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spaced, overlaps occur between adjacent pools, collec-
tively influencing the geometry of the final bead. Under-
standing the ST dynamics of these melt pools is crucial for 
accurately modelling bead geometry. Existing methods, 
such as numerical derivation, response surface methodol-
ogy, and data-driven modelling, often fall short due to the 
highly dynamic and nonlinear characteristics of the DED 
process. This study proposes a novel spatio-temporal neural 
network designed to predict bead geometry using real-time 
melt pool images captured during the DED process. This 
approach allows for the exploration and interpretation of the 
ST response of the melt pool through a deep learning-based 
framework.

Existing research on bead geometry prediction predomi-
nantly utilizes approaches such as numerical derivation 
and response surface methodology. Numerical derivation, 
as demonstrated by Mbodj et al. [1] and Xiong et al. [2], 
leverages critical processing information—including laser 
power, movement speed, and powder feed rate—along 
with material properties to predict bead geometry. A com-
mon technique within this framework is temperature-based 

1  Introduction

In directed energy deposition (DED) additive manufactur-
ing, a moving laser continuously generates melt pools that 
dynamically change in both space and time, as illustrated 
by the thermal maps in Fig. 1(a). These melt pools can be 
viewed as digital representations of the spatio-temporal 
(ST) domain, as they correspond to specific locations and 
times within the DED process. When melt pools are closely 
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numerical derivation. Studies by Wei et al. [3, 4] and Huang 
et al. [5] focus on the evolution of temperature fields and 
the analysis of residual heat history to model the final clad 
geometry. Additionally, researchers like Lv et al. [6], Sun 
et al. [7], Wolff et al. [8], and Vundru et al. [9] investigate 
solid-liquid phase changes, melt pool formation, and subse-
quent geometry alterations to enhance the accuracy of depo-
sition geometry predictions. Despite the comprehensive 
consideration of physical mechanisms, numerical derivation 
methods face two major limitations. First, simplifications of 
physical-chemical interactions in the solid-liquid mixture 
or the assumption of idealized profiles for laser or powder 
distribution can reduce the generalizability of these models. 
Second, finite-element-based methods are often computa-
tionally intensive and time-consuming. Response surface 
methodologies, as proposed by Khorram et al. [10] and 
Wolff et al. [8], aim to optimize bead geometry and prod-
uct quality by establishing statistical relationships between 
printing parameters and process responses. However, these 
methods primarily focus on simplified static experimental 
conditions and gradual thermal gradient changes, neglecting 
the significant dynamic responses arising from continuously 
varying process parameters.

Recent advancements in machine learning (ML) technol-
ogy have garnered significant attention due to their trans-
formative impact [11–15]. ML has notably improved bead 

geometry prediction in both arc-based and laser-based metal 
additive manufacturing processes, enhancing both predic-
tion accuracy and computational efficiency [16–18]. Data-
driven regression models, such as those developed by Cai 
et al. [19] and Oh et al. [20], utilize algorithms like Ran-
dom Forests (RF) and Support Vector Regression (SVR) to 
predict layer geometries from process parameters, provid-
ing an efficient foundation for process parameter optimi-
zation. Physics-informed models, as demonstrated by Cao 
et al. [21] and Yang et al. [22], integrate domain-specific 
knowledge into ML frameworks to enhance model robust-
ness and interpretability. These models facilitate a seam-
less integration of data and mathematical representations, 
even in scenarios involving partially understood physical 
phenomena [23]. The advent of deep learning has further 
transformed DED additive manufacturing. Convolutional 
neural network (CNN)-based models, proposed by Jamni-
kar et al. [24], Asadi et al. [25], and Ribeiro et al. [26], lever-
age melt pool images for real-time geometry prediction and 
improved in-situ quality control, achieving high accuracy. 
Additionally, multi-sensor data fusion methods proposed by 
Chen et al. [27] and Kim et al. [28] integrate information 
from multiple sensors, yielding superior prediction results 
compared to image-only models. By extending ML-based 
approaches to more complex scenarios, Gihr et al. [29] 
developed a Multilayer Perceptron (MLP) model for corner 

Fig. 1  Overview of our spatio-temporal neural network (STNN) for 
bead geometry prediction. (a) Thermal maps illustrating the dynamic 
development of melt pools; (b) Timestamps corresponding to thermal 

maps and co-axial images; (c) Schematics of melt pool geometry pre-
diction process using neural networks
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structures in Wire Arc Additive Manufacturing (WAAM), 
while Oh et al. [20] and Wacker et al. [30] applied ML 
techniques to predict geometries in single and multi-layer 
structures, targeting applications closer to industrial set-
tings. While these studies underscore ML’s transformative 
potential in optimizing DED processes to enhance accuracy, 
efficiency, and robustness, few have addressed the spatio-
temporal (ST) dependencies of the melt pool, which is criti-
cal for precisely predicting bead geometry.

ST-based deep learning, which captures both spatial and 
temporal dependencies in data, has the capability to predict 
bead geometry in metal additive manufacturing processes 
such as DED and arc welding. A natural approach is to 
leverage the strengths of deep CNNs for sequence analy-
sis in visual pattern recognition [31, 32]. Recurrent neural 
network (RNN)-based models, such as Long Short-Term 
Memory (LSTM) networks [33] and Bidirectional LSTM 
(BiLSTM) [34], are particularly effective at capturing both 
long-term and short-term temporal dependencies. BiLSTM 
processes data in both forward and backward directions, 
providing a more comprehensive context for each time step 
and enhancing prediction accuracy compared to traditional 
LSTMs. Additionally, attention mechanisms, popularized 
by Vaswani et al. [35], dynamically weigh the importance 
of different time steps and spatial features, improving 
interpretability and accommodating varying input lengths. 
Graph Neural Networks (GNNs) [36, 37] can also capture 
ST relationships by representing data as graphs, where 
nodes encapsulate spatial information and edges reflect 
temporal relationships. For instance, Hu et al. [38] combine 
CNNs with BiLSTM to predict melt pool width in laser 
DED, while Yang et al. [39] utilize a BiLSTM-based model 
for process optimization and quality prediction. Zhou et al. 
[40] and Ren et al. [41] apply RNN-based models to predict 
melt pool thermal history based on trajectories, and Mozaf-
far et al. [42] employ GNNs for thermal modelling in DED 
processes. The results from these modelling approaches are 
consistent with finite element analysis. Furthermore, Hong 
et al. [43] implement a two-stream CNN for real-time qual-
ity monitoring, and Chen et al. [44] integrate multi-sensor 
data for defect prediction, both producing spatial feature 
maps that align with expert knowledge. Collectively, these 
studies [38–44] enhance the accuracy and generalizability 
of predictions by effectively capturing ST dependencies. 
However, there is a lack of clarity on how to determine the 
scale of ST that impacts the performance of DED, how these 
improvements are achieved, and what the relationships are 
between ST features and processing parameters.

Considering the aforementioned deficiencies, we propose 
a novel spatio-temporal neural network (STNN) that can 
precisely predict the bead geometry of DED manufacturing. 
The key contributions of this paper are outlined as follows:

1.	 Accuracy Improvement with STNN: The proposed 
STNN incorporates a core ST layer (STL) that effec-
tively captures the dynamic interactions of the Directed 
Energy Deposition (DED) process, from which predic-
tion accuracy is enhanced compared to models that rely 
on a single image for predictions.

2.	 Optimal Time Interval for ST Response Prediction: 
The overlap rate of the melt pool significantly impacts 
bead geometry prediction: excessive overlap obscures 
ST relationships, while insufficient overlap weakens 
them. We have determined the optimal time interval for 
predicting the ST response to achieve the best overlap 
rate.

3.	 Asymmetrical Time Impact on Melt Pool Morphol-
ogy: Our findings, supported by thermal images, indi-
cate that future time instances exert a greater influence 
on melt pool morphology than past time instances, 
highlighting the inherent asymmetry of the melt pool.

This paper is organized as follows: In Sect. 2, we introduce 
the STNN method, detailing the data generation and model 
design. Section 3 elaborates on the experimental approaches 
employed. In Sect. 4, we present the prediction performance 
of the STNN and interpret the results. Finally, Sect. 5 sum-
marizes the conclusions, limitations, and directions for 
future work.

2  Methodology

In Sect. 2.1, we introduce the problem, outlining the objec-
tives, inputs, and outputs of the proposed model. Section 2.2 
describes the design of control parameters to stimulate the 
ST response. In Sect.  2.3, we cover the registration tech-
niques used to align captured features to consistent temporal 
coordinates. Section 2.4 focuses on the dataset design for 
analyzing the model’s response across various time intervals 
and sample sizes. Section 2.5 provides a detailed explana-
tion of the neural network architecture. Finally, in Sect. 2.6, 
we present the metrics used to evaluate model performance.

2.1  Problem formation for the definition of the 
STNN

The objective of this research is to predict the deposit geom-
etry during the DED process using real-time sequential 
image data (Fig. 1(c)). We employ a co-axial CCD camera 
to capture in-situ melt pool images, as it remains unaffected 
by factors such as part size, printing orientation, and powder 
flow, making it an ideal source of real-time data.

During DED, bead geometry is not determined solely by 
the instantaneous melt pool state, but is influenced by the 
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The control parameters are designed to: (1) stimulate vari-
ous dynamic responses in the melt pool using different fre-
quencies and waveforms; (2) expand parameter ranges to 
enhance model generalizability; and (3) limit the number of 
experiments to improve efficiency in experimentation and 
model training. As shown in Fig. 2(a), we applied four peri-
odic patterns—constant function, sine wave, square wave, 
and sawtooth wave—to both control parameters, resulting 
in a total of 16 combinations, each used to print a bead that 
is 30 mm in length. The power and speed patterns maintain 
a fixed phase difference of π /2  in each bead to produce 
dynamic changes in energy deposition rate (EDR), calcu-
lated by EDR = laser power / travel speed. Furthermore, 
to ensure data diversity, four frequency options and three 
magnitude options are applied for each periodic pattern 
(Fig. 2(b)), yielding a combination of 12 groups, and a total 
of 192 beads. All data are stored in a database indexed by 
bead numbers. The parameters used are listed in Table 1.

2.3  Feature registration

Feature registration to the same ST coordinates is essential 
because the collected data have different sampling rates 
and timestamps, requiring resampling and temporal align-
ment to create a coherent dataset. During the DED pro-
cess, the co-axial camera captures top-view images of the 
melt pool at a time interval of τ  (Fig. 2(c)). The melt pool 
images recorded for the entire bead 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 corresponding to X0 are described 
as T0 ∈ RNo . Concurrently, all positional data collected 
for the same bead are Sc ∈ RNc× 3, with the subscript c 
denoting the controller, 3 representing the position in the x, 
y, and z axes, and Nc being the number of signals collected 
from the motion controller. The associated timestamps are 
Tc ∈ RNc . Given that T0 and Tc share identical starting and 
ending points on the temporal axis, for any given melt pool 
image xi ∈ RHo× Wo , we can ascertain the corresponding 
printing point location si ∈ R3 through spatial interpola-
tion as depicted in Fig. 2(c). The resultant spatial coordinates 
are S0 ∈ RNo× 3. After the DED process is completed, the 
structured light camera records the bead geometry in the for-
mat of point clouds. Similarly, the original point clouds are 
sliced according to the position S0, and the geometry label 
Y0 ∈ RN0× 3 contains cross-sectional width, height and 
area of the bead are calculated (Fig. 2(d)). To sum up, the 
collection of ST coordinates pertaining to the dataset can be 
defined as the concatenation of [T0, S0, X0, Y0], signifying 
that each element encapsulates the timestamp, the location 
in the machine coordinate system, the co-axial melt pool 
image, and the cross-sectional geometrical labels.

cumulative thermal history and interactions with neighbor-
ing melt pools along the toolpath. As a result, both spatial 
and temporal dependencies play a critical role in geometry 
formation. Unlike prior approaches that rely on a single 
melt pool image for geometry prediction [24–26], this study 
formulates the problem as a spatio-temporal learning task 
and develops a STNN that exploits sequences of melt pool 
images to capture such dependencies.

Input to STNN  Let X0​ denote the complete sequence of melt 
pool images captured at a constant sampling interval τ , con-
taining a total N0​ images. For a given target image xi, the 
input to the STNN is constructed as a local temporal window 
Xi = {xi−(N−1)/2, . . . , xi−1, xi, xi+1, . . . , xi+(N−1)/2, }
​, which consists of N  images centered at xi​. Adjacent 
images in Xi are sampled at intervals of α τ , where α  
denotes the temporal subsampling factor relative to the orig-
inal dataset X0​. This construction preserves the temporal 
structure of the melt pool evolution while enabling focused 
modelling of the local deposition context around xi.

Output of STNN  The output is the bead geometry 
yi = [W, H, A] corresponding to the central image xi, 
where W , H , and A are the width, height, and area of the 
bead, respectively.

With the above-mentioned input and output defined, the 
STNN can be expressed as the functional mapping:

yi = STNN (Xi) � (1)

Ground-truth geometric labels are obtained using a struc-
tured light camera, enabling supervised training of the 
STNN based on sequential melt pool images. Through this 
formulation, the network jointly leverages spatial informa-
tion from individual images and temporal dependencies 
across image sequences to achieve accurate bead geometry 
prediction.

2.2  Control parameters design for generating the 
dataset of modelling

To create datasets suited for studying the ST response of 
the DED process, we employ a homebuilt AM-monitoring 
system to collect data from multiple sources, including real-
time melt pool images from a co-axial CCD camera, laser 
head positions and velocities from the motion controller, 
and bead geometry profiles from a structured light camera. 
We select laser power and travel speed as control parameters 
because they can dynamically change with a fast response 
rate (on the scale of tens of milliseconds) during the print-
ing process, while keeping all other parameters constant. 
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Fig. 2  Data collection processes. (a) Control parameters design for 16 combinations of travel speed and laser power; (b) DED printing of a total 
of 192 beads; (c) Real-time data collection and alignment; (d) Bead geometry measurement and data alignment
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computational efficiency, we selected N=5 in all our exper-
iments. For instance, five images, sorted by temporal indi-
ces {i − 2, i − 1, i, i + 1, i + 2}, are used, where − 2 and 
− 1 indicate past times, 0 represents the current time, and 1 
and 2 denote future times. ResNet-18 [45], an 18-layer CNN 
originally trained on the ImageNet dataset with 1.28 mil-
lion images, functions as the spatial feature extractor. The 
images are first processed by the pre-trained ResNet-18, 
yielding N × 512 spatial features, which are subsequently 
passed through a linear layer to reduce their dimensions to 
hi ∈ RN× H , where H  is the hidden dimension. Follow-
ing this, these features are processed by a spatio-temporal 
layer (STL) with three configurations:

1.	 FC (fully connected): Consists of a linear layer that 
does not explicitly model sequential order or tempo-
ral dependencies, unlike recurrent neural networks. 
The output is computed as a weighted sum of the input 
features along the spatial dimension, serving as a non-
sequential baseline.

2.	 SA (self-attention): Employs self-attention mecha-
nisms to focus on relevant parts of the input chrono-
logical images. At each time instance, the response is 
computed by attending to all time steps in the sequence, 
enabling the capture of long-range temporal dependen-
cies and providing interpretability regarding the relative 
importance of different time instances.

3.	 BL (BiLSTM): Employs a bi-directional long short-
term memory (BiLSTM) network selected from the 
recurrent neural network (RNN) family to explicitly 
model sequential dependencies in the melt pool image 
sequence. By maintaining recurrent memory states and 
processing the sequence in both forward and backward 
directions, the BiLSTM captures temporal correlations 
arising from cumulative thermal history, making it a 
representative baseline for standard sequential model-
ling and a direct point of comparison with the simpler 
FC and SA configurations.

Each STL configuration preserves the dimensionality of 
the input feature sequence hi. Following established mul-
timodal representation learning practices [46, 47], raw melt 
pool images are transformed into low-dimensional embed-
dings that capture essential spatial features with high com-
putational efficiency. A pre-trained ResNet-18 network is 
used as the image feature extractor, and its parameters are 
kept frozen during training. This common practice both 
stabilizes the spatial representation and enables a fair com-
parison among different STL configurations by isolating the 
effects of spatio-temporal modelling.

Furthermore, inspired by Zhang et al. [48] and Zilly et 
al. [49], a residual connection is incorporated by scaling the 

2.4  Dataset design for building the STNN

To further examine the STNN models’ ST response, sub-
datasets were created from the database containing raw 
data (Fig. 3(a)-(b)), with all subsequent data preprocess-
ing and model training procedures consistent across these 
datasets. Each item in the datasets includes N  sequential 
melt pool images at equal time intervals of α τ , serving 
as input for the STNN models, with the bead geometry 
values as the output labels. The time intervals between 
melt pool images were varied to test the STNN models’ 
response across different temporal domains (Table  1). 
A large interval (e.g. α > 48, or α τ > 240 ms) means 
that two images are more separated in the ST domains, 
and an interval equal to 0 indicates that two images are 
100% overlapping. To evaluate whether the response is 
dependent on dataset size, we varied the sample sizes to 
randomly fetch signals from each bead. Each dataset was 
randomly partitioned into training, validation, and test 
sets in an 8:1:1 ratio to facilitate cross-validation and 
prevent overfitting (Fig. 3(c)). For each training cycle, 
the training set is used to tune the model parameters, and 
the validation set is used to evaluate the models’ perfor-
mance. After the training-validation processes, the best 
model parameters as indicated by the validation set were 
saved. All results presented in this work are derived 
from the test set.

2.5  Architecture design of the STNN

Figure 3(d) illustrates the model pipeline for predicting 
geometrical features from chronological co-axial 2D melt 
pool images. The input Xi ∈ RN× 512 of the model com-
prises features of size 512 from N  images. For memory and 

Table 1  Parameter options in creating datasets
Parameters Options Num-

ber of 
options

Laser power 
pattern

constant, sine, square, sawtooth 4

Travel speed 
pattern

constant, sine, square, sawtooth 4

Frequency* very low: λ = 30; low: λ = 10; 
medium: λ = 5; high: λ = 3.3

4

Magnitude** low: P = 640 ± 96, 
V = 320 ± 64; medium: P = 800±
120, V = 400± 80; high: 
P = 960 ± 144, V = 480 ± 96

3

Time interval (ms) 5, 10, 20, 40, 80, 120, 160, 200, 240, 
280, 320, 360, 400

13

Sample size 100, 200, 300 3
* λ  is the wavelength in mm; ** P  is the laser power in W, and V  is 
the travel speed in mm/min
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output is normalized across the features using layer nor-
malization [50]. The final output is a 1 × 3 vector repre-
senting the bead geometry (height, width, and area). This 
is achieved by flattening the output of the STL, followed 
by processing through dropout and a linear layer. For base-
line comparison, a simpler linear model (F1) with N = 1 
is used, which utilizes only one image as input, thereby 
lacking temporal interactions.

Metrics for evaluating the modelling performance.
The mean squared error (MSE) between the predicted 

height, width and area and the measured values is calculated 
as the loss function during the model training:

output of the STL with a learnable parameter ( γ ) and add-
ing it to the original STL input, as expressed by

h′ i = γ STL (hi) + hi. � (2)

.
Here, γ  is a learnable scalar initialized to 0, hi denotes 

the input feature vector, and h′ i represents the final out-
put feature vector after the residual connection. Introduc-
ing γ  enables the network to initially focus on local cues; 
as training progresses, it gradually assigns more weight to 
the complex ST response, as shown in Fig. 11b. The STL 

Fig. 3  Pipeline of the proposed STNN models. (a) Data collection to a database; (b) Creation of sub-dataset with different number of intervals and 
sample size; (c) Dataset splitting for training, validating, and testing; (d) Design of neural network structure, with three variants in the ST layer
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printer, co-axial CCD camera, side-axial structured light 
camera, and off-axial infrared (IR) camera (Fig. 4). The DED 
printer deposits the bead while the motion controller records 
spatial and temporal coordinates at 1000 Hz. It uses Raycus 
RFL-C2000 laser (up to 6 kW) and a Precitec YC52 print-
ing head with a 2 mm laser spot diameter. The powder is 
316 L stainless steel with a size range of 75 to 150 μm, and 
the substrate is 304 stainless steel. The co-axial CCD cam-
era (Daheng MER2-202-60GM/C, resolution of 640 × 480 
pixels) captures top-view images of the melt pool at 200 Hz. 
The side-axial structured light camera (Deep Innovation 
M05G016-230) captures the bead geometry with an accu-
racy of 50 μm. After printing, the camera is positioned above 
the bead to acquire its point cloud. The Xiris VXIR-3000 
shortwave infrared camera, mounted outside the printing 
chamber, observes the thermal map around the melt pool 
region, remaining fixed while the printing head moves. The 
camera measures temperatures from 350 to 3000 ℃ and has 
a resolution of 640 × 512 pixels (15 μm/pixel) at 100 Hz.

3.2  Measurement of bead geometry

Before printing, the structured light camera is calibrated so 
that the measured cloud data is aligned with the machine 
coordinate system, upon which a mesh is constructed based 
on the point cloud. By employing an on-machine Renishaw 
OMP40-2 ruby probe in conjunction with a structured light 
camera to measure standard spheres, the coordinate trans-
formation between the camera coordinate system and the 
machine coordinate system can be accurately established. 
Subsequently, the channel mesh is clipped according to 

MSE = 1
n

∑
n
i=1(yi − ŷi)2 � (3)

where yi is the true value, ŷi is the predicted value, and n 
is the number of observations. To quantitatively compare 
the accuracy of different models, absolute percentage error 
(APE) is used to evaluate the error of each prediction, as 
given by

APE =
∣∣∣ yi−ŷi

yi

∣∣∣ × 100% � (4)

.
The mean absolute percentage error (MAPE) is used to 

evaluate the overall prediction error:

MAPE = 1
n

∑
n
i=1

∣∣∣ yi−ŷi

yi

∣∣∣ × 100% � (5)

3  Experiments

In this section, we first briefly describe the setup used in 
our lab in Sect.  3.1. Next, we detail how the bead geom-
etry is measured in Sect. 3.2. Section 3.3 covers the dataset 
preparation steps before model training. Finally, Sect.  3.4 
provides details on the model setup and training process.

3.1  Experimental setup

For this study, we established a DED additive manufactur-
ing and monitoring system consisting of a homebuilt DED 

Fig. 4  The schematic diagram of the DED printing and monitoring system
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model (Fig. 8). Labels are standardized using the formula 
label ← (label − mean) / std, where mean and standard 
deviation (std) are calculated from the training set labels. A 
batch size of 16 is used to balance computational efficiency 
and training stability. For validation and testing, the batch 
size is set to 1.

3.4  Training of the STNN

The model architecture employs a ResNet-18 network as the 
feature extractor. The ResNet-18, pre-trained on the Ima-
geNet dataset, is utilized with its final fully connected (FC) 
layer removed and its parameters frozen during the training 
phase to leverage the pre-learned features effectively. The 
ResNet-18 outputs 512 spatial features, which are reduced 
to a hidden dimension of H . These features are then pro-
cessed through a STL, maintaining input and output sizes of 
N × H . The STL has three variants: fully connected (FC) 
with a linear layer of the same input and output dimensions, 
self-attention (SA) with a single head, and bi-directional 
LSTM (BL) with a single layer. Following the STL, a linear 
layer with ReLU activation is applied, flattening and trans-
forming the N × H  input to a 1 × 3 output. This layer 
incorporates a dropout rate of 0.2 to mitigate overfitting. 
The activation functions and weight parameters of this final 
linear layer, sized NH × 3, are saved for evaluation. Hid-
den dimensions of 10, 20, 40, 60, 80, 100, 120, 140, 180, 
200 are applied for comparison.

Model training is conducted using PyTorch (version 2.3.0 
+ cu121) on a workstation equipped with a 13th Gen Intel 
Core i9-13900 K CPU and an NVIDIA GeForce RTX 4090 
GPU with 24 GB of memory, spanning 80 epochs. The ini-
tial learning rate is set to 5 × 10−4, with an adaptive learn-
ing rate strategy that employs exponential decay, reducing 
the learning rate by 5% per epoch for all STL configurations, 
as shown in Fig. 11a. The Adam optimizer [51] is utilized, 
configured without weight decay due to its negligible effect 
in this work. To prevent overfitting, the model weights from 
the epoch with the lowest MSE loss, as determined by vali-
dation performance, are saved. All results presented in this 
work are derived based on the test dataset using these saved 

the position corresponding to the melt pool image. For 
each cross-sectional shape, the width, height, and area are 
meticulously calculated, as illustrated in Fig. 5(a). Specifi-
cally, the width is defined as the distance across the cross-
sectional shape at a height of 0.01 mm, the height is defined 
as the vertical distance from the substrate to the peak of the 
curve, and the area is defined as the enclosed area between 
the curve and the substrate. It is crucial to note that while 
the 0.01  mm threshold is situated extremely close to the 
substrate surface, this measurement is not directly applied 
to raw measurement points. Instead, the captured point 
cloud data is first utilized to construct a continuous mesh 
representing both the bead and the substrate. The width at 
the 0.01 mm height is then explicitly determined by apply-
ing a mathematical slicing plane to this reconstructed mesh 
surface. Consequently, this measurement serves as a robust 
and consistent baseline parameter derived from geometrical 
reconstruction, rather than being subject to raw data noise.

3.3  Preparation of dataset for building the STNN

Based on a database containing raw data from 192 beads, 
a total of 39 datasets were generated, composed of 3 
sample size options and 13 interval options ranging from 
50 to 400ms (Table  1). With each bead collecting 900 to 
1100 melt pool images depending on the travel speed, 
the resulting dataset for the sample size of 100, 200, 300 
contains approximately 20,000, 40,000, and 60,000 data 
items, respectively. Each dataset item contains five input 
images, each 640 × 480 pixels with a single-color channel, 
and corresponding labels comprising a 1 × 3 feature vector 
for bead geometry. Each grayscale image is converted to 
RGB, cropped to 320 × 320 pixels to focus on the region 
of interest, resized to 224 × 224 pixels to match ResNet-
18’s input size, and normalized using mean parameters 
[0.485, 0.456, 0.406] and standard deviation parameters 
[0.229, 0.224, 0.225]. The dataset is randomly partitioned 
into training, validation, and test sets in an 8:1:1 ratio with 
a random seed of 42 to ensure reproducibility. Note that 
data from three beads were excluded from the training and 
validation set, intended be used as a test of the best trained 

Fig. 5  Bead geometry defini-
tion and data distribution. (a) 
Definition of bead height, width 
(evaluated at 0.01 mm above 
the substrate), cross-sectional 
area, and peak position from a 
reconstructed bead cross-section; 
(b) Distribution of bead height, 
width, and area values over the 
full dataset
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effectiveness in capturing the temporal dynamics of the 
melt pool. Figure 7(b) illustrates the MAPE of the predic-
tion results across different intervals. The FC, SA and BL 
models consistently outperform the F1 baseline, particularly 
at the optimal interval of 120 ms. These findings highlight 
the significance of STL, particularly the BL configuration, 
in enhancing prediction accuracy, with temporal feature 
extraction substantially improving performance compared 
to the baseline.

Three beads from the test set were used to validate the 
model trained on a dataset with an interval of 120 ms and a 
sample size of 300, which yielded the best accuracy in previ-
ous analysis. An examination of the predicted width, height, 
and area of each data point on the channels by the model 
(Fig. 8(a)) reveals that the geometrical shapes predicted by 
the model closely follow the measured labels. However, the 
labels exhibit greater variations in amplitude, particularly 
in width prediction. Figure  8(b) shows the reconstructed 
geometry with colors indicating the APE of each model. For 
all models, the APE is better in regions with higher height, 
as seen in the reconstructed geometrical shapes. The model 
responds differently to frequency and magnitude, and per-
formance degrades with high frequency and low magnitude. 
The prediction accuracy of STNN with the FC, SA, and BL 
configurations is superior to F1, which contains only one 
image input and lacks temporal information.

4.2  Investigation of spatio-temporal dynamics

Figure  9 illustrates the relationship between the absolute 
percentage error (APE) distribution and mean overlap rate 
for different models and time intervals. The overlap rate is 
the shared pixel number between two consecutive images 
divided by the total pixel number of the target image, as 
shown in Fig.  9(d). The mean overlap rate is the average 
overlap rate of the four surrounding images with respect to 
the current time instance.

Thermal images in Fig.  9(b) show the temperature 
distribution and characteristics of the melt pool, with 
boundaries defined by the melting temperature of 316 L 
stainless steel. These images reveal that the degree of 
spatial overlap between consecutive melt pool states 
varies systematically with the selected time interval. 
When the overlap rate is excessively high, consecutive 
images contain largely redundant thermal information, 
limiting the model’s ability to learn meaningful tempo-
ral evolution. Conversely, as the time interval increases 
and the overlap rate decreases, adjacent melt pool states 
become increasingly separated in space, weakening the 
physical continuity between successive time steps. This 
reduced physical correlation diminishes the strength of 
spatio-temporal dependencies that the model can extract, 

weights. Additionally, the predicted and true values for all 
data points are recorded to facilitate a comprehensive evalu-
ation of the model’s performance.

4  Results and discussion

In this results section, we first present the geometrical mea-
surement results in Sect.  4.1. Next, we compare the pre-
diction results of each model in Sect. 4.2. In Sect. 4.3, we 
analyse the ST response of each model and explain how time 
intervals affect the prediction results. Section 4.4 provides 
an ablation study to assess the importance of each layer in 
the STNN. Lastly, we evaluate the computational efficiency 
of each model in Sect. 4.4.

Results of geometrical measurement.
As illustrated in Sect.  2.2, 12 substrates, each contain-

ing 16 beads with control parameters specified in Fig. 2(a), 
were fabricated using varied frequency and magnitude 
options (Table 1), producing a total of 192 beads (Fig. 2(b)). 
The geometry (width, height, and area) labels were calcu-
lated from the corresponding point clouds by the method 
described in Sect. 3.2, yielding a total acquisition of 146,660 
data points. The resultant data distribution of the geome-
try labels is plotted in Fig. 5(b), revealing an approximate 
normal distribution pattern for each label, highlighting the 
diversity and coherence in our dataset. More specifically, 
in Fig.  6, nine representative measurement results of the 
measured point clouds and calculated geometry are plot-
ted. Overall, the correlation between bead geometry and 
EDR is most pronounced, particularly in the medium and 
low frequency situations. Conversely, at high frequencies, 
the spatial response to variations in input control parameters 
is minimal. Locally, significant oscillations are observed, 
underscoring the intricate nature of the process. Due to 
the complex multi-physics coupling involved in DED pro-
cesses, determined by multiple input parameters and envi-
ronmental factors, changes in bead geometry do not exhibit 
clear regularity despite consistent EDR variations.

4.1  Prediction performance of the STNN

The heatmap plot (Fig. 7(a)) displays the MSE loss of the 
prediction results across different STL configurations and 
time intervals. Larger sample numbers yield smaller MSE 
losses, with the F1 model exhibiting the highest loss, fol-
lowed by the FC, SA, and BL models, the BL model having 
the lowest loss. The F1 model, serving as a baseline, shows 
higher losses across all intervals, emphasizing the benefits 
of incorporating temporal information. For the FC, SA, 
and BL models, an interval of around 120 ms consistently 
results in the lowest MSE values, indicating this interval’s 
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rate of approximately 60%, corresponding to a time inter-
val of 120 ms, yields the most accurate predictions.

Beyond finding that an intermediate time interval yields 
the best prediction accuracy, different time intervals have 
different impacts on the results. This is demonstrated by the 
activation status in the final layer of the STNN, as shown in 
Fig. 10(a). To access the average importance of each feature 
output of the STL layer, we use the mean activated weight 
(MAW):

MAW = 1
n

∑
n
i=1 |W · ReLU (h′ i)| , � (6)

where h′ i denotes the output feature vector of the STL, 
W ∈ RNH× 3 is the weight matrix of the final linear 

ultimately leading to degraded prediction accuracy. As 
shown in Fig. 9(a)-(b), when the interval is 5 ms, the five 
images span a size smaller than one melt pool length, 
resulting in strong redundancy. As the time intervals 
increase from 120 ms to 400 ms, consecutive images 
gradually separate and eventually exhibit little to no 
overlap. The quantitative results in Fig. 9(c) further show 
that, at a time interval of 120 ms, all STL configurations 
achieve their minimum prediction error at a mean overlap 
rate of approximately 0.6. These results suggest that nei-
ther overly large nor overly small overlaps are optimal. 
Instead, an intermediate overlap rate balances temporal 
continuity and informative variation, enabling effective 
capture of melt pool dynamics. Accordingly, an overlap 

Fig. 6  Measured point clouds, input parameters, and calculated bead 
geometry (width, height, and area) for three different frequencies (low: 
λ = 10, medium: λ = 5, high: λ = 3.3) and three different mag-

nitudes (low: 
−
P = 640, 

−
V = 320; medium: 

−
P = 800, 

−
V = 400; high: 

−
P = 960, 

−
V = 480). Here, λ  is the wavelength in mm, 

−
P  is the mean 

laser power in W, and 
−
V  is the mean travel speed in mm/min
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The thermal asymmetry contributes to data asymmetry, 
affecting how features from different time intervals are 
weighted. This is further illustrated in Fig. 10(c)-(e), where 
the data distribution of activated weights is plotted across 
five time instances {i − 2, i − 1, i, i + 1, i + 2}, with the 
x-axis representing various time intervals. The trends for 
height, area, and width are similar. For time instances i − 2 
and i − 1, the overall values across time intervals are small 
and indistinguishable, indicating that the effects of past time 
instances are relatively minor. For the time instance i, the 
impact increases with the interval, suggesting that the effect 
of the current image becomes more significant as the time 
interval increases. For time instances i + 1 and i + 2, the 
impact first rises and then drops. However, the peak is more 
delayed for instance i + 1 compared to i + 2, indicating 
that closer images have a longer impact range because they 
are nearer to the center image. This aligns with previous 
heatmap findings, demonstrating that an interval of 120 ms 
effectively balances temporal dynamics, captures relevant 
ST features and ensures reliable feature extraction. This fur-
ther supports the finding that an intermediate interval, e.g. 
120 ms, provides the optimal balance for effectively captur-
ing temporal information.

layer, ReLU is the rectified linear unit activation function 
defined as ReLU(x) = max(0, x), and n is the number of 
time instances. In the neuron connection plot on the left 
of Fig.  10(b), colored edges represent the neuron con-
nections, and scatter dots indicate the magnitude of the 
activated weights. Higher values indicate a greater con-
tribution to the results. When the interval is small (e.g., 5 
ms), all neurons are equally activated, indicating similar 
contributions from all-time instances. When the interval 
is very large (e.g., 400 ms), contributions primarily come 
from central neurons, indicating a dominant impact of the 
current time on results. When the interval is optimal (e.g., 
120 ms), more neurons on the future side are activated, 
significantly contributing to the results. This highlights 
the greater impact of future instances on prediction accu-
racy. As shown in Fig.  10(b), the melt length is longer 
at the rear side than at the front side due to the traverse 
speed of the laser head. Additionally, below the melting 
temperature, larger regions exist above the phase shift 
temperature of the steel at the rear side of the melt pool. 
Therefore, future instances have a greater impact than the 
past because the thermal distribution around the melt pool 
area is asymmetric.

Fig. 7  Prediction accuracy of the proposed STNN with four STL configurations (F1, FC, SA, and BL), regarding different sample sizes and time 
intervals. (a) Heatmap of the MSE loss; (b) MAPE (lower values indicate better performance)
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dimensions; however, for larger 𝐻, the loss increases, likely 
due to overfitting. Furthermore, the training time per epoch 
remains relatively constant across hidden dimensions, with 
the SA configuration having the highest time and the FC 
configuration the lowest. These results indicate that increas-
ing 𝐻 significantly is unnecessary, and the BL configuration 
is the optimal choice for the STL layer.

To determine which layers are critical for prediction per-
formance, we performed an ablation study on each layer of 
the proposed STNN model, as shown in Table 2. This study 
was conducted on the dataset yielding the highest accuracy 
(with a time interval of 120 ms and sample size of 300). We 
removed the dropout layer, residual connection, layer nor-
malization, and STL layer, respectively. The results demon-
strate that the “Full” configuration consistently achieves the 
lowest MAPE across all hidden dimensions, underscoring 

4.3  Ablation study and computational efficiency of 
the proposed STNN

We conducted a combined analysis of the ablation study and 
computational efficiency to evaluate the impact of different 
model configurations on performance and resource utiliza-
tion. Figure 11(b) indicates that as training progresses, the 
contribution from the STL increases and stabilizes, resulting 
in a consistent decrease in test loss. The trends of loss reduc-
tion during the training with respect to epoch are depicted 
in Fig. 11(c), with all training halted after 80 epochs. The 
FC configuration produces the best MAPE, whereas the F1 
configuration with only one image input exhibits the worst 
performance. Figure 11(e) presents the loss from the best 
training results for hidden dimension H varying from 20 to 
200. For 𝐻<150, the loss decreases with increasing hidden 

Fig. 8  The predicted geometry (width, height and area) for three beads 
using the best model trained from dataset with an interval of 120 ms 
and a sample size of 300. (a) The predicted values versus the true 
labels. The parameters from left to right are: frequency: low, medium, 

high; magnitude: low, low, low; (b-d) Reconstructed geometry with 
colors indicating the APE of each model (lower values indicate better 
performance)
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STNN model for optimal prediction accuracy while balanc-
ing model complexity and computational efficiency.

4.4  Intelligent layer height regulation via 
predictive feedback in DED printing

Layer height control represents a critical technological chal-
lenge in DED printing, where achieving geometric fidelity 
is paramount to ensuring component dimensional accu-
racy. However, in-situ layer height measurement presents 
significant challenges due to intense laser-induced light 
interference and elevated thermal conditions inherent to the 
process. Consequently, our proposed STNN model offers an 

the necessity of including all layers (STL, Dropout, Norm, 
Residual) for optimal performance. For the BL configuration, 
which achieves the highest accuracy, the STL layer’s impact 
is particularly significant; its removal leads to the largest 
increase in MAPE. Removing Dropout, Norm, or Residual 
layers results in a moderate performance drop. Notably, the 
residual connection substantially improves the accuracy of 
the SA configuration. The best performance for H = 20 is a 
MAPE of 5.68, for H = 50 it is 5.55, and for H = 80 it is 5.50. 
Interestingly, increasing the hidden dimension from 50 to 
80 results in a performance drop, as evidenced by a higher 
MAPE and further supported by Fig.  11e. These findings 
emphasize the importance of retaining all components of the 

Fig. 9  Relationship between overlap, time interval, and prediction 
errors. (a) Co-axial melt pool images showing overlap conditions 
under different time intervals; (b) Thermal heatmaps of melt pool 
shown at the same spatial scale as the co-axial images; (c) Absolute 

percentage error (APE) as a function of mean overlap rate for different 
STL configurations; (d) Schematic illustration of the mean overlap rate 
corresponding to three representative time intervals
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control, with vertical dimensional consistency serving as the 
primary quality metric. Experimental validation was con-
ducted using standardized cube shell specimens (Fig. 12(a)) 
fabricated under identical printing paths (Fig.  12(b)). As 
evidenced in Fig. 12(c), the open-loop control group exhib-
ited significant surface irregularities, manifesting as both 

accurate layer height prediction solution for such demand-
ing environments, establishing an effective predictive feed-
back mechanism in DED printing.

A systematic comparative framework was developed to 
quantitatively assess performance differences between con-
ventional open-loop control and our predictive feedback 

Fig. 10  Neuron activation status for different time intervals. (a) The 
final linear portion of the STNN model; (b) The neuron connection 
with color indicating activation statuses of the model with SA con-
figuration and time interval equalling 5, 120, 240 and 400 ms; (c-e) 

The trends of activated weight for the model with SA configuration, 
with (c), (d) and (e) corresponding to the attribution to area, height, 
and width
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error distributions of the top surface for both methods are 
compared in Fig. 13(b). The open-loop control yields a mean 
absolute error (MAE) of 0.4875 mm and a root mean square 
error (RMSE) of 0.5979 mm. In contrast, predictive feed-
back control significantly reduces these errors, achieving a 
56.82% lower mean absolute error (MAE = 0.2105 mm) and 
57.05% lower root mean square error (RMSE = 0.2568 mm) 
compared to open-loop operation. These results demon-
strate the substantial improvement in dimensional accu-
racy enabled by predictive feedback control. Moreover, the 
accurate bead geometry prediction based on STNN plays a 
crucial role in enhancing process control in DED printing.

5  Conclusion

This research introduces the development and validation 
of a STNN model designed to predict bead geometry in 
DED additive manufacturing. By utilizing real-time melt 
pool images, our model adeptly captures the dynamic and 
nonlinear characteristics of the DED process, significantly 
enhancing prediction accuracy compared to methods that 
rely solely on single image inputs. By highlighting the 
potential of STNN in advancing the precision and reliability 
of bead geometry prediction in additive manufacturing, the 

convex and concave deformations at the top surface. In 
contrast, specimens produced with the predictive feedback 
control group maintained superior geometric fidelity, dem-
onstrating a near-ideal planar surface profile.

Open-loop control maintains constant process param-
eters throughout printing, lacking real-time adaptation. 
The proposed predictive feedback system enables dynamic 
process control in DED through co-axial CCD–based melt 
pool monitoring. Captured melt pool images are processed 
by the STNN to estimate layer deposition height in real 
time. The predicted height is continuously compared with 
the target geometry, and the resulting deviation is pro-
vided to a PID controller for regulation. To compensate 
for height errors, the controller dynamically modulates the 
laser travel speed via real-time feed-rate override adjust-
ments based on the PID output, rather than by generat-
ing or modifying static G-code. To preserve immediate 
responsiveness and maintain tight control loops, no post-
processing smoothing filters are applied to the control sig-
nal. Through automated adjustment of laser travel speed, 
the system achieves precise dimensional control of depos-
ited layer heights, as shown in Fig. 12(d).

Under predictive feedback control, the laser travel speed 
dynamically adjusts as shown in Fig. 13(a), while open-loop 
control maintains a constant speed. The resulting height 

Fig. 11  Training and validation 
behaviors for epochs and hidden 
dimensions. (a-c) For epochs in 
training on a dataset with a time 
interval of 120 ms and a sample 
size of 300: (a) Adaptive learning 
rate; (b) Absolute value of train-
able scalar in residual connection, 
gamma ( γ ); (c) Validation set 
loss. (d-f) For different hidden 
dimensions: (d) Total parameter 
number; (e) Test set loss; (f) 
Training time per epoch
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research paved the way for more efficient and effective real-
time control of the DED process.

The key contributions of this study are as follows:

1.	 Accuracy Enhancement with STNN: The proposed 
STNN, particularly with the BiLSTM configuration, 
outperformed traditional models that depend on single 
image inputs in predicting bead geometry. By captur-
ing both spatial and temporal dependencies, the STNN 
effectively models the dynamic behavior of the melt 
pool. Our datasets were carefully crafted to stimulate 
the ST response, ensuring a comprehensive represen-
tation of the DED process’s temporal dynamics. This 
involved varying laser power, travel speed, and depo-
sition patterns to generate a diverse set of melt pool 
images reflecting the process’s inherent variability.

2.	 Optimal Time Interval for ST Response Prediction: 
Through extensive analysis, we determined that an 
intermediate time interval, approximately 120 ms, opti-
mizes prediction accuracy. This interval balances the 
temporal dynamics, capturing relevant ST features and 
ensuring reliable feature extraction. A mean overlap rate 
of around 0.6 was identified as most effective, indicat-
ing that neither excessively high nor low overlap yield 
optimal results.

3.	 Asymmetrical Impact of Temporal Instances: Our study 
reveals the asymmetrical impact of past and future 
instances on melt pool morphology. Future time instances 
were found to exert a greater influence on prediction 
accuracy due to the asymmetric thermal distribution sur-
rounding the melt pool. This thermal asymmetry leads to 
data asymmetry, affecting the weighting of features from 
different time intervals. This insight is crucial for refin-
ing real-time control strategies in DED processes. The 
observed temporal asymmetry may be qualitatively inter-
preted through the underlying thermophysical dynamics 
of the DED process. In the sequence of melt pool evo-
lution, former time instances primarily reflect the initial 
interaction between the heat source and the relatively 
colder substrate or previous layer. A significant portion 
of the thermal input at this stage is consumed to over-
come thermal inertia and establish a stable melt pool, 
rendering their thermal signatures less directly indicative 
of the final geometric variations. Conversely, future time 
instances, particularly those characterizing the tail region 
surrounding the melt pool, capture the interaction with 
previously deposited material that remains at elevated 
temperatures. This significant in-situ preheating effect 
alters local thermal boundary conditions and solidifica-
tion dynamics, lowering the energy barrier required for 
subsequent metal powder to be captured and fully fused 
into the evolving track. Consequently, thermal signals 
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frozen during training to enable fair comparison among spa-
tio-temporal modelling strategies; fine-tuning on domain-
specific melt pool images may further enhance spatial 
representation and prediction accuracy and will be explored 
in future work. Temporal Dynamics: The model currently 
uses only five images to maintain computational efficiency, 
which may restrict the capture of the complete temporal 
dynamics of the melt pool process. Temporal Encoding: 
The lack of explicit time stamps or positional information in 
the input data may limit the temporal modelling capabilities 
of configurations other than BiLSTM. Process Parameters: 
The effects of model parameters such as power, speed, and 
their rates of change were not explicitly discussed, with the 
assumption that this information is embedded in the melt 
pool images. Single-Track Deposition: The study focused 
on single-track deposition, while multi-track and multi-
layer applications might present more complex dynamics.

Future research should address these limitations to 
enhance the model’s accuracy and robustness. Investigating 

reflecting this preheated state at the tail and the ongoing 
material capture process hold more direct and critical 
predictive power regarding the final formed geometry.

4.	 Improved printing accuracy control: The proposed 
STNN model generates predictive bead geometry, 
enabling dynamic closed-loop control of the printing 
process. In the instance of this study, deposition heights 
are estimated using the STNN, and deposition errors 
are derived by comparing these estimates with prede-
termined target values. Subsequently, a PID controller 
dynamically adjusts the laser travel speed to compen-
sate for the deposition errors and precisely regulate the 
layer height. This approach achieves a 56.82% reduc-
tion in mean absolute error (MAE) and a 57.05% reduc-
tion in root mean square error (RMSE) compared to 
conventional open-loop control systems.

Despite these advancements, several limitations were iden-
tified. Feature extractor: The image feature extractor is kept 

Fig. 13  Comparative analysis between the open-loop control and the predictive feedback control: (a) laser travel speed during final layer deposi-
tion; (b) dimensional accuracy of surface topography

 

Fig. 12  The evaluation framework between open-loop control and predictive feedback systems: (a) cube shell model; (b) printing path; (c) surface 
morphology comparison of fabricated specimens; (d) schematic of the predictive feedback control system architecture
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effects of related physical parameters, and implementing the 
STNN in real-time industrial settings are promising direc-
tions for further study.
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