected from a home-built 5-axis DED setup and input into the network. These data are spatio-temporally aligned and undergo 
multimodal data fusion to generate a high-level representation of melt pool dynamics, which can be used to predict DED outcomes such as geometrical profiles or 
other task-specific features. The point cloud of the printed bead is sliced to obtain cross-sectional geometry, which serves as the model’s label.
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3. Temporal Dynamics Insight: By analyzing temporal dependencies and 
melt pool asymmetry, we demonstrate that optimal predictions 
require asymmetric weighting of historical (look-back) and future 
(look-ahead) contexts. While look-back alone minimizes latency for 
real-time control, integrating look-ahead improves accuracy. Longer 
sequences (>300 steps) yield diminishing accuracy gains and higher 
computational costs, necessitating balanced sequence selection (201 
steps optimal). This insight advances the understanding of temporal 

dynamics in DED, enabling improved prediction accuracy while 
maintaining real-time feasibility.

4. Prediction-Based Closed-Loop Control: We demonstrate that 
prediction-based closed-loop control improves DED by using real- 
time bead geometry predictions to adjust travel speed with a PID 
controller. This approach reduces mean error by 45.0 % and RMSE 
by 48.5 % compared to open-loop control, enhancing workpiece 
quality.

Fig. 2. The schematic diagram of the LP-DED printing and monitoring system: (a) in-process data, including positional variables, side-view thermal images, co-axial 
melt pool images and laser power; (b) post-process data, including the top-view point cloud data of the printed part; (c) the home-built 5-axis LP-DED setup; (d) point 
cloud collection process; (e) closer-up of the LP-DED process; and (f) home-printed parts produced using the 5-axis LP-DED setup.

Fig. 3. Time-series thermal images of the evolving melt pool in a DED process.
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5. Multimodal Data Impacts: Through ablation studies, we evaluate the 
impact of different input modalities on model performance. Co-axial 
melt pool images most significantly affect the prediction accuracy, 
followed by positional variables and control parameters. Positional 
variables, such as axis positions and velocities, mainly influence peak 

location, while control parameters like laser power and travel speed 
are key for predicting cross-sectional geometry. These findings un
derscore the importance of multimodal data integration for accurate 
DED predictions.

Fig. 4. Control parameter design for the dataset: (a) schematic of curvature signs with respect to the rotational direction using the right-hand rule; (b) design of 
periodical signal patterns for laser power and travel speed; (c) top-view image of printed part with two curves; (d-e) examples of travel speed, laser power, and energy 
deposition rate (EDR) superimposed on the motion path; and (f) combination of control parameters for 68 experiments.
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In the rest of the paper, Section 2 describes the development and 
preprocessing of the dataset, including parameter design, experimental 
setup, data collection, feature registration, and exploratory data anal
ysis. Section 3 details the MST-Net model, including its architecture, 
evaluation metrics, and training methodology. Section 4 presents the 
results on model prediction, deployment, and transfer learning, discus
sing the influence of multimodal data and temporal dynamics on the 
model’s performance, and its application in a closed-loop control envi
ronment. Finally, Section 5 concludes the paper by summarizing key 
findings, limitations, and future research directions.

2. Dataset development and preprocessing

To ensure data rationality and diversity while expanding the dataset, 
this study focused on three key factors—printing path, motion param
eters, and process parameters—that significantly influence the bead 
geometry, resulting in 68 distinct datasets for DED processes. During 
each operation, real-time melt pool images were captured using a CCD 
camera, and positional variables were logged by the motion controller. 
Post-printing, point cloud data of the printed bead were acquired using a 
3D scanner. Spatial-temporal feature registration was performed at each 
sampling point along the DED path. The experiment design aimed to: 1) 
vary control parameters to induce dynamic melt pool responses, 2) 
expand parameter range to improve model generalizability, and 3) 
reduce the number of experiments to enhance efficiency in both testing 
and model training.

2.1. Printing path and motion parameter design

The printing path plays a crucial role in the formation of the melt 
pool in DED processes. This study employed an equidistant spiral path 
(Fig. 4a) to better reflect real-world printing scenarios, as its curvilinear 
nature is more realistic compared to straight-line paths. The equation for 
the equidistant spiral in polar coordinates is given by: 

r = k1 + k2θ (1) 

where r is the radial distance, θ is the polar angle, and k1 and k2 are 
constants. To ensure smooth motion and printing stability, the spiral 
path was discretized with a fixed sampling interval of S = 0.1 mm, with 
a total spiral length of L = 400 mm. The angular position θl and cur
vature C l at each traveling distance l are calculated as: 

θl =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
k1

2
+ 2k2l

√
− k1

b
, C l =

r2 + 2k2
2

(
r2 + k1

2)1.5 (2) 

where l = i⋅S and i is an integer within [0,L /S ]. After discretization, 
the polar coordinates were converted to Cartesian coordinates for input 
to the motion controller.

The complex structure of the printing head (Fig. 2) introduces 
challenges in aligning the powder flow, laser optical path, and the ma
chine’s Z-axis, potentially causing the printing direction to affect the 
melt pool dynamics. To study the effects of printing direction and cur
vature, two representative printing paths were selected and deposited on 
a single substrate (Fig. 4c). Path 1 was printed counterclockwise with 
(k1, k2) = (1, 1.7), while Path 2 was printed clockwise with (k1, k2) =

(1.7π + 1, 1.7), as depicted in Fig. 4a and the 1st row of Fig. 4f.
Additionally, the study examined the effect of the RTCP function in 

multi-axis setups, which coordinates translation and rotation axes for 
synchronized motion. A realistic multi-axis environment was simulated 
by randomly assigning one of the two paths to each substrate and 
incorporating RTCP (2nd row of Fig. 4f), introducing additional motion 
in the C-axis alongside X and Y axes.

2.2. Process parameter design

Laser power and travel speed were selected as the control parameters 
due to their rapid response (within tens of milliseconds) to control sig
nals during printing. To investigate their effects, five distinct pat
terns—constant, sawtooth wave, sine wave, square wave, and random 
noise—were applied to both parameters (Fig. 4b). Each pattern was 
implemented in low and high-frequency versions to expand the dataset’s 
diversity.

To induce time-varying melt pool responses, a fixed phase difference 
of π/2 was introduced between power and speed patterns along each 
print path (Fig. 4d-e). The laser power P and travel speed F at each 
traveling distance l are expressed as: 

P i,j = pcψ j

(
2πl
L

(α + i⋅β)
)

, F i,j = fcψ j

(
2πl
L

(α + i⋅β) −
π
2

)

(3) 

where pc = 800W and fc = 600mm/min are the centre values for 
power and speed, respectively; i is an integer within [0,L /S ]; j ∈ {1, 2,
3, 4, 5} corresponds to the constant, sawtooth wave, sine wave, square 
wave, or noise pattern, respectively. The function ψ j denotes the 
waveform associated with each pattern. The constants α and β were set 
to (1, 0.001) for low frequency and (5, 0.01) for high frequency.

The combination of different signal patterns and phase shifts leads to 
variations in the energy deposition rate (EDR) in the unit of J/mm, 
which is defined as: 

EDR =
Laser Power
Travel Speed (4) 

In total, 2 curvatures, 2 pattern frequencies, 5 power patterns, and 5 
speed patterns resulted in 2 × 2 × 5 × 5 = 100 combinations. However, 
since the constant and random noise waveforms are frequency- 
independent and excessive random noise contributes minimally to the 
prediction model’s generalization, 68 parameter combinations were 
carefully selected for the datasets (Fig. 4f). The control parameters and 
positional variables collected in the dataset are listed in Table 2.

2.3. Experimental setup

In this study, a custom-designed DED system was utilized, equipped 

Table 2 
List of the model inputs, including co-axial melt image, 5 control parameters and 
15 positional variables. The mean and standard deviation (Std) are calculated 
from the training data. (For RTCP: 1 =On, 0 =Off; for Rotary direction: 
1 =Counterclockwise, − 1 =Clockwise, WCS: World Coordinate System).

Co-axial Melt Pool Images Mean Std

1. 224 × 224 pixel grey-scale images - -
Control Parameters Mean Std

1. RTCP ON/OFF 0.46 0.50
2. Rotary Direction 0.0 1.00
3. Radius of Curvature (mm) 25.06 8.41
4. Laser Power (W) 804.32 83.66
5. Travel Speed (mm/min) 395.06 40.30

Positional Variables Mean Std
1. Print Distance (mm) 199.38 115.03
2. Print Time (s) 30.56 17.44
3. Axis Position X (mm) 0.42 17.85
4. Axis Position Y (mm) − 0.66 19.57
5. WCS Position X (mm) 4.51 19.27
6. WCS Position Y (mm) 0.23 17.55
7. Axis Position C (mm) 555.82 455.35
8. Axis Velocity X (mm/s) − 0.20 7.19
9. Axis Velocity Y (mm/s) 0.41 6.84
10. Axis Velocity C (degree/s) 8.25 11.27
11. WCS Theta (degree) 5.49 96.94
12. Spiral Theta (degree) 1.94 104.14
13. Axis Acceleration X (mm/s^2) 0.16 21.87
14. Axis Acceleration Y (mm/s^2) 0.015 20.61
15. Axis Acceleration C (degree/s^2) − 0.51 19.82
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with state-of-the-art monitoring technologies, such as a co-axial CCD 
camera, a side-view structured light camera, and an infrared (IR) ther
mal camera, as depicted in Fig. 2c. The DED system is responsible for 
depositing metal beads, while a motion controller tracked spatial and 
temporal coordinates at a 1000 Hz frequency. The powder material used 
is 316 L stainless steel, with the particle size between 53 and 150 µm, 
while the substrate was also composed of 316 L stainless steel. A Raycus 
RFL-C2000 laser (6 kW max power) was utilized, paired with a Precitec 
YC52 printing head featuring a 2 mm laser spot diameter.

The co-axial CCD camera (Daheng MER2–202–60GM/C) captured 
top-down images of the melt pool at a 200 Hz frequency and a resolution 
of 640 × 480 pixels. To assess the bead geometry, a side-view structured 
light camera (Deep Innovation M05G016–230) was installed, providing 
measurements with an accuracy of 50 µm. After deposition, the camera 
was repositioned above the bead to capture its point cloud data, as 
shown in Fig. 2d. The Xiris VXIR-3000 shortwave infrared camera, 
placed outside the printing chamber, monitored the thermal map sur
rounding the melt pool. It remained stationary while the printing head 
moves and measures temperatures from 350 to 3000 ◦C, with a resolu
tion of 640 × 512 pixels (15 µm/pixel) at a 100 Hz frequency.

2.4. Data collection and feature registration

Feature registration to the same ST coordinates is crucial for inte
grating data collected at different sampling rates and timestamps. This 
process requires resampling and temporal alignment to ensure the cre
ation of a coherent dataset. Since the melt pool images cannot be 

interpolated directly, the control parameters and positional variables 
are first aligned to the temporal stamps of the co-axial images. Subse
quently, the point cloud data is aligned using the positional timestamps.

During the DED process, the co-axial camera captures top-view im
ages of the melt pool at a fixed time interval τ (Fig. 5a). These melt pool 
images, captured along the entire path, can be represented as 
X0 ∈ RNo×Ho×Wo , where N0 is the number of images, and Ho and Wo are 
the height and width of the images in pixels. The timestamps corre
sponding to X0 are denoted as: 

T0 ∈ ℝNo (5) 

The five control parameters and fifteen positional variables sampled 
at various points along the printing path (as detailed in Table 2) are 
represented as Qc ∈ RNc×5, and Sc ∈ RNc×15,where Nc = L /S + 1 is 
the number of signals gathered, with the subscript c denoting the DED 
controller. These variables include parameters such as laser power, po
sitions of the X, Y, and C axes, as well as their velocities and accelera
tions. The associated timestamps Tc are given by: 

Tc ∈ RNc (6) 

Since T0 and Tc share identical starting and ending points on the 
temporal axis, spatial interpolation of the recorded toolpath was used to 
determine the control parameters qi and positional variables si for each 
corresponding melt pool image xi from X0. By collecting si for all images, 
we obtain the spatial stamps of the system, represented as: 

S0 ∈ RNo×15 (7) 

Fig. 5. Dataset preparation and utilization workflow, including stages of dataset preparation, exploratory data analysis (EDA), model training, and model deploying: 
(a) real-time signal collection and alignment to positional stamps; (b) bead geometry measurement from point cloud collection to cross-section profile sectioning 
along the motion direction; (c) spatio-temporal registration of pre-processed data into the database; and (d) data splitting into training, validation, test, and deploying 
datasets (with 6 out of 68 datasets for deployment).
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After printing, bead geometry was recorded as point clouds using a 
structured light scanner. For each melt pool image xi, point cloud data 
within a 6 mm × 4 mm rectangular window centered on its corre
sponding si and oriented with its 4 mm edge parallel to the print di
rection were extracted to fully capture the bead geometry while 
maintaining computational efficiency. These points were converted into 
a continuous surface mesh using natural neighbor interpolation [48], 
ensuring C1 gradient continuity, preserving smoothness, and reducing 
noise in sparse regions. This method was preferred for its robustness to 
irregular point distributions and high-fidelity curvature representation. 

The mesh was sliced orthogonally to the printing direction at Si to obtain 
the bead’s cross-sectional profile, aligned with the melt pool image, and 
uniformly sampled to 40 points to ensure sufficient spatial resolution 
(see more details in Fig. S1). This procedure is repeated for all spatial 
stamps S0 to generate consistent profiles along the printed bead as: 

Y0 ∈ RNo×40 (8) 

as shown in Fig. 5b.
To further study the width, height, and area of the cross-sectional 

Fig. 6. Exploratory data analysis: (a-c) effects of travel speed, laser power, and energy deposition rate (EDR) on cross-sectional profiles; (d-f) effects of travel speed, 
laser power, and EDR on bead geometry features (width, height, and area), with the width of the violin plots representing data distribution; the filling colors of the 
violin plots in (d), (e), and (f) correspond to the lines in (a), (b), and (c), respectively; (g) schematic representation of cross-sectional width, height, and area; note that 
the travel path may not perfectly align with the peak position; and (h) correlation heatmap of control parameters, positional variables and geometry features, with 
values ranging from 1 (perfect positive correlation) to − 1 (perfect negative correlation), and 0 indicating no correlation.
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profiles (Fig. 6g), a non-mirrored sigmoid model σʹ is utilized to fit the 
actual profile and compute the relevant parameters, which is defined as: 

σʹ(x) =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

s •
1

1 + et1(x− ω+d1)
(t1, d1 ≤ 0) x ≤ ω

s •
1

1 + et2(x− ω+d2)
(t2, d2 ≤ 0) x > ω

(9) 

where s is the scaling parameter, t1 and t2 are the stretching parameters, 
ω is the central peak position, and d1, d2 are the shifting parameters. The 
width is defined as the distance across the profile at a height of 0.1 mm, 
the height corresponds to the maximum value of the function (Fig. 6g), 
and the area represents the region enclosed by the function and the 
horizontal axis within a specified range.

In conclusion, the collection of ST coordinates for the dataset is 
defined as the concatenation of the co-axial melt pool images, control 
parameters, positional variables, and the cross-sectional geometrical 
labels. This integrated dataset forms the basis for further analysis of the 
DED process and the printed bead geometry.

2.5. Exploratory data analysis

Exploratory data analysis (EDA) was conducted to investigate the 
influence of key control parameters—travel speed, laser power, and 
EDA—on the cross-sectional geometry of the deposited beads. The re
sults revealed that while laser power and speed affect bead dimensions 
(width, height, area), the peak location is primarily influenced by the 
positional dynamics.

The violin plots in Fig. 6d-f summarize global trends across the 
dataset of 1.2 million samples, where the ‘violin’ shape represents data 
distribution, with wider sections indicating a higher density of data 

points. The results indicate that the bead width, height, and area 
decrease significantly as speed increases, demonstrating a strong nega
tive correlation. In contrast, laser power shows a weak positive corre
lation with geometry dimensions, leading to slight increases in width, 
height, and area. EDR, defined as the ratio of laser power over speed, 
exhibits a strong positive correlation, with all three geometric features 
increasing substantially as EDR rises. These trends are further validated 
by the average cross-sectional profiles in Fig. 6a-c, f where higher speeds 
result in narrower, smaller profiles, and higher EDR produces larger, 
more pronounced profiles. While larger laser power marginally in
creases the width and height, its effect is less pronounced. The corre
lation heatmap (Fig. 6h) reinforces these findings, confirming the strong 
negative correlation between speed and bead geometry, and the positive 
correlation with EDR. These results underscore the complex interplay of 
control parameters in shaping bead geometry, with EDR playing a 
dominant role in the DED process.

Additionally, the correlation heatmap (Fig. 6g) reveals the influence 
of positional variables, such as axis position, speed, and acceleration, on 
bead geometry, particularly affecting the lateral shift of the peak loca
tion during the printing process. This shift may be attributed to cen
trifugal force or the tilting angle of the laser head. Unlike width, height, 
and area, which describe the profile shape under ideal conditions, the 
peak location is not directly influenced by laser power or EDR. These 
findings highlight the role of positional factors in shaping bead geom
etry, particularly in non-ideal printing scenarios.

Fig. 7. The multimodal spatio-temporal neural network (MST-Net) architecture. (Img: Co-axial images, Param: Control parameters, Pos: Positional variables, Rs-18: 
Resnet-18 without the final linear layer, FC: Fully connected, Cat: Concatenate, Add: Residual addition, Norm: layer normalization, FFD: Feed-forward module with 
two linear layers and dropout, Bi-LSTM: Bidirectional long short-term memory, Decoder A: For cross-sectional geometric profile prediction, Decoder B: For cross- 
sectional width, height and area prediction).
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3. MST-Net design, evaluation, and training

3.1. Neural network design

The neural network for cross-sectional geometric prediction first 
generates a joint representation of multimodal data (co-axial images, 
control parameters, and positional variables) [41] and then uses an 
encoder-decoder backbone with Bi-LSTM layers [40] to capture both 
spatial and temporal responses (Fig. 7). Here, the input is a sequence of 
hardware signals X = (xi− a, …,xi,…, xi+b) within a fixed time window 
centered at time instance i, where a and b represent number of elements 
after and before the current time instance i, respectively; and the output 
profile is y = (yi1, …,yim) ∈ Rm, where m is the number of task-specific 
features. The overall architecture, inspired by [42,49,50], consists of 
three modules: the embedding layer, the encoder, and the decoder.

3.1.1. Embedding layer
The embedding layer maps the input sequence X into a lower- 

dimensional matrix E = (bi− a, …, bi, …, bi+b) ∈ RN×H, where N 
= a+b+1 is the sequence length and H is the hidden dimension. Here, H 
= 1⋅dimg + nprm⋅dprm + npos⋅dpos, where n is the number of signal chan
nels, d is the feature dimension in each channel, and the superscripts 
img, prm, and pos represent the image, control parameters, and posi
tional variables, respectively.

To incorporate both spatial and sequential information into the 
input, the elements in E concatenate features from all hardware chan
nels: 

ei = Concat
(

eimg
i , eprm

i , epos
i

)
(10) 

Following established multimodal approaches [41,51], the image 
embedding transforms the raw signals into low-dimensional vectors that 
capture essential spatial features while leveraging computational effi
ciency. Each image is mapped into eimg

i ∈ Rdimg using a pre-trained 
ResNet-18 model [28] as the feature extractor. During training, 
ResNet-18 parameters are frozen to preserve learned features and reduce 
computational overhead. The parameter and positional embeddings 
match the image embedding dimension, balancing input sizes to prevent 
the image dimension from overwhelming the model and hindering the 
learning. Each input parameter and positional signal is processed by a 
1 × 1 convolutional layer, resulting in parametric embedding eprm

i ∈

Rnprm ⋅dprm and positional embedding epos
i ∈ Rnpos ⋅dpos . In this study, dimg =

512, and dprm = dpos = 6.

3.1.2. Encoder
The encoder captures both spatial and temporal dependencies in the 

data, transforming the input embedding B to a latent vector Z = (zi− α, … 
, zi, …, zi+β) ∈ RN×H. The encoder comprises two sub-layers: a bi- 
directional long short-term memory (Bi-LSTM) layer for temporal 
extraction, and a fully-connected feed-forward (FFD) layer for feature 
transformation. To ensure training stability, residual connections and 
layer normalization are applied to both sub-layers.

The Bi-LSTM architecture [33,40,49] extracts spatio-temporal fea
tures. A Bi-LSTM processes sequential data bidirectionally by combining 
two LSTM layers: one processes the sequence backward, and the other 
processes it forward. This bidirectional design enables the model to 
integrate both past and future information, capturing dependencies 
throughout the entire sequence. This capability is critical for tasks 
requiring temporal continuity, such as analyzing thermal history and 
geometrical profiles. The Bi‑LSTM in MST‑Net uses a single layer with 
an input size of 632, which is chosen to match the output size of the 
preceding embedding layer. This configuration results in a hidden size of 
316 units per direction, giving a bidirectional output dimension of 632.

The FFD layer [42] performs a temporal-wise transformation, 
applying the same and separate operation across different temporal 

steps. It consists of two linear transformations with a non-linear acti
vation in between: 

x←max(0, xW1 + b1)W2 + b2 (11) 

where W1 and W2 are weight matrices, b1 and b2 are bias vectors, and 
max(0, ⋅) represents the ReLU activation function. The non-linearity 
introduced by ReLU enables the model to capture complex relation
ships and enhance the features extracted by the Bi-LSTM.

To improve gradient flow and stabilize training, residual connections 
[52,53] are incorporated. These connections add the output of each 
sub-layer to its input, followed by the layer normalization [54], 
expressed as: 

x←LayerNorm(x + Sublayer(x) ) (12) 

This approach ensures dimensional consistency across the encoder, 
maintaining the same embedding size H. Residual connections address 
the vanishing gradient problem, while layer normalization helps stan
dardize activations, facilitating stable and efficient learning.

3.1.3. Decoder
The decoder in our network architecture is modular, offering flexi

bility in generating various types of outputs. The latent vector, which 
encodes the learned representations of the input data, is used to produce 
the cross-sectional geometrical profile in the form of yi = (yi1, …,

yim) ∈ Rm×1, where m is the number of points in each profile.
There are two decoder configurations, as shown in Table 3: the first 

directly generates cross-sectional profiles as slices of the 3D shape, 
providing a direct representation of the geometry. The second configu
ration generates geometrical features (e.g., width, height, and area) that 
can be fitted to a parametric function, such as a Gaussian shape or the 
non-mirrored sigmoid model as in Eq. (9), facilitating 3D shape recon
struction. This modular design also enables varying levels of output 
accuracy by changing m in the output profile.

This structure enables fine-tuning of the decoder without retraining 
the encoder or embedding layers, which comprise the majority of the 
model’s parameters. As shown in Table 3, the decoder accounts for only 
1.66–1.69 % of the total parameters. This facilitates efficient transfer 
learning, where the encoder remains fixed while the lightweight decoder 
adapts to new tasks with minimal computational cost.

3.2. Metrics for evaluation

The mean squared error (MSE) between the true and the predicted 
ones is used to evaluate the model performance: 

MSE =
1
n
∑n

i=1
(yi − ŷi)

2 (13) 

where yi is the true value, ŷi is the predicted value, and n is the number 
of observations. To quantitatively compare the prediction accuracy of 
height, width, and area, the mean average precision (mAP) is used, as 

Table 3 
Model parameter sizes for two types of decoder configurations.

Decoder A Decoder B

Parameter 
Number

Parameter 
Pct (%)

Parameter 
Number

Parameter 
Pct (%)

Embedder 11,689,752 77.16 11,689,752 77.19
Resnet− 18 11,689,512 77.16 11,689,512 77.18
Others 240 0.002 240 0.002
Encoder 3204,240 21.15 3204,240 21.16
Bi-LSTM 2401,600 15.85 2401,600 15.86
Others 802,640 5.30 802,640 5.30
Decoder 256,474 1.69 251,068 1.66
Total 15,150,466 100.00 15,145,060 100.00
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given by: 

mAP =
1
n
∑n

i=1

ŷi

yi
(14) 

However, for profile prediction, mAP becomes unreliable due to the 
prevalence of data points close to zero, which can destabilize the eval
uation. To overcome this, the Intersection over Union (IoU) metric is 
utilized for assessing the profile fitting accuracy, focusing on the overlap 
between the predicted and ground truth curves. IoU measures the degree 
of overlap between two regions (the predicted and ground truth curves), 
defined as the ratio of their intersection to their union: 

IoUi =

∑n

j=1
min(fi(j), gi(j))

∑n

j=1
max(fi(j), gi(j))

(15) 

where j ranges from 1 to n, representing each discrete point on the curve, 
and fi(j) and gi(j) denote the values at the j-th point of the predicted 
curve and the ground truth curve for the i-th pair, respectively. The 
mean Intersection of Union (mIoU) for a total of m curve pairs is 
calculated as: 

mIoU =
1
m

∑m

i=1
IoUi (16) 

The mIoU metric is particularly well-suited for profile prediction due 
to its robustness against the non-uniformity of bead geometry, such as 
asymmetry, skewness, and changes in width at different heights. Addi
tionally, it avoids instability caused by small denominators in 
percentage-based metrics, ensuring smoother training. Fig. 8 illustrates 
how IoU improves with the training progression for 4 samples. Each 
column represents the same sample at different epochs (1, 11, and 100), 
showing an increase in IoU from approximately 0.85 to 0.95. Notably, 
the cross-sectional profiles exhibit significant asymmetry, often skewing 

Fig. 8. Improvement of loss and metrics during training, validation, and test processes: (a) examples of improvement of the loss and the IoU (Intersection over Union) 
metric during training; (b) loss of train-val-test (training-validation-test) processes vs. epoch; and (c) IoU metrics of train-val-test processes vs. epoch.
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to the left or right, which complicates the prediction and requires the 
model to be adaptable. Early in training, the predicted profiles (shaded 
regions) poorly match the ground truth (lines), resulting in lower IoU 
scores. As the training advances, the predictions align more closely with 
the ground truth, with higher IoU values indicating better accuracy. In 
general, IoU values around 0.85 are considered of moderate accuracy, 
while values around 0.9 are regarded as satisfactory, and values near 
0.95 indicate highly precise predictions, showcasing the model’s ability 
to converge effectively.

3.3. Model training

The training process for MST-Net followed a structured three-stage 
workflow: dataset preprocessing, train-val-test (training, validation, 
and testing), and deploying. Out of 68 datasets, 62 were used for train- 
val-test, while the remaining 6 datasets were reserved for deployment, 
as illustrated in Fig. 5d. This ensures the model’s generalizability across 
different stages.

Datasets were pre-processed with techniques such as size cropping, 
feature standardization, and outlier removal to integrate images, control 
parameters, and positional variables into a cohesive feature space. 
Image data were cropped to 224 × 224 pixels and processed through 
ResNet-18 (excluding its final linear layer), serving as a feature extractor 
with its parameters frozen. This resulted in the extraction of 512 features 
from each image. Control parameters and positional variables were 
standardized using mean and standard calculated from the training data 
(Table 2) and then embedded into vectors of dimension 6 using two 
consecutive linear layers. Time-sequence data were then prepared, 
centered on the current instance, with additional time steps for both 
look-ahead and look-back, enabling the model to capture temporal 
variations.

In the train-val-test stage, each dataset was split into 80 % training, 
10 % validation, and 10 % test sets to mitigate overfitting. Dropout 
regularization (with a rate of 0.3), residual connections, and layer 
normalization were applied in the encoder to stabilize training. The 
model was optimized using the Adam optimizer with an exponentially 
adaptive learning rate, starting at 0.4 × 10− 5 and decaying by 0.985 
over 100 epochs. A batch size of 64 was used, and a hybrid loss function 
combining MSE with weight of 0.88 and mIoU with weight of 0.12 
balanced the prediction accuracy and profile fitting. As shown in Fig. 8b- 
c, the loss steadily decreased over epochs, while the IoU metric 
increased consistently across training, validation, and test sets, indi
cating enhanced generalization and stability as training progressed. 
Training proceeded for the full 100 epochs, and the best-performing 
model based on validation-set performance was saved and subse
quently used in the test stage. In the deployment stage, the trained MST- 
Net model was evaluated on 6 datasets featuring previously unseen 
control parameter patterns (Fig. 5d). This three-stage process highlights 
the critical role of thorough data preprocessing, regularization tech
niques, and rigorous validation in optimizing the model’s predictive 
capabilities, ensuring robustness and generalization to unseen data and 
diverse real-world conditions.

Model training and deploying were performed using PyTorch 
(version 2.3.0 +cu121) on a workstation with an AMD Ryzen Threa
dripper PRO 5955WX 16-core CPU, two NVIDIA GeForce RTX 4090 
GPUs (24 GB of memory each), and Ubuntu 22.04.5 LTS (64-bit) as the 
operating system. All benchmarking architectures - including MST‑Net 
and the competing baselines - were trained under the exact same 
hardware and software environment, using identical configuration of 
optimizer, learning rate, batch size, and number of epochs to ensure 
fairness. No additional regularization techniques such as weight decay, 
dropout, or early stopping were applied in any of the benchmark 
training runs (see Table S1 for details).

4. Results and discussion

4.1. Prediction performance

The prediction results in Fig. 9a provide a comparative analysis of 
model performance across 68 datasets, with experiment IDs 1, 2, 37, 38, 
55, and 56 designated as deploying datasets and the remaining datasets 
used for training. Performance is evaluated using the mIoU metric for 
profile prediction, with the model achieving a maximum mIoU of 0.927 
and an average mIoU of 0.92 on the training datasets, based on the 
evaluation using test partition. On the deploying datasets, the model 
yields a slightly reduced average mIoU from 0.89 to 0.91, indicating a 
modest drop in performance when generalizing to unknown data dis
tributions. This 2–3 % reduction highlights the challenges of adapting 
the model to deployment scenarios, underscoring the importance of 
further tuning for robust real-world performance. In these tests, the 
control parameters featured a noise pattern that was absent from the 
training dataset, challenging the model to predict under new and varied 
conditions. A comparison of the actual printed bead geometry and the 
predicted geometry (Fig. 9b-d) reveals high similarity, with a root mean 
square error (RMSE) of 0.117 mm. Point cloud visualizations of a local 
area (Fig. 9e-g) confirm the fidelity of the spatial predictions, with the 
predicted point cloud profile being noticeably smoother and less noisy 
than the measured point cloud. These results affirm the model’s 
robustness and its ability to generalize to new variations in control 
parameters.

Table 4 compares the performance of MST-Net with completive 
encoder configurations, considering both prediction accuracy 
(measured in mIoU) and computational efficiency (measured in frame 
per second, or FPS). Our analysis highlights the encoder’s critical role as 
an ST extractor (Fig. 7), with fixed embedding and task-specific decoder 
layers to isolate encoder performance. The 1-layer Bi-LSTM (0.926 
mIoU, 119 FPS) produced the closest performance to our MST-Net. 
Other temporal-aware models like the 1-layer RNN (0.916 mIoU, 143 
FPS) marginally outperformed the MLP baseline (0.912 mIoU, 170 FPS) 
in accuracy, though deeper variants (2-layer Bi-LSTM: 0.873 mIoU, 92 
FPS) suffered significant accuracy degradation despite increased pa
rameters (e.g., 5.06 M for 2-layer Bi-LSTM vs. 2.4 M for 1-layer), likely 
due to overfitting. Self-attention and its MSHA variants achieved subpar 
accuracy despite high efficiency (~163 FPS). The 2-layer GNN matched 
the MLP’s accuracy with 75 % fewer parameters (800 K) and higher 
efficiency (149 FPS). To conclude, MST-Net achieves the best accuracy 
(0.927 mIoU) with moderate computational overhead (116 FPS), 
demonstrating a favourable accuracy-efficiency trade-off for real-time 
DED control, where high precision is prioritized over marginal latency 
gains.

4.2. Temporal effects

The model input sequence length includes look-back, current 
instance, and look-ahead length (Fig. 10b), with temporal effects being 
crucial for performance. Fig. 10a’s thermal map shows the melt pool’s 
asymmetric shape, where the tailing length exceeds the heading length 
due to the travel speed of the melt pool. This asymmetry indicates the 
necessity for the model to weigh historical and future data differently. 
"Look-back" reflects previously deposited material’s influence, while 
"look-ahead" anticipates process parameter changes but can introduce 
lags in real-time control. Results (Fig. 10d-e) indicate the best mIoU 
(0.927) occurs with total sequence lengths between 100 and 400, 
peaking at 200, corresponding to 5 mm in bead deposition at 10 mm/s. 
Optimal look-ahead lengths are 100–200, and look-back lengths 
25–200. In Fig. 10c, we compare the distance between melt pool thermal 
maps for different sequence input lengths. As sequence length increases, 
the temporal separation between frames grows, weakening the spatio- 
temporal correlation between them. This increased distance reduces 
the model’s ability to extract relevant features, leading to a performance 
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plateau for sequence lengths beyond 200. Sequence lengths longer than 
300, exhibit diminishing returns in accuracy and higher computational 
costs (Fig. 10e-g). These findings highlight the need for a balanced 
approach that integrates sufficient historical data with future 
anticipation.

Aside from accuracy, latency is another key concern in real-time 
monitoring and control processes [45], primarily caused by three fac
tors: 1) data processing, 2) control looping, and 3) signal communica
tion. This discussion focuses on the first aspect. Univariate analysis 
(Fig. 10e) shows that using "look-ahead-only" achieves a mIoU score of 
0.925, while "look-back-only" reaches 0.923. The "look-back-only" 
approach eliminates temporal lags by using only the current and past 
instances. While prediction accuracy is slightly lower, it emphasizes the 
model’s real-time control capabilities. Fig. 10f-g shows that the 
computational time for MST-Net increases from 6.4 to 23.8 ms with the 
total sequence length increasing from 1 to 601. The increase is mainly 
due to the encoder, which scales linearly with sequence length, while the 
decoder and embedding layer’s computation is unaffected, as embed
dings are stored and reused across time steps. For an ideal sequence 
length of 201 that yields the best accuracy, the loop time for a "look-
back-only" model is approximately 8.6 ms (~116 FPS), comparable to 

Fig. 9. Prediction results: (a) training and deploying results of 68 datasets, with experiment 1,2,37,38,55,56 used for deploying, and the remaining used for training; 
(b-d) deployment results for two complete paths (experiment 37 and 38) on the same substrate: (b) ground truth point cloud; (c) reconstructed bead geometry from 
the predicted profiles; and (d) prediction error map; (e-g) deployment results for a local region in experiment 38: (e) ground truth point cloud; (f) reconstructed bead 
geometry from the predicted profiles; and (g) prediction error map.

Table 4 
Prediction performance of competitive encoder options. (The MLP, consisting of 
two fully-connected (FC) layers and one ReLU layer, uses only the current time 
instance. Other encoders have the target NN structure plus one ReLU layer, and 
process temporal sequences of length 201, with equal look-ahead and look-back 
lengths. The accuracy is measured on the test dataset. The efficiency, measured 
in frame per second, or FPS, is tested for the whole model including the encoders 
and other layers.).

Encoder 
Option

Encoder 
Parameter Size

Accuracy 
(mIoU)

Efficiency 
(FPS)

MLP (2 FC layers) 800,112 0.912 170
RNN (1 layer) 800,112 0.916 143
Bi-LSTM (1 layer) 2401,600 0.926 119
Bi-LSTM (2 layers) 5059,914 0.873 92
Self-Attention 1600,224 0.856 164
MHSA (4 heads) 1600,224 0.877 163
MHSA (8 heads) 1600,224 0.863 164
GNN (1 GCN layer) 400,056 0.895 156
GNN (2 GCN layers) 800,112 0.907 149
MST-Net (Ours) 3204,240 0.927 116
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state-of-the-art methods like [30], which uses 60 FPS for hardware-bead 
geometry synchronization. Of this, 5.5 ms (64 % of the time) is spent on 
embedding, as ResNet-18 accounts for over 77 % of the parameters 
(Table 3), 2.7 ms for the encoder, and 0.1 ms for the decoder. This 
processing speed is sufficiently fast for DED control, where control 
points are just 0.08 mm apart at a 10 mm/s travel speed. In conclusion, 
choosing a proper total sequence length for high accuracy, and using 
"look-back-only" for low latency is crucial for real-time DED control 
processes.

4.3. Prediction-based closed-loop control for printing height

Accurate prediction of bead geometry in DED is essential for effective 
process control, as it directly impacts the quality of the final workpiece. 
The ’look-back-only’ model, with its real-time processing speed of 116 
FPS, provides notable advantages for closed-loop control. To maintain 
temporal compatibility with this high-speed prediction capability, syn
chronous data acquisition is required. Before each deposition, control 
parameters—including RTCP state, rotary direction, laser power, travel 
speed, and curvature—are predefined with the toolpath, sampled at 

Fig. 10. Effects of look-ahead and look-back lengths on mIoU: (a) side-view thermal map of the evolving melt pool; (b) sequence composition of the model input; (c) 
comparison of distance between melt pool thermal maps for different sequence input lengths; (d) heatmap of mIoU with varying look-ahead and look-back lengths; 
(e) univariant analysis showing the cases of "only ahead", "only back", and "evenly ahead/back"; (f) computation time per iteration vs. total sequence length with ‘only 
back’ setup; and (g) training time vs. total sequence length, with batch size equalling 64.
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0.1 mm intervals, and stored in memory. During printing, these pa
rameters are retrieved in real time via a fast kd-tree search and com
bined with positional variables from the motion controller sampled at 
1 kHz. Curvature and other parameters are continuously updated 
through lightweight interpolation between adjacent toolpath nodes, 
ensuring precise alignment with live axis coordinates. For a 10,000- 
point toolpath, the kd-tree query and interpolation complete in under 
10 µs, which is negligible within the 10 ms cycle time of a 100 Hz 
control loop. The synchronized control and positional data are then 
aligned with melt pool images captured at 200 Hz (as in Fig. 5a), and all 
modalities are pushed into a first-in–first-out (FIFO) queue of length 
201—the optimal sequence length determined in Section 4.2. This 
streamlined data flow delivers temporally consistent, high-fidelity 
multimodal inputs at each control step, enabling stable and responsive 
closed-loop operation.

To assess the model’s performance, open-loop and prediction-based 
closed-loop control printing experiments were conducted under iden
tical conditions. As shown in Fig. 11a-b, a star-shaped conic pattern was 
selected for both experiments, following the same printing path trajec
tory. The designed structure comprised 20 deposited layers, yielding a 
target height of 10 mm. In the open-loop control setup, process pa
rameters remained fixed throughout the printing process. In contrast, 
the prediction-based closed-loop control employed real-time multi
modal data acquisition via sensors, which were fed into MST-Net to 
generate predictive bead geometry profiles (Fig. 11c). For simplicity, a 
proportional-integral-derivative (PID) controller was used to adjust the 
travel speed based on deviations between the predicted and target bead 
heights, enabling continuous compensation for height inaccuracies. The 
actual control frequency is 100 Hz, ensuring efficient and timely 
adjustments.

When comparing the open-loop and closed-loop control strategies, 
the open-loop system exhibited significant surface undulations, likely 
due to heterogeneous heat accumulation along the toolpath, particularly 
at the corners where path overlap occurs. This is a challenge that static 
process parameters cannot mitigate, as illustrated in Fig. 12a. On the 
other hand, the closed-loop control system produced a much smoother 
surface by dynamically adjusting the travel speed to compensate for 
layer height deviations, as shown in Fig. 12b. Top surface topography 
characterization was performed using a structured-light camera, and 
dimensional fidelity was evaluated against the designed model, as 
shown in Fig. 12c-d. The open-loop specimens demonstrated a mean 
error of 0.45 mm and a RMSE of 0.58 mm, whereas the prediction-based 
closed-loop control achieved higher accuracy with a mean error of 
0.23 mm (45.0 % reduction) and RMSE of 0.30 mm (48.5 % reduction). 
These results underscore the efficacy of bead geometry prediction in 
optimizing printing process control, leading to a substantial 

improvement in workpiece quality.
While our initial prediction–control framework has shown promising 

performance, we acknowledge two main limitations. First, it considers 
only single-layer parameters, which risks error propagation across 
layers. To address this, we are developing a laser-head–integrated height 
sensor for real-time measurement of deposited height, allowing pre
dictive outputs to be corrected with ground-truth feedback. Second, the 
framework was trained on single-layer data but applied to multi-layer 
builds, where cumulative thermal history, melt pool dynamics, and 
support geometry effects become significant. To overcome this, we are 
expanding the dataset with in-situ multi-layer measurements, including 
synchronized point cloud–based height mapping (to be available later in 
a subsequent paper), enabling retraining of MST-Net to capture the 
physics of extended builds more accurately.

4.4. Transfer learning with variant tasks

Given the modular design of the decoder (Section 3.1.3), this study 
applies inductive transfer learning [55], where the input remains con
stant across both the source and target domains, but the output task 
differs, as shown in Fig. 13. By transferring parameters extracted by the 
encoder as high-level representations, the approach leverages knowl
edge from the source domain to enhance learning in the target domain, 
despite differences in task specifics.

We evaluate two setups in this study: 

- In Setup I (A→B), the ST encoder, pre-trained with Decoder A for 
profile prediction, is reused with Decoder B for WHA prediction.

- In Setup II (B→A), the ST encoder, pre-trained with Decoder B, is 
reused with Decoder A for profile prediction.

As shown in Table 5, Setup I with 100 % of training data performs 
similarly to training without transfer learning (Decoder B), demon
strating effective knowledge transfer. However, Setup II with 100 % of 
training data experiences slight performance degradation, because WHA 
information is embedded in geometric profiles, but not vice versa. 
Notably, the transfer learning approach remains highly effective even 
with reduced target data. For Setup I, the model maintains strong per
formance even with only 10 % of the data, with mPA remaining stable at 
approximately 0.950. Setup II shows greater degradation as data size 
decreases, with mIoU dropping to 0.883 at 5 % data, reflecting the 
challenge of transferring knowledge from WHA to geometric profile 
prediction. As a result, the encoder in Setup I captures richer ST dy
namics into the latent vector Z, making it the preferred base model for 
future task-specific transfers. With the decoder parameters comprising 
less than 1.7 % of the entire model (Table 3), this approach minimizes 

Fig. 11. Design of the closed-loop control experiment: (a) designed model; (b) printing trajectory; (c) closed-loop predictive control system integrating the MST-Net.
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Fig. 12. Comparison between the open-loop and closed-loop control: (a) printed specimens; (b) travel speed; (c) height error heatmap comparing the printed top 
surface and the designed model.

Fig. 13. Schematics of inductive and transudative transfer learning (Model parameters in the embedder and encoder are copied from the pre-trained base model, 
with only the decoder parameters being updated during parameter transfer).
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retraining needs and adapts efficiently to tasks with limited data, 
demonstrating both its robustness and adaptability.

4.5. Transfer learning with variant inputs

Additional transfer learning experiments were conducted to verify 
the model’s adaptability to variant inputs, such as different patterns in 
control signals or printing paths. A typical example is the use of varying 
the path geometries as input. In addition to the equidistant spiral path 

used in the pre-trained model, three new geometries (hexagon-like, 
decagon-like, and four-leaf clover-like) were employed in the transfer 
learning process (Fig. 14). In this case, transductive transfer learning 
[52] was applied, where the tasks remain the same, but the input data 
distribution differs, as shown in Fig. 10. The resultant error, evaluated 
by RMSE, ranged from 0.132 to 0.141 mm for these new paths, 
demonstrating that the MST-Net model successfully adapts to new ge
ometries. In terms of computational performance, the training dataset 
size for the transfer learning experiments was only 0.017 million sam
ples compared to the original 1.15 million. Owing to the much reduced 
size of the smaller dataset, its training time was under 20 min, as 
compared to the 8.5 h required for training on the full dataset. These 
results not only highlight the model’s ability to generalize to new ge
ometries but also emphasize its efficiency in terms of both training time 
and computational resources, further validating its robustness for 
real-world applications.

4.6. Multimodal data effects

An ablation study was conducted on the test dataset to systematically 
remove or alter specific inputs to assess their impact on the model 
performance, where a significant degradation in metrics indicates that 
the excluded input has a large effect. The results (Table 6) highlight the 
effects of various multimodal inputs (co-axial images, control parame
ters, and positional variables) on the model performance.

For decoder A (geometrical profile prediction), all input modalities 
are crucial, where the model achieves the highest mIoU (0.927) and the 
lowest loss (0.0094) in row #1 of Table 6. Excluding positional variables 

Table 5 
Comparison between direct training and transfer learning. The transfer learning 
has two setups: Setup I (A→B), where the ST encoder pre-trained on profile 
prediction is used for WHA (Width, Height, and Area) prediction, and Setup II 
(B→A), where the encoder pre-trained for WHA prediction is used for geometric 
profile prediction.

Direct Training Decoder B 
(WHA)

Decoder A 
(Profile)

​ Loss mPA Loss mIoU
100 % data 0.0095 0.951 0.0094 0.927
​ ​ ​
Transfer Learning Setup I 

(A→B)
Setup II 
(B→A)

​ Loss mPA Loss mIoU
100 % data 0.0096 0.952 0.0121 0.906
50 % data 0.0096 0.953 0.0126 0.904
25 % data 0.0102 0.953 0.0137 0.896
10 % data 0.0112 0.950 0.0152 0.886
5 % data 0.0164 0.933 0.0156 0.883

Fig. 14. Transfer learning results for new geometries: hexagon-like, decagon-like, and four-leaf clover-like shapes (top to bottom).
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results in a significant performance drop (row #4 of Table 6), with mIoU 
dropping to 0.897, as the peak location of the cross-sectional profile 
could shift due to positional and speed-wise variation of the CNC axes. 
Control parameters, while contributing to performance, appear to be 
largely embedded within the co-axial images, as evidenced by a smaller 
drop in performance when control parameters are ablated, but a large 
drop when co-axial images are ablated (row #2–3 of Table 6).

For decoder B (width, height, and area, or WHA prediction), the 
model’s performance is primarily influenced by co-axial images, with 
minimal impact from positional variables. When both co-axial images 
and control parameters are included, the model achieves the highest 
mAP (0.951) and the lowest loss (0.0095). Excluding positional vari
ables results in a small drop in performance, with the mAP decreasing to 
0.944. Since width, height, and area measure overall shape rather than 
peak position, positional changes due to CNC axis movement have little 
effect on the prediction.

To illustrate why melt pool imagery emerges as the most influential 
modality in our ablation study, we analyzed three sets of key features: 
melt pool images (area, mean intensity, and center of mass (CoM) in X/ 
Y), bead cross-sectional geometries (width, height, and area), and 
printing parameters (laser power, scan speed, and decomposed axial 
velocities (Vel X/Y)). Here, melt pool area is defined as the fraction of 
pixels above a very small normalized intensity threshold, mean intensity 
is the average normalized pixel value, and CoM represents the intensity- 
weighted centroid coordinates, indicating the position of the highest 
concentration of intensity. As shown in Fig. 15b and d, higher laser 
power and lower scan speed increase the EDR, which correlates posi
tively with the melt pool mean intensity. In Fig. 15a, increasing EDR 
from 1.5 and 1.7–2.1 raises melt pool mean intensity from 0.073 and 
0.081–0.093, accompanied by a larger bead cross-sectional area. For 
bead geometries, melt pool mean intensity exhibits the strongest cor
relation with bead area, followed by height and width, reflecting its 
stronger link to deposition volume, whereas the melt pool area primarily 
reflects the thermal boundary extent.

The melt pool morphology is also closely linked to the RTCP func
tion: because the melt pool camera is mounted on the laser head 
(Fig. 2c), and the RTCP function alters the decomposition of axial ve
locities, positional dynamics directly affects the captured images in the 
camera frame. When RTCP is enabled, C-axis rotation dominates with 
minimal X-axis motion, and the melt pool tail consistently points 
downward regardless of the travel direction; when disabled, X–Y 
translation drives melt pool movement, and the tail direction shows a 
strong inverse relationship to motion direction. The correlation map in 
Fig. 15d shows strong negative correlations between melt pool CoM X 
and Vel Y, and a positive Vel Y–CoM Y correlation due to the opposite 
orientation of the motion coordinate system and the image Y-axis. These 
results confirm that melt pool images embed both physical and process- 
specific information that control parameters alone cannot provide, 
making them essential for high-accuracy geometry prediction in DED.

To visualize where the model focuses when interpreting melt pool 
images, we applied Gradient-weighted Class Activation Mapping (Grad- 

CAM) [56] to a ResNet-18 backbone modified for single-channel melt 
pool images, as inspired by [57,58]. Grad-CAM was computed from the 
layer2 feature maps, producing activation maps that preserve fine 
spatial details while capturing higher-level semantic patterns. We note 
that the backbone was not fine-tuned on our dataset; therefore, we 
interpret Grad-CAM as a model-agnostic diagnostic rather than 
task-specific evidence. As shown in Fig. 15, the model’s attention is 
primarily concentrated at the melt pool core, with the secondary focus 
along the edges and leading front, while the wake/tail region receives 
consistently lower attention. Spatter regions show localized but less 
dominant responses; for example, in the third row of Fig. 15a, spatter 
slightly increases local gradient values without shifting focus away from 
the core. These visualizations complement the ablation experiments by 
confirming that the model attends to physically meaningful regions 
(core, edges, leading front) and that this attention is influenced by 
variations in multi-axis motions.

More specifically, control parameters such as travel speed, laser 
power, and EDR have distinct impacts on the prediction accuracy, as 
shown in Fig. 16. In Fig. 16a, lower IoU values are associated with 
irregular cross-sectional profiles (blue curves), while smoother, 
Gaussian-like profiles (red curves) correspond to higher IoU values, 
indicating a better prediction accuracy. Correlation analyses in Fig. 16b 
reveal that IoU is negatively correlated with travel speed, indicating that 
higher speeds reduce the prediction accuracy. Conversely, IoU is posi
tively correlated with the laser power and strongly influenced by EDR, 
with EDR emerging as the most significant control parameter, as 
demonstrated by the violin statistic plots in Fig. 16c-e. This is because 
EDR directly affects the cross-sectional area, aligning with the previous 
EDA analysis (Section 2.5). Besides, the peak location is primarily 
affected by the positional variables, such as axis position, speed, and 
acceleration. Statistical violin plots in Fig. 16f-h show that mIoU de
creases with increasing axis C velocity, higher Y axis position, and 
greater absolute peak position. These findings emphasize the impor
tance of fusing multimodal data in the prediction process.

5. Conclusion

In this study, we tackle data scarcity and dynamic geometry control 
in DED by proposing a multimodal spatio-temporal neural network 
(MST-Net) and a comprehensive, publicly available dataset. The dataset, 
comprising over 1.2 million multimodal samples, bridges a critical gap 
in studying the spatio-temporal dynamics of DED and supports data- 
driven approaches in additive manufacturing. We introduce MST-Net, 
which sets new benchmarks in DED predictions, successfully predict
ing irregular bead shapes and demonstrating strong transfer learning 
capabilities. Its modular architecture—embedding, encoder, and 
decoder modules—ensures robust performance and task-specific adap
tations. Temporal analysis identifies an optimal 201-step sequence for 
accuracy at 116 FPS, while "look-back-only" minimizes latency, crucial 
for real-time DED control. Ablation studies emphasize the importance of 
multimodal data, with co-axial melt pool images being the most 

Table 6 
Ablation study results with two decoder configurations: Decoder A for geometrical profile prediction and Decoder B for WHA prediction (width, height, and area). The 
study evaluates the impact of ablated modalities, including co-axial images, control parameters, and positional variables.

Decoder A 
(Profile)

Decoder B 
(WHA)

# Co-axial 
Images

Control 
Parameters

Positional 
Variables

Loss mIoU Loss mAP

1 Yes Yes Yes 0.0094 0.927 0.0095 0.951
2 No Yes Yes 0.0138 0.896 0.0573 0.866
3 Yes No Yes 0.0113 0.913 0.0167 0.933
4 Yes Yes No 0.0142 0.897 0.0131 0.944
5 Yes No No 0.0137 0.897 0.0152 0.939
6 No Yes No 0.0470 0.735 0.0244 0.918
7 No No Yes 0.0180 0.871 0.9024 0.766
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Fig. 15. Effects of melt pool images on prediction results with respect to positional and control parameters: (a) and (c) comparison of cross-sectional profiles, melt 
pool images, and Grad-CAM heatmaps with the RTCP function on and off, respectively (M: mean intensity, CoM: center of mass); (b) and (d) comparison of the 
correlations between positional/control parameters and statistical features of melt pool images, with the RTCP function on and off, respectively.
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impactful. These advancements enhance DED modeling and control, 
providing a valuable tool for future industrial applications.

Despite these advancements, the study has certain limitations. It 
primarily focused on single-track deposition of a thin-shell structure, 
whereas multi-track applications could introduce more complex dy
namics that were not addressed in this work. Furthermore, although the 
dataset was generated using a five-axis printing setup, the variation in 
the laser beam angle with respect to the deposition surface, which is 
inherent in five-axis printing, was not considered. In practice, additional 
factors such as slight ellipticity of the laser/powder spot and workpiece 
tilt under gravity can further affect melt pool shape. This work focuses 
on a simplified case without B-axis tilt or spot asymmetry, and these 
effects will be investigated in future studies. Finally, the controller 
model employed in this study, a proportional-integral-derivative (PID) 
controller, is relatively simple and could be enhanced with more 
advanced control models. Addressing these limitations in future 
research will be essential to improving the model’s accuracy and 
robustness.
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Fig. 16. Effect of control parameters and positional variables on prediction results: (a) mean cross-sectional profiles at different IoU levels; (b) correlation heatmap of 
input features and IoU metrics, with values ranging from 1 (perfect positive correlation) to − 1 (perfect negative correlation), and 0 indicating no correlation; (c-e) 
effects of travel speed, laser power, and energy deposition rate (EDR) on the IoU metric; and (f-h) effects of C-axis speed, Y-axis position, and the absolute peak 
position on the prediction accuracy (IoU), with the width of the violin plots representing data distribution.
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