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A B S T R A C T

Laser Powder Bed Fusion (LPBF) is a widely used additive manufacturing process that offers high precision and 
design flexibility but suffers from quality inconsistencies due to variations in layer thickness. Ensuring uniform 
layer thickness is critical, as deviations can lead to defects such as porosity and geometric distortion. Existing 
inspection methods rely on optical or thermographic imaging techniques that limit spatial and temporal reso
lution and require supervised machine learning techniques. This study introduces a novel self-supervised ma
chine learning approach leveraging on-axis pyrometry data to infer local layer thickness variations during LPBF. 
A Temporal Convolutional Network (TCN) is trained using a unique data randomization technique to handle 
variable-length time-series signals. The model is designed to learn representations without requiring labelled 
data, addressing a key challenge in real-time process monitoring. Experimental validation was conducted using a 
controlled LPBF setup with varying layer thicknesses. The trained model successfully classified different thick
ness regimes and demonstrated the ability to capture process anomalies such as short-feeding or warping. 
Analysis using t-distributed stochastic neighbour embedding (t-SNE) revealed well-separated clusters for distinct 
layer thicknesses, validating the model’s effectiveness. However, the sensor’s resolution limited discrimination 
below 20 µm, highlighting the need for sensor fusion strategies. Future work will focus on integrating additional 
data sources, such as acoustic emissions and photonic sensing, to improve resolution and extend the model’s 
applicability to complex geometries and scan patterns. The proposed method provides a foundation for real-time 
LPBF quality control, enabling adaptive process optimization and defect prevention, paving the way for 
industrial-scale adoption of in-situ monitoring solutions.

1. Introduction

Laser powder bed fusion (LPBF) additive manufacturing (AM) is an 
ideal production technique for prototype development end-use parts 
with complex designs and high-mix, low-volume production runs. 
Compared to other metal AM modalities with similar build volumes, it 
offers greater design freedom and spatial resolution [1]. While special 
design procedures and geometries such as lattice structures, internal 
channels, and topographic optimization are made feasible by LPBF, 
parts with conventional designs can also be manufactured more rapidly 
and with less waste for prototyping purposes [2]. Despite its apparent 
simplicity, the LPBF process involves complex melt pool dynamics 
characterized by rapid heating and cooling interactions between the 

laser beam and powder, the characteristics of the powder material, 
environmental conditions, and repeated thermal cycles, making indus
trial adoption challenging [3]. The variable quality of material pro
cessing in LPBF has slowed its adoption in producing components for 
safety–critical applications [4,5]. Although there is robust demand for 
LPBF, its inconsistent repeatability poses a significant barrier to broader 
industrial use [6]. The quality of the components during operation 
heavily relies on the uniformity and density of the scanned layers. 
Subsequent layers in the LPBF process can mask defects within a layer, 
adversely impacting the part’s fatigue life and strength due to its layer- 
wise construction. To meet industrial standards and specifications, 
metal-based additively manufactured components must be shown to 
have acceptable levels of critical defects during and after production [7].
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In LPBF, a laser melts a thin layer of powdered material, rapidly 
solidifying to form a weld bead[8]. Parts are fabricated by stacking 
overlapping weld beads in the horizontal and vertical directions until a 
part is formed. Therefore, information from the entire part volume can 
be acquired by observing the melt pool characteristics throughout the 
process. This observability provides an advantage for LPBF over con
ventional manufacturing processes since it may allow direct in-situ 
qualification and process control. Ex-situ inspection methods are 
commonly used for LPBF-manufactured parts today, which can only 
identify defects after production, resulting in wasted time, energy, and 
money for machine operation, materials, and labour on defective parts 
[9,10]. In-situ process monitoring leverages the interaction between the 
laser and powder, generating heat, melting, and vaporizing the material, 
producing detectable optical, acoustic, and electromagnetic emissions 
[11,12]. Literature on various techniques for LPBF is abundant over a 
wide range of temporal and spatial scales, with comprehensive reviews 
available on the subject [13,14]. Optical emission-based techniques are 
widely used for non-contact thermal measurements by capturing radi
ation from a heated surface. Among these, Pyrometry is a well- 
established method that quantifies infrared radiation intensity to 
determine temperature, making it a valuable tool for high-speed process 
monitoring in LPBF. Among on-axis process monitoring techniques, 
Pyrometry is distinguished by its ability to identify various process states 
and defects at a high sampling rate [15,16]. Pyrometers are commonly 
used in monitoring systems to measure thermal emissions by quantifying 
the intensity of infrared radiation emitted by an object, thereby allowing 
non-contact measurement. In the LPBF process, the black body radiation 
emitted by the meltpool as a high-temperature medium is captured, 
typically with sampling rates of 25–100 kHz [17]. Pyrometers have been 
studied extensively in the literature and applied to identify process 
anomalies such as keyholing, lack-of-fusion, and local overheating 
[18–22]. Besides detecting defects, on-axis pyrometers are employed for 
part-scale digital twin generation for post-process investigation of the 
part quality [23]. However, despite their widespread application, no 
studies were found investigating the feasibility of using pyrometry to 
evaluate local powder layer thickness variation, a common cause of 
LPBF defects.

The layer height (i.e., the distance descended by the build plate for 
each layer) is one of the most critical parameters identified and fixed 
early during process development [24]. More precisely, it is critical to 
stabilize the effective layer thickness, which is the local thickness of the 
powder layer over the underlying part or substrate to be consolidated 
[25]. For brevity, the term layer thickness is used here throughout. 
Although the process parameters are optimized for a specific layer 
thickness, local or layer-wise thickness may change during the process 
due to various anomalies such as powder short-feeding [26], layer 
delamination [27], excessive distortion [28], support structure failure 
[29], or a damaged recoater blade [30,31]. In summary, deviation in the 
thickness of the layer is a serious threat to part quality. A region with 
decreased layer thickness is susceptible to overheating and thermal 
distortion due to increased energy absorption by the consolidated ma
terial [32,33]. In contrast, an increased layer thickness is prone to lack- 
of-fusion porosity [34,35]. Therefore, the in-situ identification of the 
layer thickness deviation is very important to ensure part quality. 
Several studies in the literature focus on the in-situ identification of 
layer thickness. Williams et al. proposed a method with a laser 
displacement sensor to measure the actual layer thickness during the 
build [36]. Their work achieved accurate measurements; however, it 
requires specialized measurement hardware, and data acquisition delays 
the overall build time. Liu et al. leveraged an off-axis thermal camera to 
acquire a surface temperature signal after the recoating and correlated 
the signal change with the layer thicknesses [37,38]. Although the 
proposed method is shown to provide a good estimation, the spatial 
resolution of their method is limited by the resolution of the off-axis 
thermal camera. There are no studies in the literature that leverages 
the on-axis pyrometer data to identify the layer thickness. Inference of 

the layer thickness value by analyzing the optical emission data poten
tially enables the estimation and prevention of the aforementioned 
process defects. While the part quality can be evaluated through the 
estimation, prevention can be performed by closed-loop control during 
the process [39]. However, the evaluation of the pyrometer signal poses 
significant challenges due to its one-dimensional nature. Variations in 
layer thickness have been directly linked to the formation of defects such 
as cracks and porosity, which compromise part integrity and reliability 
[40,41]. Addressing this challenge through in-situ monitoring is there
fore critical for advancing qualification of LPBF builds.

1.1. Model-based signal processing

Understanding the complex, non-linear temporal and spatial data 
generated by sensors during the LPBF process is difficult for human 
operators due to the nature of laser-material interactions [42–45]. Using 
signal processing techniques, statistical features that are sparse and 
lower-dimensional can be extracted from the waveform data in the time, 
frequency, and time–frequency domains [46,47]. These statistical de
scriptors have proven useful in differentiating and interpreting key 
states of the LPBF process [48]. Building on this, researchers have uti
lized conventional machine learning (ML) methods, such as Decision 
Trees (DT) and K-nearest neighbors (KNN), to correlate these features 
with measures of part quality derived from optical and thermal obser
vations [49,50]. Other work has focused on mapping pixel-level or 
multidimensional image features from build layers to final part integrity 
via linear support vector machines (SVM) [51]. Feature extraction ap
proaches like multilinear principal component analysis (MPCA) or ran
domized matrix factorization (e.g., SVD) have also been explored as 
means of reducing data dimensionality prior to classification [52,53]. 
Additionally, ensemble models (e.g., Random Forest) and logistic 
regression have successfully leveraged signal-based features—in some 
cases, derived from acoustic emissions—to classify different LPBF pro
cessing regimes with reasonable reliability [47]. However, when ML 
solutions rely on manually engineered features, their performance is 
strongly tied to the features chosen, which in turn depends on the 
expertise of those selecting them—an inherent drawback of these 
methods. In response, recent research has increasingly focused on 
leveraging deep learning (DL) approaches for LPBF monitoring. Unlike 
traditional ML approaches that require data to be pre-processed into 
sparse representations based on human understanding, DL methods can 
handle raw sensor data with minimal pre-processing [54]. Deep 
learning, primarily via Convolutional Neural Networks (CNNs), has 
proven effective at detecting LPBF process anomalies like porosity, 
varying density levels, and delamination, analyzing 2D spectrograms, 
melt pool images, and IR wavelength images [55,56]. CNNs have also 
been used to analyze heterogeneous data streams from the process zone 
to predict real-time part quality[12,57,58]. Anomalies such as warpage, 
part shifting, and insufficient powder supply have been identified by 
supervised training digital images using deep residual and region pro
posal neural networks. Furthermore, semi-supervised training of CNNs 
has been advocated as a monitoring strategy that minimizes the effort 
required for data collection [59,60].

Recent advances in data-driven process monitoring and sensor 
technologies [47,61,62], have laid the groundwork for the development 
of Self-Supervised Learning (SSL) methods in LPBF, which this work 
seeks to advance. Unlike fully supervised approaches that rely heavily 
on large labelled datasets [63–66]. SSL leverages intrinsic structures or 
auxiliary tasks within unlabeled data to learn robust feature represen
tations, eliminating costly manual labelling [67]. This methodology 
addresses key challenges in industrial-scale LPBF, where vast amounts of 
build data and part-to-part variability make it unclear which process 
parameters most strongly influence outcomes [68–72]. Previous studies 
using self-supervised CNN architectures have successfully detected melt 
pool anomalies like lack-of-fusion and keyhole porosity by extracting 
meaningful context from unannotated signals or images, and further 
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work has explored temporal or frequency-based SSL to handle acoustic 
and thermal emissions [67,73]. These self-learned embeddings promise 
transfer learning, enabling rapid adaptation to new process maps and 
improved generalizability with minimal retraining [73]. In addition, SSL 
circumvents the risk of contradictions introduced by human labelling, 
making it more flexible and straightforward to implement than tradi
tional supervised techniques. As this approach continues to evolve, it is 
poised to streamline data acquisition, reduce post-mortem inspection 
needs, and enhance cost-efficiency in adaptive LPBF process control.

1.2. Contribution

Despite extensive research on in-situ LPBF process monitoring, sig
nificant challenges persist in effectively leveraging on-axis pyrometry 
for local layer thickness identification. To our knowledge, no previous 
work has demonstrated the feasibility of using a self-supervised Tem
poral Convolutional Network (TCN) to extract layer thickness informa
tion directly from pyrometer signals. This represents a key novelty of our 
work, as the proposed approach enables geometry-agnostic monitoring 
across variable scan lengths without requiring labeled datasets or post- 
process characterization. Based on the literature review, several 
research gaps are identified. First, correlations between on-axis py
rometer signals and layer thickness have primarily been studied under 
supervised settings and post-process part characterization. To the au
thors’ knowledge, no prior studies have demonstrated successful real- 
time identification of layer thickness from in-situ pyrometer data 
despite the known dependence. Second, although numerous time-series 
classification and anomaly detection algorithms have been applied to 
LPBF processes with similar sensors, no documented methods account 
for the variation in vector lengths that arise from complex part shapes 
and scan strategies. Existing approaches, therefore, remain constrained 
by extensive labelling requirements, fixed time-series window sizes, and 
limited adaptability. Additionally, the inability to capture subtle layer 
thickness variations hinders more proactive defect prevention measures.

Considering the identified research gaps, the main contributions of 
this work are: 

• Proposition and experimental validation of a self-supervised TCN 
framework for in-situ monitoring in LPBF. The model leverages high- 
frequency, unlabeled pyrometer signals to infer local layer thickness 
without requiring manual annotations or post-process characteriza
tion. This approach significantly reduces the dependency on ground 
truth data while preserving predictive fidelity.

• Development and integration of a novel temporal sampling algo
rithm designed to handle variable-length scan vectors, which are 
intrinsic to LPBF due to geometric complexity and toolpath diversity. 
This strategy facilitates robust and scalable TCN training, ensuring 
the model generalizes effectively across a wide range of process 
conditions and build geometries.

• Implementation and assessment of a real-time TCN-based monitoring 
framework capable of detecting deviations in layer thickness with a 
resolution limit of approximately 20 µm. The framework reveals the 
limitations of single-sensor configurations and underscores the 
importance of sensor fusion—integrating pyrometry with comple
mentary modalities such as visible-spectrum or IR imaging—to 
achieve enhanced spatial resolution and improved defect localiza
tion in industrial LPBF systems.

• A demonstration that the TCN encoder implicitly captures melt pool 
physics, learning a smooth, continuous feature embedding that or
ganizes naturally according to layer thickness, without relying on 
explicit physical models or governing equations.

This paper is organized into six sections. Section 1 provides an 
overview of the research landscape and highlights the motivation and 
scope of the study. Section 2 explains the experimental setup, including 
materials, equipment, and data acquisition methods. Section 3

introduces the proposed self-supervised learning approach and describes 
the core methodological contributions. Section 4 then delves into 
experimental results and analysis, illustrating both the efficacy and 
limitations of the developed framework. Section 5 summarizes the main 
findings and examines broader implications, while Section 6 concludes 
the paper by synthesizing the key insights and proposing directions for 
future research.

2. Experimental setup

2.1. Machine, Instrumentation, and material

The experiments were performed on Aconity3D Midi+ (Aconity3D 
GmbH) LPBF machine [35] equipped with a continuous wave Gaussian 
mode fiber laser with a wavelength of 1080 nm and a maximum output 
of 500 W (nLIGHT Alta), focused to a diameter (d4σ) of 80 µm. The build 
plate was ∅250 mm × 25 mm− thick and made of stainless steel 
1.4301. A silicon recoater blade was used, and the powder used in this 
study was gas-atomized stainless steel 316L (1.4404) with a particle size 
distribution of 15 µm to 45 µm (CT POWDERRANGE 316LF, Carpenter 
Additive). The schematic of the on-axis implementation of the pyrom
eter sensor is shown in Fig. 1. The laser beam was generated and 
delivered to the machine’s optical components via a fibre optic cable, 
where was then collimated to achieve infinite focus. Next, it passed 
through a dynamic focusing unit that continuously adjusted to ensure 
consistent focus across the build platform. The beam was then deflected 
off a dichroic mirror into the scanner, which steered the beam over the 
processing area. The mirror’s coating reflects the laser’s specific fre
quency while transmitting the rest of the spectrum, allowing black body 
radiation from the laser exposure region to pass through. The trans
mitted emission is then passed through a manual focusing unit and an 
alignment table before reaching the pyrometer that captures the optical 
emission at 2 − 2.2 μm. The pyrometer captured the emitted radiation, 
measuring its intensity as an analogue voltage difference through the 
photoelectric sensor element. Further details regarding the pyrometer 
settings and data acquisition are given in section 2.3.

2.2. Experimental design

For the experiments, a prismatic geometry with a square cross- 
section of 10 mm × 10 mm was sliced using serpentine hatching at a 
hatch distance of 100 µm, which was rotated by 90 degree per layer. The 
laser power and scan speed were fixed at 150 W and 800 mm/s 
throughout, which are default parameters provided by the machine 
manufacturer. The first 100 layers were processed using the default 
layer height of 30 µm. As these were intended as sacrificial layers to 
move the experiment away from the build plate, data from these layers 
were not included in the training set. Subsequently, different layer 
heights were applied in sets of 30 layers, running from 10 µm to 110 µm 
with an increment of 10 µm. It was thought that including 30 layers 
within each set would mitigate any transitional effects that could arise 
from the previous layer thickness regions. Therefore, a total of 330 
layers were recoated and exposed for inclusion in the data set. Fig. 2
shows the printed specimen’s cross-section. One side of the cube was 
designed with a sawtooth pattern to help identify the start of each new 
section on the microscopy slides. Dashed line separators show each re
gion, and the layer thickness assignment in each region is given on the 
right side of the image. The specimen was detached from the build plate 
using electrode-discharge machining and then bisected in the vertical 
plane near the centerline using a Struers Accutom-10. The specimens 
were then embedded, ground with 320-grit sandpaper, and polished 
with Struers commercial polishing cloths Largo, Dac, Nap, and Chem 
with suspensions with particle sizes of 9 µm, 3 µm, 1 µm, and 0.1 µm, 
respectively. Porosity defects, including lack of fusion and other 
anomalies, were captured using a Keyence VHX-7000 light microscope, 
which scanned polished mounts under both co-axial and ring lighting 
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modes. Cross-sectional porosity was quantified using ImageJ software 
by applying a brightness threshold to the captured images. Analysis of 
the cross-sections confirmed a correlation between powder layer thick
ness and the severity of porosity-related anomalies, with an increase in 
layer thickness leading to more pronounced defects.

2.3. Process data acquisition

For this experiment, a dual-channel data collection pipeline was 
implemented. The primary channel was dedicated to recording the laser 
trigger signal, which gives info when the laser is on or off, which is 
crucial for delineating temporal events within the experiment. Simul
taneously, the secondary channel was tasked with capturing the py
rometer signal originating from the process zone, which was coaxially 
aligned and conveyed via a fibre optic cable to the photodiode detector, 
sourced from Kleiber (model KG740) sensitive in the range of 
2 μm to 2.2 μm. The detector has a response time of 6 µs and exhibits 
a high sensitivity within the wavelength range, which is crucial for 
accurately capturing emissions from the process zone. The pyrometer is 
sensitive to the black body emissions arising from the melt pool and the 
surrounding area, including the powder bed, consolidated metal, and 
various high-frequency events such as spatter and soot. Although the 
exact effective diameter around the melt pool for emission measurement 
is unknown, Planck’s law [15], which describes black body emission as 
proportional to temperature to the fourth power, makes the signal 
extremely sensitive to the peak temperature. Both channels were 
sampled at 100 kHz, so the response time of 6 µs was accommodated 
based on the Nyquist sampling criteria. Central to our methodology was 
the synchronization of data acquisition across both channels. This syn
chronization ensured that temporal events, such as the on/off states of 
the laser trigger corresponding to the scanning strategy employed, were 
accurately aligned with the emissions detected by the photodiode. 
Notably, the laser scanning strategy adopted in our experiment resulted 
in a square wave representation of the laser trigger signal. This facili
tated clear temporal correspondence with emissions from the process 
zone, which were registered as variations in voltage by the photodiode 
detector. Exemplary pyrometer and trigger signal data are shown in 
Fig. 3, underscoring the coherence between the two signals. Each square 
wave of the laser trigger consistently coincided with detectable emis
sions from the process zone, validating the robustness of our data 
acquisition setup.

2.4. Pre-processing and preliminary experimental data analysis

Key parts of the dataset where the laser was active were extracted for 
analysis using the trigger signal and then pre-processed to enhance its 
quality and relevance. First, the data points were scaled to 0 to 1 to 
ensure consistency across the entire dataset. Next, the data was divided 

Fig. 1. On-axis pyrometer implementation and the optical path of Aconity Midi + LPBF machine used in the experiment.

Fig. 2. Thickness is changed in every 30 layers, ranging from 10 µm to 110 µm. 
The nominal value for the parameters used is 30 µm.
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into windows containing 1000 data points. This window size was chosen 
to balance capturing sufficient temporal detail and maintaining 
computational efficiency. By segmenting the data this way, the analysis 
focuses on discrete temporal intervals, facilitating a more detailed 
investigation of the underlying dynamics. The resulting dataset includes 
observations across 11 distinct regimes, each representing emissions 
from the process zone under varying layer thickness. The dataset was 
balanced with a total of 49,000 windows, with nearly 4400 windows 
corresponding to each dataset. This comprehensive dataset forms the 
foundation for statistical analysis, enabling the exploration of process 
dynamics and potential differences across applied experimental condi
tions. The analysis primarily focused on the time domain, where 
windowed signals were utilized to extract relevant time-domain fea
tures. This approach enables capturing the temporal variations in 
waveform characteristics, offering insights into the dynamic behaviour 

of the process under investigation, particularly concerning layer thick
ness variations within the LPBF process. Fig. 4 illustrates the kurtosis 
distribution as a function of varying layer thickness. Notably, the mean 
and spread of kurtosis values exhibited variability concerning layer 
thickness, suggesting distinct temporal dynamics associated with 
different process conditions.

A closer examination of the kurtosis plot revealed intriguing pat
terns. Particularly, during instances of very low layer thickness, char
acterized by pronounced fluctuations in the process dynamics, the 
distribution of kurtosis values exhibited a wider spread. However, as 
layer thickness increased, indicative of changes in the process condi
tions, the spread of kurtosis values tended to decrease. This observation 
suggests a nuanced relationship between layer thickness and the tem
poral characteristics of the process dynamics, as captured by the 
photodiode detector. Overall, the analysis in the time domain provided 

Fig. 3. Laser trigger and optical photodiode signal.

Fig. 4. Kurtosis feature distribution over varying layer thickness with the same laser parameters.
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valuable insights into the temporal evolution of the LPBF process, 
highlighting the influence of layer thickness on the observed dynamics. 
By systematically examining time-domain features, such as kurtosis, 
across varying process conditions, a deeper understanding is gained of 
the intricate interplay between process parameters and the resulting 

temporal behaviour, paving the way for informed optimization and 
control strategies in LPBF applications. Further analysis of another time 
domain feature, namely skewness (Fig. 5), revealed a trend akin to that 
observed with kurtosis. Specifically, it was noted that similar to kurtosis 
behaviour, the skewness values distribution exhibited a wider spread for 

Fig. 5. Skewness feature distribution over varying layer thickness with same laser parameters.
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lower layer thicknesses. Conversely, as the layer thickness increased, the 
distribution became less widespread, accompanied by a noticeable shift 
in the mean of the distribution.

These observations reinforce that variations in layer thickness affect 
the temporal signal characteristics captured by the photodiode detector. 
At lower layer thicknesses, the wider spread of skewness values reflects 
greater variability in this statistical indicator, whereas at higher thick
nesses the narrower distribution corresponds to a more constrained 
range. A closer examination of time-domain statistical features thus 
provides clear evidence of the photodiode detector’s ability to capture 
the nuanced dynamics of the LPBF process in response to changes in 
layer thickness. We gain deeper insights into the complex interplay 
between process parameters and temporal behaviour by systematically 
analyzing time-domain features such as skewness in conjunction with 
kurtosis and other relevant time domain metrics. Like the analysis 
conducted in the time domain, frequency domain features were 
analyzed to further elucidate the dynamics of the process, particularly in 
response to varying layer thicknesses. The sampling rate of 100 kHz 
results in a Nyquist frequency of 50 kHz, thus ensuring that the fre
quency components within the signal were adequately sampled. Fre
quency domain analysis identifies repetitive patterns within the 
waveform and quantifies their energy across different frequency bands. 
This analysis aimed to ascertain whether there were any discernible 
patterns or changes in energy distribution across frequencies as a 
function of layer thickness. To achieve this, the Welch periodogram 
method was employed, where the signal was partitioned into five fre
quency bins: 0 kHz to 10 kHz, 10 kHz to 20 kHz, 20 kHz to 30 kHz, 30 
kHz to 40 kHz and 40 kHz to 50 kHz. The energy of the waveform within 
each frequency window was computed across the entire dataset and 
plotted against layer thickness. The resulting distribution of energy 
components across frequency windows revealed notable insights as 
shown in Fig. 6. Most of the frequency components primarily resided 
within the lowest frequency range, with the highest energy concentra
tion observed in the band ranging from 0 kHz to 10 kHz. Furthermore, 
upon closer examination, it became evident that the energy of low- 
frequency components increased with layer thickness.

This trend of increasing energy with layer thickness was consistent 
across all frequency windows, albeit less pronounced in higher fre
quency bands. Table 1 summarizes the results of one-way ANOVA tests 
performed on selected time-domain and frequency-domain features 

extracted. The analysis was conducted across 11 distinct layer thickness 
classes (10 µm to 110 µm) to assess whether the features exhibited sta
tistically significant variation with respect to the class. The F-statistic 
values represent the ratio of between-class to within-class variance, 
where higher values indicate more substantial evidence of class- 
dependent differences. All three features—kurtosis, skewness, and fre
quency energy in the 0–10  kHz band—demonstrated statistically sig
nificant differences across the classes (p < 0.05), confirming that these 
features effectively capture thermal behaviour of the melt pool due to 
changes associated with varying layer thicknesses.

The comprehensive analysis conducted across both time and fre
quency domains both with visualization plots and one-way ANOVA 
serves as a robust indicator of the photodiode detector’s ability to detect 
thermal fluctuations and perturbations within the process zone. This 
holistic understanding not only underscores the efficacy of the photo
diode detector for monitoring process dynamics but also informs stra
tegies for optimizing and facilitating the identification and stabilization 
of critical process parameters in LPBF applications to achieve desired 
outcomes.

3. Machine learning framework

The preliminary analysis demonstrated statistically significant vari
ations in process emissions that are strongly correlated with layer 
thickness, making these emissions valuable indicators for real-time 
monitoring of LPBF build quality. As previous studies have done, these 
emissions provide critical feedback that can be used to detect and pre
vent defects such as keyhole porosity and lack-of-fusion during the build 
process [12]. As reported in the literature, traditional monitoring 

Fig. 6. Power spectral density distribution over varying layer thickness on five different ranges (values are not normalized).

Table 1 
One-way ANOVA results for key time-domain and frequency-domain features 
extracted from signals across 11-layer thickness classes (10  µm to 110  µm).

Feature Time or 
Frequency 
domain

F- 
statistics

P-value Statistically 
significant

Kurtosis Time 141.03 0.00245 Yes (p < 0.05)
Skewness Time 1179.53 0.00009 Yes (p < 0.05)
Frequency energy 

(0––10 kHz)
Frequency 623.65 0.00013 Yes (p < 0.05)
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methods often rely on machine learning models trained on signals of 
fixed length. These models are built to process inputs of a specific size or 
time scale. As a result, each time the scan length or vector geometry 
changes, a separate model must be trained for that particular configu
ration. This creates a cumbersome and disjointed workflow, requiring 
developing and managing multiple models for different scanning stra
tegies and geometries. Such fixed-length signal-based models struggle to 
adapt to the inherent variability in laser scanning strategies, where scan 
lengths and vector patterns can differ significantly depending on the 

part geometry. This makes the monitoring process less efficient and 
limits the broader applicability of these models in real-world LPBF ap
plications, where dynamic adjustments to scanning parameters are 
common. To address this limitation, we introduce a neural network 
model that overcomes the need for fixed-length inputs. Rather than 
being constrained by the scan length or vector geometry, our model is 
designed to focus on the emission characteristics directly correlated with 
layer thickness, which are the most critical factors for build quality. The 
model is inherently insensitive to variations in scanning patterns, 

Fig. 7. Schematic of the proposed methodology.
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enabling it to generalize across different part geometries and laser scan 
strategies without needing retraining for each configuration. As an 
added feature, we train this model in a self-supervised manner, which 
provides an additional advantage by addressing one of the significant 
challenges in machine learning for manufacturing: data labelling. 
Acquiring high-quality labelled datasets is costly and time-consuming in 
many real-world manufacturing scenarios. Supervised learning ap
proaches require extensive labelled datasets, which are often difficult to 
obtain, especially when capturing subtle defects or irregularities. 
Retraining or updating the model may also require additional labelled 
datasets, limiting this approach’s general scalability and applicability. 
The reliance on manual labelling slows the model development process 
and introduces human error and bias.

Our model learns to identify patterns and anomalies in process 
emissions without needing labelled data by adopting an unsupervised 
learning framework. This dramatically simplifies the implementation of 
monitoring systems, as it bypasses the labour-intensive task of data 
labelling. The model can autonomously detect variations and deviations 
in the emissions that correlate with quality issues, offering a scalable and 
adaptable solution for real-time process control in LPBF. The combina
tion of self-supervised learning and the model’s generalization across 
different scan parameters ensures that our approach is both efficient and 
robust, making it a versatile tool for improving LPBF monitoring sys
tems. The pipeline for training this model comprises three stages: Data 
pre-processing, model training, and inference as depicted in Fig. 7. Data 
is randomly assigned to two subsets: seventy percent for training the 
model without access to ground truth information and thirty percent 
containing ground truth data. Despite possessing prior knowledge of 
ground truths associated with the dataset, the research methodology 
adopts a novel approach to analysis. A temporal encoder (fθ) is trained in 
a self-supervised manner, marking a departure from conventional 
methods and introducing a paradigm shift in data processing and 
interpretation. What sets this encoder (fθ) apart is its ability to effec
tively handle the variable time scales inherent in optical waveforms. 
Through self-supervised training, the encoder (fθ) learns to extract 
meaningful patterns and features from the optical signals without 
relying on ground truth information. Another novelty of the work lies in 
the temporal network architecture of the encoder (fθ), which enables it 
to generate generalized representations of input waveforms independent 
of their length. After obtaining sparse representations, a critical evalu
ation of their efficacy is conducted through visual inspection and plot
ting, providing an initial assessment of the encoder’s performance in 
capturing intricate dataset nuances.

A lower-dimensional embedding technique, such as t-distributed 
stochastic neighbour embedding (t-SNE), is employed to elucidate 
further the relationship between sparse representations and underlying 
powder layer characteristics. This technique helps reveal the inherent 
structure and relationships within the data with straightforward inter
pretation. Data corresponding to extreme, intermediate, and minimal 
powder layer thicknesses in the lower-dimensional space, alongside 
their respective ground truth labels, are then extracted. The computa
tion of centroids for these distributions provides crucial reference points 
for subsequent analysis. By leveraging this embedding technique, the 
proximity of new signals to computed centroids is assessed, facilitating 
signal classification into distinct categories based on predefined 
thresholds. The classification process not only distinguishes between 
powder layers of varying thicknesses but also provides insights into 
phenomena such as remelting. By utilizing the learned representations 
and spatial relationships encoded within the t-SNE embedding, informed 
decisions regarding powder layer depth and characteristics can be made, 
thereby advancing understanding of the complex dynamics inherent in 
powder bed additive manufacturing processes. The neural network ar
chitecture employed in this study comprises an encoder (fθ) and two 
heads, dedicated to modelling inter-sample (fξ) and intra-sample (fμ)

relations, respectively as given in Fig. 7.
The proposed approach derives representations on unlabelled 

waveform vectors by exploring relationships between different vectors 
and within the same vector’s temporal segments. This process involves 
the use of a shared encoder (fθ) backbone for representation learning, 
based on a TCN. The challenge of data sparsity in additive 
manufacturing is commonly addressed through techniques such as 
synthetic defect generation using generative models, or physics- 
informed modelling that embeds prior domain knowledge into 
learning frameworks. In this work, we adopt a complementary approach 
by employing temporal data augmentation strategies that manipulate 
waveform segments through scaling, jittering, and slicing operations. 
These augmentations increase the diversity of the training samples 
without requiring additional labelled data, thereby improving the 
model’s ability to generalize across different process regimes. Impor
tantly, this augmentation operates entirely in the self-supervised 
domain, aligning with our broader objective of reducing reliance on 
annotated defect datasets. By enriching the signal variability, the 
framework becomes more resilient to unseen process conditions and is 
better suited for real-world deployment where defect-labelled data is 
scarce or imbalanced. For inter-sample (fξ) relation reasoning, a 
particular sample ti is chosen as a reference point and subjected to 
standard augmentation techniques A(ti) to generate a corresponding 
positive sample pair (ti, tk− 1) by employing the time series data 
augmentation operations as depicted in Fig. 8, where k is the number of 
augmentation. In this case, seven augmentation operations were 
applied: jitter (adding noise), scaling (adjusting amplitude), cutout 
(randomly dropping parts of the signal), magnitude-warp (modifying 
the intensity of certain signal regions), time-warp (distorting the timing 
of signal events), window-slice (extracting smaller segments from the 
signal), window-warp (distorting a segment within a window) and 
combination of all augmentations.

Conversely, another sample tj from a different time scale, augmented 
with the same function A(tj), serves as a negative sample pair (tj, tk− 1). 
The relationship reasoning between these samples is conducted on the 
encoded representations. zi = fθ (tk− 1) for positive and zj = fθ (tk− 1) for 
negative samples by integrating them with the anchor sample’s repre
sentation zi = fθ (ti) through a relation reasoning mechanism, which is 
also a CNN encoder head (fξ). The inter-sample (fξ) relation between 
each vector is thereby framed as a binary classification task, with the 
outcome determined by the output of the relation reasoning head, h(i,j) =

fξ (zi ⋅ zj), and trained using a binary cross-entropy loss function Linter: 

Linter = −
∑2N

n=1

∑k

i=1

∑k

j=1
(y(i,j)

n .log
(

h(i,j)
n

)
+ (1 − y(i,j)

n ).log
(

h(i,j)
n

)
), (1) 

Here, y(i,j)n is equal to 0 for positive pairs and 1 for negative pairs. To 
capture intra-temporal relationships within a single vector, ti = (ti,1, ti,2,
..., ti,L), the sample is divided into equal segments with overlaps. Seg
ments are then categorized as anchor, short-term, mid-term, or long- 
term based on their temporal proximity to the anchor segment.

By selecting two adjacent subsequences Si,u and Si,v from ti, their 
relationship C is defined through the temporal gap du,v = |u − v|, with a 
distance threshold D set dynamically as [L(samplelength)/C]. The clas
sification of relationships is based on the ability to fit D within du,v. 
Intra-temporal reasoning then processes the encoded representations 
zi,u = fθ(Si,u) and zi,v = fθ(Si,v) integrating them through a CNN intra- 
relation head (fμ), culminating in a multi-class classification as below: 

Lintra = −
∑K

j=1

(

yn
(u,v) .log

exp(h(u,v)
i )

∑C
c=1exp(h(u,v)

i )

)

, (2) 

In this equation, yn
(u,v) represents the temporal labels. This approach 

enhances the understanding of patterns within time series data, enabling 
more profound insights into the interrelations among various data 
points and temporal segments, significantly benefiting high-dimensional 
time series data analysis. The combined model training utilizes an 
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overall loss function, facilitating a comprehensive learning process. 

Loverall = Linter + Lintra (3) 

3.1. Temporal convolution network (TCN) architecture

TCN is a crucial architecture in learning representations from 
sequential or time-varying data, particularly in tasks like time series 
analysis. TCNs efficiently capture local patterns and long-term de
pendencies using dilated convolutions and hierarchical feature extrac
tion, enabled by multiple layers and residual connections. By leveraging 
parallelization and temporal pooling, TCNs effectively condense infor
mation, making them adaptable to various tasks beyond time series 
analysis. Their inherent flexibility, scalability, and ability to capture 
temporal dependencies make TCNs essential for achieving state-of-the- 
art performance in sequential data modelling tasks. The encoder back
bone architecture is based on TCNs and underwent optimization 
through an exhaustive search procedure. The architecture is shown in 
Fig. 9. This backbone comprises three blocks within the TCN architec
ture, each consisting of two 1-dimensional convolution layers. In the 
first TCN block, the input tensor has a channel size 1 and an output 
channel size 8. The data size is restored after a kernel operation of 16 by 
using dynamic padding and a dilation size of 1. The second TCN block is 
similar to the first, with a dilation size of 2, taking the output from the 

first TCN block. The third TCN block is akin to the first two, with a 
difference in the output channel size of 64. It also receives input from the 
first and second TCN blocks, acting as a residual connection. Subse
quently, adaptive pooling of 1 was applied to the output of the third TCN 
block to produce a single-dimensional output across all channels. In this 
architecture, the initial temporal convolution layer receives a tensor 
with dimensions B × 1 × L (where B represents the batch size and L 
denotes the length of the optical signal), generating a feature map sized 
B × 64. This feature map serves as the sparse representation of the op
tical waveform signal. Each temporal convolutional layer employs a 
filter size of 16. With approximately 90,000 trainable parameters, the 
backbone model was implemented using the PyTorch framework, uti
lizing PyTorch’s built-in activations and max-pooling operations for 
ReLU activations and max-pooling operations, respectively.

3.2. Inter-sample and intra-temporal relation heads

As a result, the TCN encoder backbone (fθ) generates representations 
for each triplet containing an anchor, positive, and negative sample, 
enabling subsequent analysis and processing. Additionally, randomly 
augmenting each sample 8 times increases the batch size 8 times. 
Constituting integral components of the methodology, the inter-sample 
head (fξ) and intra-sample (fμ) head consist of two linear, fully con

Fig. 8. Augmentation applied on original waveforms.
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nected layers. These elements play a crucial role in harnessing the TCN 
encoder’s latent dimension of 64, initiating a comprehensive explora
tion into representation learning. Initially featuring congruent archi
tectural structures, both heads include a foundational layer comprising 
256 neurons, as illustrated in Fig. 10. However, a subtle distinction 
arises in the second layer: while the inter-sample head fξ produces a 
single output, the intra-sample head (fμ) is responsible for computing 
outputs that capture temporal relationships, specifically calibrated to a 
temporal span of three within our study.

The inter-sample (fξ) head performs a critical function in executing 
binary classification assessments orchestrated by an inter-sample (fξ) 
relation linear neural network, culminating in the quantification of 
misclassification through the loss function (Linter). Subsequently, the 
narrative delves into the realm of intra-temporal relation reasoning, a 
complex endeavour involving the segmentation of each sample into 
equidistant segments. These segments undergo dynamic categorization 
based on their temporal proximity to an anchor segment. This nuanced 
approach assigns short-term, middle-term, or long-term relationship 
designations to each segment, thereby effectively shaping the narrative 
of temporal dependency. The next stage entails reformulating the intra- 
sample (fμ) relation reasoning task into a multi-class classification 
problem using an intra-sample (fμ) relation neural network, leveraging 
representations derived from the encoder backbone. At this pivotal 
juncture, the loss function (Lintra) is computed to evaluate misclassifi
cation. Subsequently, through back-propagation and weight adjustment, 

the combined loss given by equation (3) is propagated backwards to 
update the weights of the encoder and the two heads. This iterative 
process continues until the encoder acquires discernible representations 
within the data, thereby facilitating effective representation learning for 
sequential or time-varying data.

3.3. Data randomizer

The core novelty of this research lies in the innovative strategy 
designed to handle waveforms with variable data lengths, which is 
essential for effectively training TCN, as depicted in Fig. 11. A dynamic 
data loader was developed to address this challenge, enabling flexible 
data handling within the TCN encoder backbone fθ framework. The 
dataloader randomly selects a segment length between 500 and 999 data 
points from an original time series signal consisting of 1000 points. This 
random selection ensures that the model does not become dependent on 
a fixed window size, allowing it to generalize better across varying 
signal lengths and dynamic conditions. Once the segment is selected, the 
dataloader truncates the waveform to the specified length. This trun
cation step mimics real-world scenarios where time series data might be 
incomplete or noisy, ensuring that the TCN network is robust to such 
variabilities. Importantly, this dynamic truncation helps simulate the 
random nature of real-world signals and improves the model’s ability to 
handle diverse process variations. After truncation, the data undergoes 
various augmentations, as described above, within the dynamic data 

Fig. 9. TCN architecture (fθ) proposed in this work.

Fig. 10. Heads to evaluate the temporal relationship.
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loader. These transformations enrich the dataset by creating new vari
ations of the original waveforms, effectively augmenting the data 
available for training. The augmented and truncated data is then passed 
through the dynamic data loader into the TCN encoder backbone fθ 

network, ensuring the model is exposed to a wide range of waveform 
distortions and sizes during training. This augmentation process not 
only improves the diversity of the dataset but also enhances the TCN 
network’s ability to learn robust representations that generalize well 
across different tasks.

4. Results

The following section discusses the training curves, performance 
evaluation, and the effectiveness of the encoder in detail after training. 
The TCN encoder backbone fθ trained in a self-supervised manner would 
learn the representation of the waveform signal. Subsequently, this 
backbone can be employed as a feature extractor to carry out down
stream tasks, like anomaly detection, classification or regression for the 
observed variable.

4.1. Model training

The three models, consisting of the encoder (fθ) and the two heads (fξ,

fμ), underwent concurrent training using the Adam optimizer, a widely 
utilized optimization algorithm in deep learning. The Adam optimizer 
adjusts the model parameters based on the gradients of the loss function 
to those parameters, enabling efficient optimization. During training, 
the learning rate, which determines the step size of parameter updates, 
followed a cosine annealing schedule. This gradually reduced the 
learning rate from a initial value of 0.01 to a final value of 0.001 
throughout training. This technique helps to fine-tune the model more 
effectively and potentially overcome local minima in the optimization 
landscape. A batch size of 256 was utilized during training, indicating 
the number of samples processed in each iteration of the optimization 
process. Larger batch sizes can lead to more stable training and faster 
convergence but require more memory and computational resources. 
Training of the models occurred on a powerful hardware-accelerated 
Graphical Processing Unit (GPU), specifically a NVidia RTX Titan. 
GPUs are well-suited for training deep neural networks due to their 
parallel processing capabilities, significantly speeding up computation 
compared to traditional CPUs. The three models were trained for a total 
of 200 epochs, where each epoch represents one complete pass through 
the entire training dataset. This prolonged training duration allows the 
models to learn from the data and adjust their parameters to minimize 
the cumulative binary (Linter) and multi-label (Lintra) cross-entropy loss 
values. The training parameters used for updating the weights of the 
backbone and the two relation-reasoning heads were carefully chosen to 

balance model convergence and generalization (Table 2). These pa
rameters include the learning rate schedule, batch size, and optimization 
algorithm settings, all of which play critical roles in determining the 
effectiveness and efficiency of the training process.

During training, the unlabeled optical waveform of various time 
scales was taken from the dataset and split into three subsets: 60 % for 
self-supervised training of the TCN encoder backbone, 10 % for plotting 
the performance curves and 30 % for supervised anomaly centroid based 
algorithm training and model robustness evaluation. The distribution of 
variable windows utilized for training visually demonstrates that the 
windows used to train the model were spread evenly across the selected 
ranges, indicating a lack of bias in the training data (Fig. 12). This dis
tribution plot provides a clear overview of the temporal scales present in 
the optical windows and highlights the diversity of data used to train the 
model. By ensuring that the training data covers a wide range of tem
poral scales without bias towards specific ranges, the model is better 
equipped to learn robust representations and generalize effectively to 
unseen data. This balanced distribution of variable windows contributes 
to the overall reliability and robustness of the trained model.

The graphical representation in Fig. 13 illustrates the progression of 
cumulative loss (L) and training accuracy for 200 epochs. It is evident 
from the plots that the cumulative loss magnitude and accuracy stabilize 
around the 150th epoch, suggesting diminishing performance im
provements beyond this stage. This observation indicates that the tem
poral encoder backbone model effectively learns the distributions of 
optical signatures from the data.

The stabilization of the cumulative loss magnitude signifies that the 
model has reached a point of convergence where further training epochs 
do not yield significant performance improvements. This finding un
derscores the effectiveness of the training process in capturing and 
encoding the essential features of the optical data. Overall, the results 
suggest that the Temporal encoder backbone model has successfully 

Fig. 11. Data randomizer across epochs.

Table 2 
Training parameters of the models trained with self-supervised loss.

Training parameters Parameters

Type of analysis Representation learning
Solver name ’Adam’
Learning rate 0.01 – starting, 0.0001 – stopping
Batch size 256
Data transformation True
Number of augmentations 8
Number of temporal relations C 3
Shuffle Every epoch
Training set 60 % of the dataset (Unlabelled)
Validation set 10 % of the dataset (labelled)
Training epochs 200
Trainable weights ≈ 90 000
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learned meaningful representations of the optical signature distribu
tions, highlighting its capability to extract valuable information from the 
input data. This finding is crucial for ensuring the reliability and efficacy 
of the model in subsequent tasks, such as classification or clustering of 
optical waveforms.

4.2. Model inference with representation

Another validation method for assessing the effectiveness of the 
trained temporal encoder backbone model in- volves visualizing its 
lower-dimensional representation alongside known ground truth data. 
Although the ground truth was not used during training, it serves as a 
reference for inference. Any discrepancies between the model’s repre
sentation and the ground truth distribution indicate unsuccessful 
learning of temporal relationships within the data. This qualitative 
assessment compares the model’s learned representations and the 
ground truth, providing insights into whether the model has effectively 
captured the underlying temporal dynamics. Fig. 14 shows the distri
bution plots across all 32 latent spaces, revealing non-overlapping sta
tistical differences in mean distribution, which indicates a significant 
shift across individual latent vectors. This illustrates the model’s profi
ciency in capturing underlying patterns and features within the data. 
Demonstrating distinct statistical differences across latent vectors un
derscores the model’s ability to discern and encode relevant temporal 
information, further validating its efficacy in representation learning. 
Furthermore, to deepen the understanding of the learned representa
tions across variable lengths, t-SNE is employed. This technique de
composes the 32-dimensional latent representations into lower- 
dimensional spaces across four labelled datasets with four different 
window lengths: 1000, 900, 750, and 500 data points. The resulting 2D 
visualizations in Fig. 15 comprehensively depict the distribution spread 

across the data spaces, revealing clusters corresponding to the 11 
distinct process conditions (i.e., layer thicknesses) in the dataset. 
Additional analysis of the clustered space on the training set’s optical 
signatures over the layer thickness further validates the model’s effi
cacy. Moreover, overlaps between adjacent layer thicknesses are 
observed, indicating transitional dynamics within the underlying pro
cess. This observation underscores the nuanced complexities inherent in 
the data. The TCN encoder implicitly encodes the thermophysical 
behavior of the melt pool by generating feature embeddings that exhibit 
a smooth and ordered distribution aligned with layer thickness varia
tions, as revealed through t-SNE visualization—despite not being trained 
on explicit physical models or governing equations. The t-SNE manifold 
illustrates that the learned representations span a continuous space 
across layer thicknesses, indicating that the process space is continuous 
and that the framework effectively probes a spectrum of thickness var
iations rather than treating the problem as a strictly discrete classifica
tion task. Overall, the results highlight the capability of the temporal 
encoder backbone to capture and represent the complex structures 
inherent in sequential data. Building upon the success of distance-based 
metrics, the analysis was extended to compare centroid distances across 
all classes. This approach allowed the exploration of the evolution and 
spread of the distance metric between classes over different window 
lengths.

The first step in the analysis involved calculating the centroid for 
each class. In this case, the centroid is a single point in the three- 
dimensional feature space representing the mean position of all data 
points (samples) in the class. Mathematically, the centroid of a class Ci is 
given by. 

Ci =
1
ni

∑ni

j=1
xj (4) 

Fig. 12. Learning rate and variable window distribution used for Model training.

Fig. 13. Learning Curves.
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where ni is the number of samples in class Ci, and xj is the feature vector 
of the jth sample within the class. This step is critical because the centroid 
serves as a reference point that summarizes the overall characteristics of 
the class. By computing the centroids for all 11 classes, we can reduce 
the complexity of analyzing individual samples and instead focus on 
comparing the average behaviour of each class. Once the centroids were 
computed, the Euclidean distance between the centroid of each class and 
every individual data sample was calculated. This includes the samples 
within the same class and those in other classes. The Euclidean distance 
between a class centroid Ci and an individual sample xj is defined as: 

d(Ci, xj) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(xj1 − Ci1)
2
+ (xj2 − Ci2)

2
+ (xj3 − Ci3)

2
,

√

(5) 

where Ci1, Ci2, Ci3 are the coordinates of the centroid, and xj1, xj2, xj3 are 
the corresponding feature values of the sample. This step provides a way 

to measure how far each data point is from its respective class centroid 
and how far it is from the centroids of other classes.

By calculating these distances, one can identify samples that are 
close to or far from their centroid, giving insights into potential outliers 
or samples that are more representative of their class. In addition to 
comparing samples to centroids, the Euclidean distance between the 
centroids Ci and Cj was com- puted using the following formula: 

d(Ci,Cj) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(Ci1 − Cj1)
2
+ (Ci2 − Cj2)

2
+ (Ci3 − Cj3)

2
,

√

(6) 

This step is particularly important as it provides a measure of how 
similar or different the classes are from each other in the feature space. 
Large distances between centroids suggest that the corresponding clas
ses are well-separated, while smaller distances may indicate some 
overlap or similarity between classes. To facilitate the interpretation of 
these distances, bar plots were generated for each class as shown in 

Fig. 14. Distribution of latent dimension across the different layer thicknesses.
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Fig. 16 on datasets with a window length of 1000 data points. In each 
plot, the bars represent the distances between the centroid of the class 
under consideration and the centroids of the other classes. The distance 
to the class’s own centroid was, by definition, zero. The remaining bars 
were color- coded to reflect the distances to the other classes. Addi
tionally, error bars were added to the plots to represent the variability of 
the distances between the class centroid and individual samples within 
the class. These error bars were calculated as the standard deviation of 
the distances between the centroid and the samples of the class, 
providing a measure of how tightly or loosely the samples are clustered 
around their centroid.

The visualization allowed us to identify which classes were more 
similar or dissimilar based on their distances. Classes with large centroid 
distances were clearly separated in the feature space, while those with 
smaller distances exhibited more overlap. The neighbouring classes had 
much similarity therefore their distances appeared smaller. This method 
of centroid-based analysis provided an intuitive and effective means of 
evaluating class separability and structure, helping to understand the 
behavior of the dataset and the relationships between classes. Such 
analysis is crucial for tasks like classification, where well-separated 
classes can lead to higher predictive accuracy, and for clustering, 
where understanding the distribution of data points relative to class 
centroids can reveal the underlying structure of the data. The evolution 
of these centroid distances not only reinforces the reliability of the dis
tance metric but also offers a more complex understanding of how 

different signal representations behave relative to each other over time, 
further validating this approach as a powerful tool for anomaly detec
tion and classification in layer thickness differentiation. This classifica
tion process leverages the learned representations and the spatial 
relationships encoded within the t-SNE embedding to make informed 
decisions about the depth of the powder in the material.

To quantitatively evaluate the discriminative quality of the learned 
embeddings of the TCN encoder (fθ), the task was formulated as anomaly 
detection by designating the 30 µm thickness class as the nominal con
dition and treating all other thicknesses as anomalies. This binary clas
sification setup assessed the effectiveness of the learned representations 
in distinguishing normal from anomalous layer thickness patterns. A 
centroid was computed for the 30 µm class in the latent space using 60 % 
of the training dataset and 10 % of the validation dataset, with ground 
truths considered for evaluation. Classification was performed on the 
remaining 30 % of the test set, which was used neither for TCN training 
or centroid calculation, based on Euclidean distance from the 30 µm 
centroid. The 30 µm case was chosen only as a representative example, 
and the same formulation can be applied to other nominal thicknesses. 
To establish a robust separation criterion, the threshold was defined as 
the 95th percentile of centroid distance values from the nominal training 
data. Since the proposed model is fundamentally designed to operate 
across variable time scales—a key novelty of the framework—this 
threshold was first computed for four signal window lengths (1000, 900, 
750, and 500 samples), and their average yielded a final global threshold 

Fig. 15. t-SNE lower embedding on four different time-scales showing similarity.
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of 7.8. As shown in Fig. 17, the distance distributions across these 
window lengths consistently exhibit strong separability, resulting in 
reliable classification accuracy.

In this setup, the model achieved ~ 90.5 % classification accuracy, 
offering a clear quantitative metric that complements the t-SNE and 
centroid-based analyses. Most classification errors involved neighboring 
classes (e.g., 20  µm and 40  µm) being misidentified as normal—an 
outcome that aligns with the physical difficulty of tightly controlling 
powder layer thickness in LPBF. It is important to note that the layer 
thickness distribution forms a continuous space, ranging from 10  µm to 
110  µm, which inherently complicates binary classification boundaries 
in anomaly detection tasks. These results confirm that the self- 
supervised TCN model effectively captures latent thermal patterns 
linked to layer thickness variation, enabling robust anomaly detection 
and binary classification despite the absence of explicit label supervision 

during training.

5. Discussion

The self-supervised TCN model developed in this work offers sig
nificant potential for integration into closed-loop LPBF control systems. 
By continuously inferring patterns from pyrometer data sampled at 100 
kHz, the model can make decisions within a few milliseconds, depending 
on the window length. A key novelty of the proposed framework is its 
robustness to input signal length, allowing it to operate effectively on 
varying temporal data length without performance degradation, crucial 
for real-time responsiveness in dynamic scan conditions. If a deviation 
from the nominal layer thickness is detected, autonomous corrective 
actions such as adjusting laser power, modifying scan speed, or halting 
the build can be initiated. Our model is intentionally designed to learn 

Fig. 16. Distance between centroids and data samples for different layer thicknesses with a window length of 1000.

B. Kavas et al.                                                                                                                                                                                                                                   Optics and Laser Technology 192 (2025) 114070 

16 



from the thermal emission signatures that arise due to variations in layer 
thickness, rather than attempting to isolate abstract geometric thickness 
values. At very thin layers (e.g., 10  µm), the melt pool absorbs more 
energy per unit mass, often leading to localized over-melting or key
holing. Conversely, at thicker layers (e.g., 110  µm), the same energy 
input becomes insufficient, resulting in lack-of-fusion or under-melting. 
Rather than introducing confounding effects, these phenomena repre
sent a realistic and physically coupled relationship between layer 
thickness deviations and melt pool dynamics in LPBF. This intrinsic 
coupling between geometric variation and the material’s thermophys
ical response enables the model to associate learned representations 
with meaningful process indicators—such as keyhole porosity and lack 
of fusion—based solely on their thermal emission patterns.

As previously discussed in section 4, the overlap in the latent space 
representation of the TCN for closely spaced layer thicknesses based on 
optical signatures highlights a critical limitation in sensor resolution. 
This overlap suggests that the current sensor setup can only effectively 
distinguish layer thickness variations greater than twenty microns. As 
layer thickness is a key variable influencing the quality of the LPBF 
process, the inability to detect finer variations could hinder the accurate 
monitoring and control of the process. Achieving finer differentiation 
between layers would require higher-resolution sensors that can capture 
smaller increments in layer thickness. This limitation brings to light the 
broader challenge of sensor accuracy in LPBF, where even minute var
iations in process parameters can lead to significant differences in build 
quality. For deviations less than 20 µm, higher-resolution sensing 
modalities—such as visible-spectrum cameras or coaxial high-resolution 
imaging systems—could provide enhanced spatial granularity. These 
imaging techniques are particularly well suited for static or dormant 
conditions, such as capturing a snapshot of the powder bed prior or after 
laser exposure. However, for dynamic deviations that occur in real 
time—such as denudation during melting, keyholing in thin layers, or 

lack of fusion in thicker layers, the high temporal resolution of pyrom
etry (100 kHz) offers a key advantage. It allows for continuous moni
toring of fast transient melt pool dynamics that may not be detectable 
with lower-frame-rate imaging systems. Sensor fusion—combining py
rometry with high-resolution imaging—is a promising direction for 
improving both spatial precision and monitoring robustness in LPBF 
systems. Also, there is a growing need to explore sensor fusion ap
proaches for continuous monitoring. Integrating additional sen
sors—such as those that monitor acoustic emissions or detect photonic 
signals at different wavelengths—could enhance the resolution and 
provide complementary insights. These data sources may capture 
different facets of the process zone, offering a more holistic view of the 
complex interactions during the LPBF process. Fusing data from multiple 
sources makes it possible to differentiate layer thicknesses with greater 
precision and detect subtle anomalies or variations that might otherwise 
go unnoticed. Moreover, sensor fusion could be particularly beneficial in 
identifying transitions or critical zones within the build process, where 
changes in layer thickness or material properties may affect part quality. 
By leveraging a combination of optical, acoustic, and other sensor mo
dalities, the monitoring system could detect deviations early and pre
vent defects, such as porosity or incomplete fusion, which are often 
challenging to identify using a single sensor modality.

The TCN backbone model developed for this study was trained using 
datasets in which layer thickness was the sole variable. This controlled 
environment allowed a focused investigation of the signal dynamics 
associated with different layer thicknesses. The TCN learned these dy
namics effectively, as the latent space representation shows meaningful 
differentiation for layer thickness variations above twenty microns. 
However, in real-world LPBF applications, process signals can be 
influenced by various factors beyond layer thickness, such as alloy 
composition, laser power, and scan speed. Variations in alloy composi
tion, in particular, can introduce complexity in the signal profiles, as 

Fig. 17. Distance-based anomaly detection using latent embeddings from the self-supervised TCN model across four window lengths on the test dataset.
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different materials exhibit unique optical and acoustic emission char
acteristics during laser interaction. This variability poses a challenge 
and an opportunity to extend the model’s applicability. Based on the 
TCN backbone, the proposed framework is inherently adaptable and can 
be trained on other forms of 1D process data beyond optical signatures. 
For example, acoustic emissions, which capture the laser regimes 
generated during the process, offer valuable insights into material 
behaviour and defect formation. Similarly, photodetector outputs at 
different wavelengths can provide information on temperature gradients 
and melt pool dynamics, while laser back-reflection intensity offers clues 
about surface roughness and reflectivity changes. By integrating these 
diverse data streams, the framework can be made more robust and 
capable of monitoring various aspects of the LPBF process in real time. 
Furthermore, the proposed model is not limited to a specific machine or 
sensor configuration. LPBF machines often differ slightly regarding 
sensor placement, calibration, and environmental conditions. These 
variations can introduce inconsistencies in the data collected from 
identical processes on different machines. The adaptability of the TCN 
model allows it to handle such variations, making it an effective solution 
for monitoring LPBF processes across different machines or setups 
without requiring extensive retraining.

To assess the feasibility of real-time deployment, the end-to-end la
tency of the proposed monitoring pipeline was quantified. Pyrometer 
signals are sampled at 100 kHz, and each inference window spans 1000 
samples, corresponding to a 10 ms temporal segment. On an NVIDIA 
RTX Titan GPU, the combined latency for preprocessing (including 
normalization and optional augmentation), inference through the TCN 
encoder, and post-inference classification remains under 1.5 ms. The 
post-inference classification step based on centroid proximity adds 
negligible overhead (~0.2 ms). As illustrated in Fig. 18, the per-window 
inference time averages between 0.5–0.6 ms across all dataset splits, 
with worst-case bounds below 1.2 ms. The intervals shown in the his
tograms correspond to the standard deviation across multiple runs. 
These values fall well within typical LPBF scan durations, which range 
from tens to hundreds of milliseconds per hatch line. This confirms the 
method’s suitability for integration into real-time control loops at the 
vector or sub-layer level, where responsiveness and low-latency signal 
processing are critical.

While the model shows promising results in differentiating layer 
thicknesses under controlled conditions, its gen- generalizability across 
complex geometries and scan vectors has yet to be fully validated. 
Intricate geometries, especially those with fine features or high aspect 
ratios, introduce additional challenges for process monitoring. These 
geometries often result in irregular scan patterns, varying heat dissipa
tion rates, and non-uniform material melting, all of which can affect the 

process emissions. Therefore, testing the model’s ability to generalize 
across these challenging cases is essential to ensure its robustness and 
reliability in real-world applications. Another key aspect that must be 
addressed is the model’s ability to learn from anomaly regimes. In 
practical additive manufacturing settings, sub-optimal process parame
ters—such as incorrect laser power, excessive scan speed, or improper 
layer thickness—are generally avoided. However, exposing the model to 
data from these anomaly regimes during training is crucial. This expo
sure allows the model to learn the boundaries of optimal and suboptimal 
process conditions, vital for identifying transition zones where defects 
are likely to occur. Transition zones, such as those between different 
layer thicknesses or material compositions, are often where issues like 
porosity, cracking, or delamination originate. By training the model on 
data from these regimes, we can enhance its ability to detect anomalies 
early, even in situations that deviate from the norm. Understanding 
these transition zones through model training offers profound insights 
into process physics, potentially guiding future process optimizations. 
This knowledge can inform decisions about adjusting process parame
ters dynamically to prevent defects before they manifest, ultimately 
improving the quality and consistency of LPBF-produced parts. As a 
result, this approach ensures that the model remains robust across a 
wide range of operating conditions and helps develop a more intelligent, 
adaptive LPBF process control system capable of maintaining high- 
quality outputs under varying scenarios.

6. Conclusion

This study introduces a co-axial photodetector-based self-supervised 
learning approach for real-time layer thickness identification in the 
LPBF process. By leveraging the high temporal resolution of pyrometers 
to capture optical emissions from the process zone, we demonstrated the 
feasibility of accurately monitoring and identifying layer thickness 
variations. The proposed TCN model, enhanced with dynamic data 
randomization techniques, successfully learned to differentiate layer 
thicknesses and their associated anomalies. Our self-supervised meth
odology addresses several key challenges in LPBF process monitoring by 
eliminating the need for labelled data and overcoming the constraints of 
fixed-length input signals.

Analysis of the model’s performance through t-SNE visualizations 
revealed distinct clusters corresponding to different layer thicknesses, 
confirming its ability to capture nuanced differences in optical signals. 
The study also highlights that the current sensor resolution limits reli
able detection to thickness variations above ~ 20 µm, underscoring the 
need for higher-resolution sensors or sensor fusion strategies to capture 
finer distinctions. This highlights the need for higher-resolution sensors 
or sensor fusion techniques to improve precision in future imple
mentations. The centroid-based distance analysis further demonstrated 
the stability and robustness of the model across different window 
lengths. Despite slight increases in variance for shorter windows, cen
troids remained well-separated, validating the model’s capacity for 
layer thickness classification. Additionally, the TCN model’s adapt
ability across multiple 1D data sources suggests its potential for inte
gration with other sensor modalities, such as acoustic emissions or laser 
back-reflection data. This extension would enhance real-time moni
toring capabilities and ensure greater flexibility to accommodate vari
ations in sensor placement across different LPBF machines, thus 
broadening its industrial applicability.

Looking ahead, future work will focus on several key areas. First, 
testing and validating the model’s general- ability on more complex 
geometries and scan vectors is crucial to ensure its robustness across 
various LPBF configurations. Second, incorporating data from anomaly 
regimes, such as suboptimal laser power or excessive scan speed, will 
enhance the model’s ability to detect process anomalies and transition 
zones, improving defect detection and process optimization strategies. 
Furthermore, exploring sensor fusion by integrating acoustic and pho
tonic sensors will improve layer thickness resolution and provide a more 

Fig. 18. Inference latency of the TCN network for varying signal window 
lengths, with bars showing means and intervals denoting one stan
dard deviation.
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holistic understanding of the LPBF process. These advancements will 
contribute to developing an intelligent, adaptive LPBF process control 
system capable of consistently delivering high-quality outputs under 
diverse conditions. For those interested, the data and codes for this study 
can be accessed in the following repositories (https://doi.org/10.5 
281/zenodo.11101714, https://gitlab.utu.fi/vpsora/Additive-Manu 
facturing-Pyrometer-Variable-Timescales.git).
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