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Abstract
High-temperature superconductor (HTS) tapes have shown promising characteristics of high critical current, which are
prerequisites for applications in high-field magnets. Due to the unstable growth conditions in the HTS manufacturing process,
however, the frequent occurrences of dropouts in the critical current impede the consistent performance of HTS tapes. To
manufacture HTS tapes with large scale, high yield, and uniform performance, it is essential to develop novel data analysis
approaches for modeling the dropouts and identifying the related important process parameters. Conventional methods for
modeling recurrent events, such as the point process, require the extraction of events from quality measurements. As the
critical current is a continuous process, it may not comprehensively represent the drop patterns by transforming the time-
series measurements into a set of events. To solve this issue, we develop a novel quantile regression-enriched event modeling
(QREM) framework that integrates the non-homogeneous Poisson process for modeling the occurrence of dropouts and the
quantile regression for capturing the drop patterns. By incorporating the feature selection and regularization, the proposed
framework identifies a set of significant process parameters that can potentially cause the dropouts of HTS tapes. The proposed
method is tested on real HTS tapes produced using an advanced manufacturing process, successfully identifying important
parameters that influence dropout events including the substrate temperature and voltage. The results demonstrate that the
proposed QREM method outperforms the standard point process in predicting the occurrence of dropouts.

Keywords Superconductor manufacturing · Dropout events in critical current · Quantile regression · Non-homogenous point
process · Feature selection and regularization

Introduction

Recent innovations and advancements in high-temperature
superconductor (HTS) tapes highlight their tremendous
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potential in a variety of emerging technologies and applica-
tions, including ultra-sensitive sensing and imaging, quan-
tum measurement instruments, and superconducting energy
storage systems (Anders et al., 2010; Bussmann-Holder &
Keller, 2020; Xie et al., 2007). The high-field applications of
superconductor have raised the demand for producing long-
length tapes with uniform performance in superconductor
manufacturing. The critical current is a vital quality indicator
that quantifies the performance of a superconductor tape in
terms of its capacity to transmit electricity without resistance
(Gömö ry et al., 2019).However, thewidespread commercial-
ization of these applications has not yet been realized due to
the difficulty in producing long-length superconductor tapes
with uniformperformance (Gourlay, 2008;Yao&Ma, 2021).
Dropouts in critical current, which refer to the phe-

nomenon that the critical current reduces abnormally below
its normal level in segments of HTS tapes, have been



frequently observed that affect the uniform performance
of superconductor tapes (Selvamanickam, 2012). A single
dropout in critical current can degrade the performance of
a tape that even leads it to fail in its intended application
(Lvovsky et al., 2013; Obradors & Puig, 2014). Two prop-
erties of dropouts are of interest: the magnitude and the
intensity, which represent the amount of critical current that
declines below the normal level and the number of dropouts
that occur per unit length, respectively. The critical cur-
rent (Ic) is a crucial metric for determining the capacity of
a superconductor to conduct electricity without resistance.
In essence, Ic signifies the threshold beyond which super-
conductivity begins to deteriorate and the material starts to
behave as an ordinary conductor. High critical current val-
ues are extremely desirable for a wide range of applications,
such as magnetic resonance imaging (MRI), particle acceler-
ators, and power transmission. These applications necessitate
superconductors capable of carrying high electrical currents
without resistance or energy loss. Consequently, a major
dropout of Ic with a large magnitude indicates a low capac-
ity to conduct electricity without resistance in the respective
region of the superconductor tape, potentially resulting in
failure in its intended application. During the manufacturing
process, dropouts in critical current are likely to happenwhen
the growth conditions (i.e., process parameters) of HTS tape
are unstable (Li et al., 2022a, 2022b; Selvamanickam, 2012).
Nevertheless, understanding the causes of dropouts in criti-
cal current and developing preventive measures still remain
unexplored in superconductor manufacturing. To scale up
these HTS tapes while retaining high yield and consis-
tent performance, it is critical to conduct data-driven research
concentrating on monitoring and control of the manufactur-
ing process with the advanced sensing system.
The novel pilot-scale manufacturing procedures for fabri-

cating and testing long-length superconductor tapes, such as
the advanced metal organic chemical vapor deposition (A-
MOCVD) process, have been developed in the Advanced
Manufacturing Institute (AMI) at the University of Houston
(Chen et al., 2021; Majkic et al., 2015; Pratap et al., 2019).
In-line quality control tools and multimodal sensors have
been implemented in pilot-scale manufacturing machines
for real-time monitoring of superconductor tape quality and
process parameters to ensure the stable high performance
along large-scale superconductor tapes. Process parameters
or growth conditions are collected in real time throughout
the A-MOCVD manufacturing process. Over 50 process
parameters, including applied voltage, substrate temperature,
gas pressure, and residual oxygen concentration, are moni-
tored and recorded by the manufacturing tool. The critical
current of HTS tapes, denoted as Ic, is measured off-line by
a reel-to-reel scanning Hall probe microscope (SHPM) with
a high-speed, high-resolution driver for a Hall probe that
maps the magnetic field and in turn the critical current of

the tape (Li et al., 2017). Given that process parameters have
a substantial impact on the performance of superconductor
tapes, a crucial initial step inA-MOCVDprocess control is to
investigate the underlying relationships between these pro-
cess parameters and the dropouts in critical current (Li et al.,
2022a, 2022b; Peng et al., 2022).
Conventional recurrent event modeling techniques, such

as the point process, have been used to analyze the dynamics
of random event occurrence over time (Daley & Vere-Jones,
2003; Du et al., 2016; Linderman & Adams, 2014). How-
ever, these techniques require the accurate extraction of
events from quality measurements or prior knowledge. In
superconductor manufacturing, as the dropouts of critical
current are continuous processes, it may not be able to com-
prehensively capture the drop patterns by transforming the
time-series critical current measurements into a set of events
(Hajdasz et al., 2023). Although marked point process mod-
els have been developed to account for event properties such
as magnitude, they still rely on the accurate event extrac-
tion (Jacobsen & Gani, 2006). Furthermore, conventional
approaches for recurrent event modeling typically focus
solely on event sequences, falling short in capturing the com-
plex relationships between events and the large number of
process parameters. To address these limitations,we integrate
the traditional recurrent event modeling with the quantile
regression, a technique that models the progression dynam-
ics of quantile in the distribution of the response variable and
identifies the critical predictors associated with the quan-
tile patterns (Koenker & Bassett, 1978). Quantile regression
(QR) is robust to outliers in the response variable compared
to the standard least square regression, providing more gran-
ular details (Peng, 2021). As the dropouts always fall in the
lower quantile of the critical current distribution, the quantile
regression model is promising to capture the dropout pat-
terns in detail. By combining the traditional recurrent event
modeling and the quantile regression, this study aims to gain
a deeper understanding of the occurrence and properties of
dropouts.
To comprehensively model the occurrence and properties

of dropouts in critical current and identify the key process
parameters that may lead to the dropouts, we propose a novel
machine learning framework that ensembles the strengths
of point process and quantile regression methods. For mod-
eling the occurrence of dropouts and selecting key process
parameters, we utilize a spatial point process-based approach
that incorporates the least absolute shrinkage and selection
operator (LASSO) and the non-homogeneous Poisson pro-
cess. For modeling the dropout properties such as dropout
magnitude and identifying associated process parameters,we
deploy a quantile regression-based method that incorporates
LASSO and quantile regression. The results from both mod-
els are integrated to provide a comprehensive modeling of
dropouts. This studyhas thepotential to significantly advance



our understanding of how process parameters affect the uni-
formity of superconductor tapes.Byoptimizing the identified
key process parameters, this research has the great promise
in reducing the occurrence of dropouts in critical current and
enhancing the uniformity of long HTS tapes.
In summary, we intend to make the following contri-

butions to the methodology of machine learning and the
applications of superconductor manufacturing:

• A novel dropout modeling framework is proposed that can
be applied to model and understand the sudden drops of
quality characteristics in a variety of advanced manufac-
turing processes, in which quality and process parameters
are monitored and measured over time as continuous
multivariate time series data. By integrating the point pro-
cess, quantile regression, and feature selection techniques,
the proposed dropout modeling framework enables more
granular prediction of the quality drops, including the like-
lihood of occurrence andmagnitude of dropout events, that
enhances the interpretability of the model.

• A novel quantile regression-enriched event modeling
framework (QREM) is proposed to enhance the perfor-
mance and interpretability of existing event modeling
approaches. By incorporating the L1-regularized quantile
regression, QREM captures the detailed event dynamics
from time series quality measurements. The advantages of
the proposed method are demonstrated by comparing to
several existing models, including the point process, neu-
ral network-based nonlinear quantile regression, and linear
regression.

• This study is among the first to comprehensively inves-
tigate dropout mechanisms in superconductor manufac-
turing by integrating advanced sensing technologies and
machine learning-based data analytics. By interpreting the
rich sensor data and quality measurements collected dur-
ing the superconductor manufacturing process, this work
holds great promise for enhancing the scalability of HTS
tapes while maintaining high yield and uniform perfor-
mance.

• A set of important process parameters that are most likely
to be associated with the critical current dropouts in
the superconductor manufacturing process are prioritized.
By monitoring and controlling these identified process
parameters in real-time, the uniformity and quality of
superconductor tapes can be improved throughout the
manufacturing process.

The rest of this paper is organized as follows. Section “Lit-
erature studies” summarizes the relevant literature regarding
this research. Section “Quantile Regression enriched event
modeling (QREM) method” presents the proposed machine-
learning framework that integrates the spatial point process
and the quantile regression for dropout modeling. Section

“Case studies” illustrates and discusses our results for select-
ing key process parameters and dropoutmodeling.At the end,
section “Conclusions and discussion” provides concluding
remarks on the interpretation and efficacy of our model.

Literature studies

Despite the vital importance of process parameters in the
performance of long HTS tapes, their relationships with the
dropouts in critical current have not been explored or quan-
tified in a systematic manner. Previous studies have made
significant contributions to develop real-time monitoring
techniques of HTS tapes, such as the in-line 2D-XRD sys-
tem for microstructure monitoring and the in-situ sensors for
process parameters monitoring (Chen et al., 2017; Le et al.,
2020). However, these studies primarily focus on sensor and
instrument design, leaving a gap in the quantitative analysis
of the collected sensor data to reveal how these parameters
influence dropout events in HTS tapes.
Different machine learning algorithms have recently been

developed in the literature to estimate the critical tempera-
ture of HTS tapes, which is another crucial superconductivity
characteristic (Le et al., 2020; Sizochenko&Hofmann, 2020;
Stanev et al., 2018; Zhang & Xu, 2021b). For instance,
a generative machine-learning framework called a Varia-
tional Bayesian Neural Network was built to forecast the
critical temperature using superconductor chemical elements
and formulas. The Gaussian process regression (GPR) tech-
nique was used to forecast the superconducting transition
temperature for iron-based superconductors (Zhang & Xu,
2021a). Owolabi et al. (2015) determined the superconduct-
ing transition temperature from crystal lattice characteristics
using support vector regression. However, none of them
have investigated the spatial distribution of dropout events in
superconductor tapes. GPR and other regression techniques
are primarily concerned with predicting the mean of time
series data rather than addressing the dropouts or extreme
values in time series. Additionally, existing methods for esti-
mating the critical temperature focus primarily on chemical
composition characteristics (i.e., lattice parameters), while
the in-situ process parameters obtained in real timedu ring the
manufacturing process have received little attention. These
methods typically emphasize chemical composition over in-
situ process parameters during manufacturing, representing
a significant gap in understanding the dynamics of dropout
occurrences. Our study aims to bridge this gap by conduct-
ing a comprehensive statistical analysis of dropouts in critical
current, a relatively unexplored area in current literature.
A spatial point process-based modeling approach is

appropriate for analyzing the occurrence of geographically
distributed events andmodeling their relationshipswith time-
varying exogenous factors (Reinhart, 2018). Spatial point



processes have frequently been utilized to predict the time or
location of event occurrence such as seismic wave (Adelfio
& Chiodi, 2008). The Hawkes process is a self-exciting
point process used to model the intensity of recurrent event
occurrence. In the self-exciting point process, the occur-
rence of an event increases the likelihood that subsequent
events occur nearby in time and space (Hawkes, 1971). The
marked Hawkes process is further developed to model the
intensity of recurrent events and event properties simulta-
neously by distinguishing the events into different types
based on their property values (e.g., magnitude) measured at
each point (Jacobsen & Gani, 2006). However, both Hawkes
and marked Hawkes processes rely on the assumption of
this self-exciting behavior, which has not been validated
in superconductor manufacturing. In addition, both Hawkes
and marked Hawkes processes are not capable to consider
a large number of exogenous factors associated with the
event, which may lead to the curse of dimensionality. The
non-homogeneous Poisson process (NHPP) is another fre-
quently utilized spatial point process to characterize the
time-varying intensity function of event occurrences with
respect to exogenous factors (Brown, 1972). In the NHPP, the
intensity of events simply depends on the values of exoge-
nous factors observed at each time or location. NHPP has
been widely employed in the study of software fault detection
processes (Musa et al., 1987), failure processes of repairable
systems (Krivtsov, 2007; Veevers, 1986), and seasonal dis-
ease events (Cifuentes-Amado & Cepeda-Cuervo, 2015).
However, the NHPP is still insufficient for dealing with a
large number of exogenous factors. To mitigate this limita-
tion, LASSO-regularized NHPP model was proposed (Yue
& Loh, 2015). By shrinking the coefficients of irrelevant
variables in the intensity function to be zeros, LASSO-
regularized NHPP is able to improve the prediction accuracy
and interpretability of themodel with a large number of asso-
ciated variables (Tibshirani, 1996).
Quantile regression (QR) has recently gained consider-

able attention, both theoretically and empirically. Quantile
regression, in its simplest form, is a statistical approach
for estimating conditional quantile functions. As extensively
addressed by Koenker and Bassett (1978), standard least
squares estimates may be significantly weak in certain non-
Gaussian linear models, while quantile regression provides
more robust and hence more efficient estimates. Quantile
Regression (QR) stands out from other regression techniques
due to its focus on estimating the conditional quantiles of the
response variable, providing a more comprehensive analysis
of the distribution of extreme events or patterns in the data.
This is particularly valuable in our study for understanding
the full range of variability in dropout events, which can be
caused by extreme values rather than average trends. This
nuanced approach to regression enables us to capture the
complex and heteroskedastic nature of the critical current

in HTS tapes, which other regression techniques may not
adequately address. Recent studies in more contemporary
applications of QR in various fields illustrate its versatil-
ity and relevance to our research, addressing the limitations
of mean-focused techniques in capturing the nuances of
extreme event prediction. (Yu et al., 2003; Zhou & Shao,
2013). Peng et al. (2021) developed an EALSTM-QRmodel
focusing on wind-power prediction, leveraging the capabil-
ities of long short-term memory (LSTM) in tandem with
quantile regression. Rostamian and O’Hara (2022) proposed
the use of a CNN-LSTM model, indicating the growing
trend of hybrid models in event prediction. While neural
network-based models, such as LSTM-QR, have demon-
strated promising results in various fields, they are usually
criticized as black boxes that cannot explicitly explain the
effects between input features and predicted outcome.Recent
techniques on interpretable deep learning have been devel-
oped to generate feature importance afterward (Chang et al.,
2017; Rahangdale & Raut, 2019; Wojtas & Chen, 2020).
However, these techniques only provide ranks of features
based on their importance in outcome prediction. The exact
relationships between features and outcome are still ambigu-
ous due to the nonlinear assumptions in these models. The
main objective of this study is not only to predict the dropout
events but also to understand the complex relationships
between process parameters and the dropout events. This
understanding allows further exploration and utilization of
the identified process parameters in real-timemonitoring and
control. Therefore, a simple quantile regression model with
feature selection,which is knownas LASSO-regularizedQR,
is more appealing to the superconductor manufacturing and
has the potential to provide enhanced insights into the rela-
tionships between process parameters and dropout events.
In summary, the quantile regression method has been sel-

dom utilized together with the spatial point process in event
modeling. This study is among the first to integrate quantile
regression and point process to quantitatively model the rela-
tionship between process parameters and dropout events in
superconductor manufacturing.

Quantile regression enriched event
modeling (QREM)method

Figure 1 depicts the proposed framework for modeling and
predicting dropout events, as well as selecting key process
parameters. After collecting the data of critical current and
manufacturing process parameters for the HTS tape, the first
phase is data preprocessing, including time lag correction,
noise removal, normalization, etc. After extracting multiple
spectral and temporal domain features from each process
parameter, wemodel the intensity andmagnitude of dropouts
using NHPP-based and QR-based methods, respectively. As



an addition to the NHPP-based model prediction, we utilize
the QR-based method to predict dropout occurrence as well
as dropout magnitude. Therefore, we name this framework
the Quantile Regression Enriched Event Modeling (QREM)
method. The key process parameters associated with the
dropout intensity andmagnitude can be identified at the same
time. Finally, the predictions from two models are integrated
to predict the dropout occurrence and magnitude of critical
current during the superconductor manufacturing process in
real time.

Data preprocessing

The data used in this research was collected from HTS tapes
produced by an advanced pilot-scale metal organic chem-
ical vapor deposition (A-MOCVD) processes (known as a
‘M5’ machine in Fig. 2) and a MOCVD process known
as a ‘PM’ machine under various growth conditions (Maj-
kic et al., 2015). ‘M5’ manufacturing machines improve the
design of ‘PM’ machines via a few modifications on the pro-
duction time, deposition length, reactor volume, and exhaust
vapor to improve the quality and production rate of HTS
tapes. The production time of ‘M5’ machines was reduced
to less than half of its original duration by increasing the
deposition length of the pilot manufacturing tool 2.2 times
of the A-MOCVD deposition length. Additionally, the reac-
tor volume in ‘M5’ is around 5000 cm3, twice the size of
the ‘PM’ machine’s reactor. The precursor delivery system
in ‘M5’ is similar to that in the ‘PM’ machine, and the
exhaust side vapor path design is identical to that of the ‘PM’
machine. However, the conductance of the ‘M5’ machine’s
exhaust vapor path is four times of the conductance of the

‘PM’ machine’s exhaust vapor path that enables reaching a
base pressure of 2 Torr. The equipment includes multiple
in-situ monitoring sensors and the critical current measure-
ment techniques. There are 53 process parameters in the
dataset, including the substrate temperatures, the pressures
in the reaction zone, and the applied voltage to heat the tape,
which are measured by multiple sensors located at different
positions of the A-MOCVD tool (Pratap et al., 2019). Dur-
ing the preprocessing phase, we carefully evaluated these
process parameters. Our analysis focuses on 40 out of 53
process parameters from the ‘M5’ machine, as the remain-
ing 13 parameters are found to be constant throughout the
manufacturing process that are not related to the occurrence
of dropouts. It should be noted that ‘PM’ machines collect
a smaller number of process parameters, which is a subset
of the parameters in ‘M5’ machines. These process parame-
ters were annotated by different names. This differentiation

in nomenclature reflects the specific sensor allocations and
configurations within each A-MOCVD tool. The compre-
hensive list of the process parameters used in ‘M5’ and ‘PM’
machines are presented in Table 1, respectively. There are
same types of sensors allocated in different locations of the
A-MOCVD process, such as the optical probe readings of
substrate temperature in four different locations, which are
annotated by PY_1/2/3/4 in Table 1.
To effectively apply the proposed methods, we preprocess

the data by removing noise in the process parameters and
quality measurements, correcting the time lag between dif-
ferent time series, and standardizing the process parameters.
First, we remove the measurements of critical current and
process parameters collected during the starting and ending
periods, as the manufacturing process was unstable during
these periods. At the commencement of the manufacturing
process, it takes time for the critical current to rise from zero
to achieve the target level, typically 73 cm in length on a tape.
This transition stage represents a pre-stabilization period that
is not related to our analysis. Similarly, at the ending period
of the manufacturing process, the machine’s powering down
results in the critical current dropping from the normal level
down to zero. As these nonstable performance at the start
and end of process are primarily due to the machine’s oper-
ation rather than intrinsic process changes, including them
can confound our analysis of dropouts. To maintain a robust
analysis, we focus on data from the stabilized operational
periods, by excluding these transitional phases. Furthermore,
the pyrometer readings show an obvious mean-shift caused
by re-deposition on the backside of the tape. To eliminate the
effects of re-deposition, we transform the rawmeasurements
of substrate temperature into the changes in temperature by
subtracting a local mean from the original measurements.
The local mean is calculated using the moving average of
temperature along the tape with a sliding window of 5 m.
Finally, we smooth the applied voltage using the moving
average with a sliding window of 20 cm.
As the sensors are allocated at different positions of the

manufacturing process, there are certain time lags among
the readings of process parameters. To correct the time lags
among process parameters and match them with the critical
currentmeasurements,we adopt a cross-correlation approach
(Pearson, 1896). Specifically, we first calculate the cross-
correlation coefficients between each process parameter and
the critical current under different time lags. Then the time
lag under which the correlation coefficient reaches its max-
imal value is selected as the optimal one and used to align
the process parameter. Since the scales of the original pro-
cess parameters vary from 10−14 to 102, we standardize each
process parameter by subtracting its mean and dividing by



cess parameters vary from 10−14 to 102, we standardize each
process parameter by subtracting its mean and dividing by
its standard deviation.
The process parameters measured by the same type of

sensors, such as the four readings of substrate temperature
taken from pyrometers located at separate locations, can be
highly correlated. To fuse the correlated sensor data into a
few uncorrelated and high-quality variables, we use the prin-
cipal component analysis (PCA) on the relevant process
parameters. The PCA is a statistical technique for converting
correlated variables to a set of uncorrelated components with
the goal of minimizing information loss (Pearson, 1901). By
applying the PCA to preprocess the process parameters, we
fuse the correlated sensor data (e.g., the four substrate tem-
perature parameters) into uncorrelated components.
In our dataset, the process parameters and critical current

measurements, derived from aHTS tape, are continuous vari-
ables. To comprehensively detect all dropout events, we used
the one-sigma threshold that is sensitive to the dropout with
both small and large magnitudes. Specifically, we identify
dropout events as a binary variable, indicating their occur-
rence with a value of 1 whenever the critical current dips
below its one-sigma threshold (µ–σ ). Due to the dynamic
nature of critical currents, a constant threshold is not used
for defining the dropout events. Instead, a dynamic thresh-
old with moving average mean was used. This threshold
is determined using a moving average and standard devia-
tion of the critical current, serving as a quality measure to
quantitatively assess product quality. Our chosen approach
for dropout event detection is grounded in this one-sigma
threshold level, ensuring a precise and consistent method
for identifying significant deviations in the critical current,
reflective of product quality variations.
The magnitude of dropout events is a continuous vari-

able that measures the amount by which the critical current
decreases from the normal or mean level. It is calculated
as the difference between the minimal critical current in a
dropout event and thenormal level of critical current. Figure3
illustrates the occurrence and magnitude of a critical current
dropout event.

Feature extraction

To comprehensively capture various patterns in process
parameters, we apply the time series temporal and spectral
feature extraction methods to the dataset (Barandas et al.,
2020). Temporal features, or time domain features, have
a clear physical interpretation, such as energy of signal,
slope, and maximum amplitude. On the other hand, spectral
features, or frequency-based features, are derived by con-
verting time-based signals into the frequency domain using
the Fourier transform (e.g., spectral centroid, spectral den-

sity, spectral roll-off). The combination of these two types
of features can offer a wealth of distinguishing information
for modeling time series data. For instance, a recent study
demonstrated that incorporating two types of hand-crafted
EEG features: the power spectral density (PSD) features
from the spectral dimension and the event-related potential
(ERP) features from the temporal dimension, are beneficial
for improving mental workload assessment (Zhang et al.,
2019).
As the process parameters are frequently measured and

noisy, we consider their spectral and temporal domain fea-
tures to filter out noise and improve the performance of the
model. Temporal domain features display the changes of a
signal over a span of time, while spectral domain features
illustrate the amount of the signal existing within a cer-
tain frequency band. The typical spectral analyses include
the Fourier transform and wavelet analysis, which convert
a time series into an integral of sine-waves of various fre-
quencies. Table 2 summarizes the extracted features of each
process parameter in both the spectral and temporal domains.
Table 12 in Appendix contains detailed definitions of these
features. The extracted features, together with the prepro-
cessed process parameters, are used in the following analysis.
The statistical significance of the associations between these
extracted features and the critical current dropouts is fur-
ther assessed in Sections "NHPP-based dropout occurrence
modeling" and "Quantile regression-based dropout magni-
tude and occurrence modeling".

NHPP-based dropout occurrencemodeling

Based on the extracted features, we construct a point pro-
cess model to capture the relationships between the process
parameters and the dropout occurrence in critical current.
As the number of spectral and temporal features extracted
from multivariate process parameters is large, which may
lead to the curse of dimensionality inmodeling,we pre-select
the best representative feature of each process parameter via
a hypothesis test-based feature selection algorithm shown
in Fig. 4 (scikit-learn, 2022). The feature selection algo-
rithm divides the observations of extracted features into two
regions: dropout and non-dropout, according to the locations
of dropouts in critical current. Once a dropout occurs, the
segment from the start to the end of the drop is identified
as the dropout region. Then the distributions of the features
for each process parameter in the dropout and non-dropout
regions are tested by t-statistics. The feature that has the high-
est significance in t-statistics is selected as the representative
of each process parameter, based on the assumption that the
feature showing a significant difference between the dropout
and non-dropout regions is more important.



As Ic dropouts can be regarded as a spatial point pro-
cess with a time-varying arrival rate, we use the non-
homogeneous Poisson process (NHPP) (Brown, 1972) to
investigate the relationships between the representative fea-
tures of process parameters and the dropout occurrences in
critical current. In NHPP, the event intensity is a function
of time and other time-dependent covariates, which can be
expressed as

log
�
λ
�
t ; βNHPP

��
� X(t)TβNHPP (1)

where λ
�
t ; βNHPP

�
represents the intensity of dropout occur-

rence at time t,
�
βNHPP

�
is the coefficient vector of process

parameters, andX(t) indicates a vector of process parameters
at time t .
To identify the key representative features (associated

with process parameters) that significantly influence dropout
occurrence, we use the least absolute shrinkage and selec-
tion operator (LASSO) regularized NHPP model (Nielsen &
Dean, 2008). TheLASSO-regularizedNHPPmodel incorpo-
rates the sum of the absolute values of parameter coefficients
as a regularization term in the objective function of NHPP.
The LASSO regularization can provide a sparse solution of
the intensity function in NHPP with feature selection by
removing the features with shrunken coefficients of zero,
i.e., having no significant impact on the event occurrence.
The effect of LASSO regularization is controlled by a hyper-
parameter: a larger value of the hyperparameter results in a
sparser solution.
The LASSO-regularized NHPPmodel is realized bymax-

imizing the penalized loglikelihood function of the NHPP in
Eq. (2):
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whereα is the hyperparameter, and p is the number of param-
eters including the intercept. The regularization function in
Eq. (2) is the L1 norm of the rest (p − 1) coefficients under
the assumption that the intercept should be exempt from the
penalty.

Quantile Regression-Based Dropout Magnitude
and OccurrenceModeling

As the dropouts of critical current usually fall in the lower
quantile of the population distribution, a quantile regression-
based model is built to estimate the drop patterns such as
magnitude of critical current conditioned on the time-varying
process parameters. Quantile regression (QR) is a type of
regression analysis broadly used in quantitative modeling
that describes the relationship between a set of predictors
and specific quantiles (or percentiles) of the target variable
(Koenker & Hallock, 2001). While the method of ordinary
least squares in linear regression estimates the mean of the
target variable, quantile regression estimates certain quan-
tiles of it, which makes the quantile regression estimation
more robust against outlying observations. The relationships
between the τ -th quantile of the target variable at location
t , denoted as y(t), and its corresponding predictors, X(t),
can be estimated by minimizing the following quantile loss
function:

L �
N�

t�1
ρτ

�
y(t)− X(t)TβQR

�
(3)

where ρτ (u) � u∗(τ − I (u < 0)), τ is the target quantile,
and I is the indicator function.βQR represents the coefficients
in the quantile regression model. The dropout occurrence is
inferred by the QR model when the predicted critical current
drops below the one-sigma threshold (µ–σ ), where µ and σ
represent the moving average and standard deviation of Ic,
respectively.Based on the predicted locations of dropouts, we
further predict the magnitudes of dropout events estimated
from the QR-based model. These magnitudes represent the
extent to which Ic declines from the normal or mean level in
the dropout regions, which can be predicted from the local
minimal of the critical currentminus the localmean of critical
current.
In the QR-based model, we also need to identify the rep-

resentative feature for each process parameter by conducting

the hypothesis test-based feature selection that can be done
in two steps (scikit-learn, 2022). We first compute the cross-
correlation (i.e., the Pearson correlation coefficient) between
each feature of a process parameter and the critical current.
Then the correlation coefficient (denoted as corr) is con-
verted to an F score defined in (4):

Fscore �
corr2�

1− corr2
� ∗ DF (4)

and the most significant features with the lowest p-values are
selected for our quantile regression analysis.



Similar to the NHPP-based model, we applied the LASSO
regularization to the quantile regression in order to further
select the key process parameters that are correlated with
the drop patterns in critical current. By incorporating the
sum of the absolute values of parameter coefficients as a
regularization term, the objective function of the LASSO-
regularized quantile regression model can be expressed as:

L �QR �
N�

t�1
ρτ

�
y(t)− X(t)Tβ QR

�
+ α

p−1�

j�1

���βQRj
��� (5)

which consists of the loss of quantile regression in (3) and a
L1-norm regularization function on the model coefficients.
α is a hyperparameter that controls the sparsity of the esti-
mation. The optimal solution is obtained by minimizing the
objective function in (5) using the coordinate descent method
(Friedman et al., 2010), sub-gradient methods (Tibshirani,
1996), or proximal gradient techniques (Efron et al., 2004).

QREM-based prediction

To comprehensively predict the dropout occurrence and
magnitude, we integrate the prediction results from the
NHPP-based and quantile regression-based models in the
QREM-based framework. Specifically, we first integrate the
prediction of dropout occurrence from the two models. To
predict dropout events using the proposed models, a static
threshold for the predicted intensity (in NHPP) and a one-
sigma dynamic threshold for the predicted critical current
values (in QR model) are used. The prediction accuracy is
evaluated using recall, precision, and F1 score metrics. In the
NHPP-based model, dropout occurrence is predicted when
the intensity of dropouts exceeds a predefined threshold.
The predicted intensity represents the expected frequency of
dropout occurrences per unit length of a superconductor tape,
based on the current process parameters (i.e., growth condi-
tions). A static threshold is used to assess the intensity, as a
dynamic threshold is commonly used for measurements that
change over time. In the quantile regression-based model,
the dropout occurrence is inferredwhen the predicted critical
current drops below the one-sigma threshold (µ–σ ), whereµ
and σ represent the moving average and standard deviation
of Ic, respectively. Each model provides a set of locations
where dropouts are likely to happen. For predicting abnor-
mal events in manufacturing, models or algorithms with high
sensitivity to these events are typically desirable to capture
more events. As the union of the predictions from two mod-
els is more likely to enhance sensitivity to dropout events
than ensemble methods such as voting, bagging, and boost-
ing, we utilize the union of the locations predicted by the two
models as the final predictions for dropout occurrence in the
QREM-based framework.

Model evaluation and comparison

To demonstrate the efficacy of incorporating quantile regres-
sion into the NHPP model, we compare the performance
of three models: the individual NHPP model, the quantile
regression model, and the proposed QREM model. To fur-
ther demonstrate the advantages of quantile regression and
the sufficiency of linear models, we consider other bench-
mark models including the linear regression (LS) and a
nonlinear quantile regression using long short-term memory
(LSTM) network. Linear regression is a traditional approach
for modeling the relationship between dependent and inde-
pendent variables, which focuses on the mean change of
the dependent variables. Comparison between linear regres-
sion and quantile regression is important for demonstrating
the difference between predicting the mean and quantile of
critical current. To further explore if it is necessary to con-
sider more advanced nonlinear quantile regression model
for dropout modeling, an LSTM-based quantile regression
(LSTM-QR) is compared. LSTM-QR is a nonlinear quan-
tile regression model for time series data based on the long
short-term memory networks in the field of deep learning
(Hochreiter & Schmidhuber, 1997). LSTM networks are
a specialized type of artificial neural network architecture
designed to effectively capture nonlinear relationships and
temporal dependencies in time-series data. LSTMs achieve
this through their uniquememory cells and gatemechanisms,
which allow them to selectively store, update, and retrieve
information while maintaining context from past inputs.
Additionally, the use of nonlinear activation functions and
recurrent connections within the network enables LSTMs
to represent complex, nonlinear relationships and temporal
structures. Owing to these capabilities, LSTMs have become
a popular choice for various applications involving sequential
data, such as natural language processing, speech recogni-
tion, and financial forecasting. LSTM-QR uses a quantile
loss function to focus on the modeling of quantiles in the
time series data. To determine the dropout from both lin-
ear regression and LSTM-QR models, the critical current
values are predicted and compared against a predefined
threshold (e.g., the one-sigma threshold). When the pre-
dicted critical current falls below this threshold, a dropout
is identified. As the objective is to exam whether there is
significant gap between the performance of linear and nonlin-
ear models, we exclusively employ the LSTM-QR, omitting
consideration of other LSTM variants, such as Bi-LSTM
or LSTM-GRU (Aslam et al., 2022; Huang et al., 2015),
in the benchmark models. Additionally, interpretability is
paramount in high-temperature superconductor manufactur-
ing.Models that strike a balance between predictive accuracy
and user understandability are preferred. Therefore, the pro-
posed method only uses the linear quantile regression to
enrich the NHPP.



To evaluate the performance of the occurrence prediction,
we compare the predicted dropout locations with the ground
truth locations using the recall, precision, and F1 score. The
recall is defined as the percentage of dropouts that are cor-
rectly predicted, and theprecision isdefined as the percentage
of true dropouts among the predicted ones. The F1 score is
the harmonic mean of the precision and recall, as Eq. (6):

F1 �
2 × Precision × Recall
Precision + Recall

. (6)

Based on the locations of dropouts predicted from the inte-
grated model, we further predict the magnitudes of dropout
events using the drop patterns estimated from the QR-based
model, linear regression and LSTM-QR model. The magni-
tudes of the dropout events are inferred by predicting the
amount that Ic drops from the normal or mean level. To
evaluate the accuracy of magnitude prediction, we use the
correlation coefficient and normalized mean square error
(NMSE).
All of these models are evaluated using a 5-fold cross-

validation. Considering the datasets are time series, we divide
the training set and test set based on time, which means the
data points within the training or test set still follow the
original temporal order. As each repeat of the 5-fold cross
validation may provide different results and select a group of
slightly different process parameters, we use the average and
standard deviation (σ) across 5 folds to evaluate the model
performance in the cross validation. For the selected process
parameters in 5-fold cross validation, we sort the parame-
ters based on the number of times each process parameter is
selected (denoted as importance index). The process param-
eters with higher values of importance index are believed to
be more important.

Case studies

In this section, we use case studies with real data to demon-
strate the proposed methods including feature extraction and
selection of process parameters, NHPP-based dropout mod-
eling, QR-based dropout modeling, and the QREM-based
dropout event occurrence and magnitude prediction.

Data description

The dataset we used includes the process parameters and crit-
ical current of six representative HTS tapes collected from
two superconductor manufacturing machines: M5-95, M5-
101, and M5-102 from machine ‘M5’; PM331-2, PM332-2,
and PM332-3 from machine ‘PM’. The tapes produced by
the same machine are fabricated using the same composi-
tion while their experimental settings may vary. Although

the initial conditions of most process parameters (e.g., cur-
rent, reaction zone pressure) are set at the same level on
these tapes, the process parameters changed randomly due
to uncertainties in the manufacturing process. The basic
information and initial growth conditions of three tapes are
provided in Tables 3 and 4. For example, Table 3 shows
that the current of tape M5-102 is set at 23.0 A initially
and then decreased to 22.9 A during the manufacturing
process. The tape moving speed is set at slightly different
levels: 3.3 cm/min for M5-95 and M5-101, and 3 cm/min
for M5-102. As a result, the M5-102 film is thicker (4.2–4.5
microns) than theM5-95 and M5-101 films (4–4.2 microns).
Table 4 presents the experimental settings of HTS tapes
produced from the ‘PM’ machine. Key aspects include the
use of vertical and horizontal dispensers, indicative of the
equipment variations impacting film deposition. The table
details the tapes’ lengths, data points, average critical current
(Ic_mean), and the total number of Ic dropouts, highlighting
each tape’s scale and electrical performance stability. The
reaction zone temperature and pressure parameters are listed,
reflecting the thermal and pressure conditions essential for
the growth and properties of the superconducting film.
As the tapes are heterogeneous, the proposed quantile

regression enriched event modeling (QREM) framework and
benchmark methods are applied to each tape respectively to
model the dropouts in superconductor manufacturing. We
trained themodels on the training data of each tape and tested

the model performance on the test data of the same tape. The
average data points of each tape is for machine M5 and for
machine PM, respectively. To demonstrate the reproducibil-
ity of the proposed method over different tapes, we repeated
the experiments on all six tapes.

Feature extraction

Using the hypothesis test-based feature selection algorithm,
the best representative features of 12 exemplary process
parameters for NHPP-based and quantile regression-based
dropout modeling are identified and listed in Table 5. Specif-
ically, the best features for dropout modeling of some
process parameters are themselves, including evaporator
temperature (EVP1_1/2/3), current (DHPS_I), flow rate of
liquid (Flow_rate), monitoring thermocouples on the deliv-
ery pipeline (TC_M7_Zone7), and reaction zone pressure
(PR_RZ2_R). For the other process parameters, different
temporal and spectral features are used. It is noticeable that
the majority of the features selected for the regression model
are different from the ones used in the NHPP model, which
implies that the occurrence of dropout and the drop patterns
are associated with different characteristics in the process
parameters.



Model tuning

Hyperparameters in the proposed QREM model include the
quantile in the quantile regression and the tuning parameters
of the regularization terms in LASSO-regularized NHPP and
LASSO-regularized quantile regression. To select a proper
quantile in the quantile regression, we first explored the dis-
tribution of the changes in critical current, which is obtained
by subtracting the moving average from the original mea-
surements of critical current.
As shown in Fig. 5, the distribution of the changes in crit-

ical current follows a Gaussian distribution with a near-zero
mean and a standard deviation of 37.78. According to the
property of the cumulative density function of a Gaussian
distribution, the probability that the random variable drops
below the one-sigma threshold (µ–σ ) is around 16%. There-
fore, we set 0.2 as the target quantile in our QR-based model.
The tuning parameters of the regularization terms in

QREM model not only control the model performance but
also determine the number of selected process parameters
that are associatedwith the critical current dropouts. The best
values of the tuning parameters are carefully chosen based on
the Bayesian information criterion (BIC) (Schwarz, 1978).
Specifically, different tuning parameters of the regularization
terms in LASSO-regularized NHPP and LASSO-regularized
quantile regression are evaluated by the BIC in 5-fold cross
validation. The tuning parameters that consistently provide
the lowest BIC value in cross validation are selected. The
best tuning parameters of the regularization term in LASSO-
regularized NHPP are selected at 100, 10, and 10 for M5-95,
M5-101, and M5-102, respectively. The best tuning parame-
ters of the regularization term inLASSO-regularized quantile
regression are selected at 100 for all tapes.

Dropout occurrence prediction

Tables 6 and 7 summarize the comparisons of the aver-
age accuracy and its standard deviation (σ) for predicting
dropout occurrences on three superconductor tapes fromM5
machine (M5-95,M5-102, andM5-101) and three tapes from
PMmachine (PM331-2, PM332-2, and PM332-3) using five
different models: the LASSO-regularized NHPP (NHPP),
the LASSO-regularized quantile regression (QR), the lin-
ear regression (LR), the LSTM-based quantile regression
(LSTM-QR), and the proposed QREM method. By compar-
ing the NHPP-basedmodelwith the regression-basedmodels
(QR, LR, and LSTM-QR), it reveals that the NHPP-based
approach provides a higher recall rate, while the regression-
basedmodels achieve higher precision in dropout occurrence
prediction. Among different types of regression models (QR,
LR, and LSTM-QR), the quantile regression models (QR
and LSTM-QR) exhibits higher prediction accuracy across
all evaluation metrics for dropout occurrence compared to

linear regression (LR). Event-based model, NHPP, performs
better than the QR-based models in terms of recall due to the
fact that the number of small dropouts is larger than the large
dropouts in the datasets. Event-based model is dominated by
the small dropout events and is sensitive to the small devia-
tions in the process, leading to high recall but low precision.
QR-based models, including linear QR and LSTM-QR, per-
form much better than the event-based model (NHPP) on the
precision due to the fact that QR-basedmodels focusmore on
the major dropout patterns by modeling the lower quantile
in time series. Comparing the performance of linear quan-
tile regression (QR) with the nonlinear one (LSTM-QR), we
observe that the QRmodel has higher precision and F1 score
on M5-101 and M5-102 tapes while the LSTM-QR model
outperforms on M5-95 tape. The results highlight the QR
model’s comparable performance and suggest that the more
complex LSTM-QR model does not provide a substantial
increase in prediction accuracy for the additional complexity
it brings. Therefore, the QR model is preferred and used in
the proposed QREM framework due to its good performance
and interpretability. The results are consistent on the ‘PM’
tapes as illustrated in Table 7. Compared to the ‘M5’ tapes,
the prediction performance of all models is slightly lower
on the ‘PM’ tapes. This is contributed by the fact that the
‘PM’ machine monitored and collected a smaller number of
process parameters compared to the ‘M5’ machine.
By integrating the predictions from the NHPP and QR

model, the proposed QREM model demonstrates the best
performance on all tapes in terms of recall. This indicates that
the integrated model can maximally detect the dropout event
occurrences in superconductor manufacturing using the fea-
tures extracted from process parameters. It is worth-noting
that prioritizing recall often takes precedence in supercon-
ductor manufacturing. The emphasis on detecting as many
defects (dropouts) as possible is often more valuable given
the potential implications of missed dropouts. Therefore, we
conclude that the QREM stands out as an optimal choice
for the dropouts modeling among the four models, due to its
commendable performance and strong interpretability, with-
out compromising prediction accuracy. The variance of the
QREM model is also lower than that of the NHPP-based
model, further highlighting the robustness and benefits of
incorporating a QR-based model for event modeling.
To emphasize the differences in prediction among the

NHPP model, the QR model, and the QREM model which
integrates the NHPP and QR models, we conducted a further
post-analysis. Table 8 provides a summary of the number and
percentage of dropouts predicted exclusively by the NHPP
model only, exclusively by the QRmodel only, by both mod-
els (NHPP∩QR, meaning the intersection of NHPP and QR
where events are identified by both models), and by QREM.
For M5 tapes, the results demonstrate that the NHPP model
can predict about 2.9% to 29.4% of dropout occurrences that
the QR model cannot detect. Conversely, the QR model can



identify around 8.5% to 13.1% of unique dropout events that
theNHPPmodel fails to predict. Additionally, approximately
60% to 80% of dropout events are identified by both the
NHPP and QR models (NHPP ∩ QR). The QREM model,
on the other hand, incorporates the unique dropout prediction
information from theQRmodel into theNHPPmodel, result-
ing in a more comprehensive prediction that covers almost
90% of total dropout events. In this context, the NHPP∩QR
represents the shared detection capability of both NHPP and
QR models, while the QREMmodel combines and enhances
their individual strengths to achieve a higher recall rate. For
PM tapes, QREM demonstrates comprehensive detection
coverage with 89.1% for PM331-2, 91.3% for PM332-2, and
90.1% for PM332-3 of the dropout events being accurately
predicted. This outstrips the individual predictive capacities
of both the NHPP and QR models. The NHPP model alone
predicted 14.3%, 10.8%, and 10% of dropouts for PM331-2,
PM332-2, and PM332-3, respectively, that were not cap-
tured by the QR model. Conversely, the QR model alone
identified 10.7%, 7.7%, and 18% unique dropouts for these
tapes that NHPP failed to detect. By merging the comple-
mentary information from the NHPP and QR models in the
proposed QREM model, we obtain a more thorough detec-
tion of dropout events with an increased recall rate.

Dropout magnitude prediction

In addition to dropout occurrence, the regression models
also provide the prediction of dropout magnitudes. The per-
formance of these predictions is summarized in Table 9.
Cross-correlation coefficients and normalized mean square
error (NMSE) between the predicted dropoutmagnitudes and
observations are used to evaluate prediction accuracy. When
comparing different types of regression models, the pro-
posed QREM-based magnitude prediction achieves higher
prediction accuracy than the linear regression-based model,
showcasing the advantages of using quantile regression
for dropout modeling. For M5 tapes, the nonlinear quan-
tile regression (LSTM-QR) further improves the prediction
accuracy of dropout magnitude on two tapes (M5-95 and
M5-101), while the proposed QREMmodel has highest pre-
diction accuracy for dropout magnitude on tape M5-102.
For PM tapes, the QREM model demonstrates a consis-
tently higher prediction accuracy than the linear regression
(LR) model across all PM tapes, with correlation coeffi-
cients of 0.635, 0.618, and 0.637 for PM331-2, PM332-2,
and PM332-3, respectively, and with the lowest NMSE val-
ues of 0.058 for both PM331-2 and PM332-3, and 0.120 for
PM332-2. While the LSTM-QR model shows an improve-
ment in prediction accuracy over LR, the differences between

the proposed QREM and nonlinear quantile models are not
significant. Considering the interpretability of model, the
proposed QREM model is preferred. These results demon-
strate that (1) the proposed QREM model can effectively
predict dropout magnitude by continuously capturing the
drop patterns in critical current; and (2) the use of quan-
tile regression is essential for accurately estimating dropout
magnitude.
Figure 6 further shows the detailed performance of critical

current prediction on a test dataset of cross validation. The
proposed QREM model (pink dash line) well predicts the
drops in critical current (blue line), by focusing on the lower
quantile of critical current rather than the mean level.

Feature selection

In the proposed QREMmodel, the important process param-
eters are selected by the LASSO regularization. Process
parameters with non-zero coefficients are considered impor-
tant. However, the importance of process parameters may
vary across cross-validation iterations. To provide a general
sense of recurring significance, we introduced an impor-
tance index defined as the number of times that a process
parameter has been selected in the fivefold cross-validation.
It is worth noting that this index is not a strict quantitative
ranking but rather an intuitive indicator to highlight param-
eters that are frequently deemed important across various
iterations. Table 10 summarizes the key process parameters
identified from ‘M5’ tapes in the NHPP and QR mod-
els. In the ‘M5’ machine, some process parameters are
consistently identified as important in all cross validation
iterations using both NHPP-based and QR-based models on
superconductor tapes, including the voltage (DHPS_V), the
first principal component of combined substrate temperature
(PY_PC1), the third principal component of combined sub-
strate temperature (PY_PC3), controlling thermocouples on
the delivery pipeline (TC_C44_Zone14), monitoring ther-
mocouples on the delivery pipeline (TC_M7_Zone7), and
evaporator temperature (EVP1_3_PV). It indicates that these

process parameters are likely to cause the critical current
to drop in the superconductor manufacturing process. The
result is also consistent with the prior knowledge that the
voltage and temperature are important process parameters
affecting the performance of HTS tapes, and therefore, need
to be carefully controlled during the superconductor manu-
facturing process (Li et al., 2022a, 2022b; Peng et al., 2022).



Additionally, several process parameters only show impor-
tance in the QR-based model, such as TC_C/E (temperature
of zone plate) and TC_Z18_IE2 (exhaust pipe thermocou-
ple), which indicates that these process parameters are likely
to be associated with the lower quantile or drops in critical
current, although the NHPP-based approach cannot capture
these associations.
Table 11 summarizes the important process parameters

identified from ‘PM’ tapes. In the ‘PM’ machine, sev-
eral parameters demonstrate recurring significance across
the fivefold cross-validation, similar to the ‘M5’ machine.
For instance, temperature-related parameters, such as
Temp_PC1/Temp_PC3 in PM and PY_PC1/PY_PC2 in M5
are consistently highlighted in both the NHPP and QR
models, indicating their critical role in influencing the perfor-
mance of HTS tapes. However, there are notable differences
in significant parameter importance between the ‘M5’ and
‘PM’ machines, reflecting the potential variations in manu-
facturing conditions or machine-specific characteristics. For
example, while the pressure parameter is consistently iden-
tified as important in the ‘PM’ machine, it appears with
less frequency in the ‘M5’ machine, which may suggest dif-
ferent stabilization criteria or control strategies employed.
Conversely, certain parameters like Residual Oxygen and
Liquid flow, which were not featured as prominent in the
‘M5’ tapes, are consideredmore relevant in the ‘PM’machine
based on the QR model. This discrepancy can be attributed
to different operational settings or material handling prac-
tices between the two machines. The comparison of these
tables underscores the necessity of machine-specific param-
eter optimizationandmonitoring to ensure themanufacturing
robustness and quality of HTS tapes.

Conclusions and discussion

A novel quantile-regression-enriched event modeling
(QREM) framework is proposed in this study to model
the dropouts of critical current in superconductor manufac-
turing and identify the important process parameters that

may potentially cause the dropouts in HTS tapes. Existing
event modeling methods (e.g., point process) require trans-
formation of the critical current measurements into event
sequences, which ignores the continuous dynamics of critical
current changes. To mitigate these limitations, the proposed
framework integrates a non-homogeneous Poisson process

for modeling the event occurrence and a quantile regression
for capturing the continuous drop patterns.
By applying the proposed framework to two pilot-scale

superconductor manufacturing processes, we demonstrated
the effectiveness of the proposed method on predicting

dropout occurrence andmagnitude and identifying important
process parameters. The prediction accuracy and robust-
ness of the performance are improved by integrating the

prediction and complementary information in NHPP and
QR-based dropout analysis. In addition to the occurrences of
dropouts, it also demonstrates that the proposed framework
can predict specific characteristics of critical current drops
(e.g., dropout magnitude) with high accuracy. The empirical

results also indicate that the event-based model is more sen-
sitive to the small dropouts in HTS tapes, while the quantile
regression-based models are less sensitive to the small devia-
tions and focus on the major dropout patterns. By comparing
the quantile regression models with linear regression model,
we demonstrate the advantages of using quantile regressions
for dropout events modeling. By comparing the linear quan-
tile regression model with a nonlinear quantile regression
(LSTM-QR), we found the performance of linear model is
competitive to thenonlinear one,which indicates the relation-
ships between process parameters and dropout events can be
well characterized by linear assumption. Linear model also
offers strong interpretability and feature selection capabil-
ity. The empirical results not only exhibit the high recall
of our QREM framework but also substantiate its theoretical
foundation. The underlying theory posits that the event-based
model is more sensitive to the small dropouts in HTS tapes,
while the quantile regression-based models are less sensi-
tive to the small deviations and focus on the major dropout
patterns. By integrating Quantile Regression (QR) with the
Non-Homogeneous Poisson Process (NHPP), we can more
comprehensively describedifferent types of dropout patterns.
By using the LASSO regularization for feature selection,
our QREM framework provides an added advantage of inter-
pretability, offering clear insights into the causative factors of
dropout events, which is invaluable for practical applications
in superconductor manufacturing.

In assessing the LSTM-QRmodel’s performance, it is evi-
dent that the model’s proficiency in handling the temporal
aspects of the dataset contributes significantly to its preci-
sion. This strength arises from LSTM’s inherent design to
account for long-term dependencies in sequence prediction
tasks. However, theQREMframework extends beyond preci-
sion by integrating a QR model with NHPP, which enhances
not only the recall but also the interpretability of the pre-
dictive outcomes. This integration enables a comprehensive
analysis that not only anticipates dropouts but also elucidates
the process parameters’ influence on these events. As such,
QREM’s balance of high recall and interpretability is par-
ticularly beneficial for real-time monitoring and preemptive
adjustments in the manufacturing process.

The results of the study revealed a strong correla-
tion between critical current drops and several process
parameters, including applied voltage, substrate temperature,
evaporator temperature, and thermocouples on the deliv-
ery pipeline. Among these parameters, applied voltage and



substrate temperature are identified as being particularly sig-
nificant, in agreement with prior studies in superconductor
manufacturing. To ensure large-scale, high-yield, and uni-
form performance of superconductor tapes, it is essential to
carefully monitor and control these key process parameters
in real-time to prevent critical current dropouts during the
manufacturing process.
In our comparative analysis, event-based approach, i.e.,

NHPP, excels in detecting small dropout events leading to
higher recall. The quantile regression-based models, includ-
ing QR and LSTM-QR, provide better precision and F1 score
by focusing on major dropout patterns. The complementary
advantages of two types of models indicate the importance
and necessary of integrating them in the proposed QREM
model. The proposed QREM model achieves highest recall
on all tapes. In the context of superconductor manufac-
turing, where detecting the maximum number of dropouts
is crucial, the QREM’s superior recall is highly advanta-
geous. Our method leverages the union of predictions from
both models, prioritizing comprehensive dropout detection.
Future work will involve the integration of ensemble meth-
ods that can intelligently combine predictions from diverse
models, adjusting to their confidence levels. This approach
will not only refine the balance between recall and precision
but also adapt our model to new and varied data environ-
ments, potentially improving its robustness and accuracy in
dropout detection across different manufacturing setups.
Our study primarily aims to pinpoint crucial process

parameters influencing dropout events in HTS tapes under
different experimental setups. The significant process param-
eters identified by our model can offer a generalizable
guideline for examining new tapes. For instance, when ana-
lyzing a new tape, this model can lead initial evaluations,
focusing particularly on those process parameters deemed
critical in our study. Such guidance is intended to streamline
and refine the process parameter adjustments for different
types of tapes. While our findings provide insightful obser-
vations, we must be cautious that the specific quantitative
relationships between the critical current and process param-
eters, as established in our analysis, may not be directly
transferable to new, untested tapes. This limitation arises due
to variations in manufacturing conditions and the intrinsic
properties of different tapes. Hence, expecting one model
to yield identical results across various tapes may not be
realistic. Our approach, therefore, underscores the need for
specialized evaluations when applying these findings to new
and diverse manufacturing scenarios. In the future, we will
also develop more advanced machine learning techniques,
such as a transferrable dropout event modeling method, to
calibrate or tailor the results of the QREM model obtained
from historical tapes to new tapes.

In light of this, our conclusion emphasizes the need for
continued research into the development of predictivemodels
that address a broader spectrum of experimental conditions
and tape variations. Such research is crucial for extending
the applicability of our model, making it universally relevant
and enhancing our understanding of the dynamic processes in
superconductor manufacturing. The exploration of our pre-
diction algorithm’s performance across variedHTS tapes and
manufacturing environments will not only substantiate the
robustness of our current findings but also contribute to a
more nuanced understanding of dropout events in different
superconducting tape production scenarios. For the future
work, therefore, we will exam the generalizability of the
proposedmethod by applying it to different experimental set-
tings, and focus on expanding the model’s utility to ensure its
efficacy and versatility in real-world, varied superconductor
manufacturing settings.
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Fig. 1 Schematic representation
of the QREM framework

Fig. 2 The advanced MOCVD
process tool in AMI

Fig. 3 Illustration of dropout event occurrence and magnitude



Fig. 4 The feature selection approach for point process model

Fig. 5 The distribution of changes in critical current (M5-102)

Fig. 6 QREM-based prediction of critical current on a test set of cross-
validation



Table 1 Description of process
parameters Process parameter name Description

M5 Machines PMMachines

PY_1/2/3/4 L_O_TEMP, M_O_TEMP,
R_O_TEMP

Optical probe readings of substrate
temperature

TC_A/B/C/D/E/M7_Zone4 T_z_1/2/3/4/5/6/7 Temperature of different zone plate

TC_Z17/18_IE1/2/3/4 Exhaust Pipe TC

TC_Z21_OE1/2/3/4 Exhaust Pipe TC

PR-O_2 Residual_O Residual Oxygen

DHPS_V Voltage Voltage

DHPS_I Current Current

Tv-RZ-PO-Pv Reaction Zone Throttle Valve (%)

PR-RZ2-R P_Z_1/2/3/4/5/6/7 Reaction zone Pressure

PR-10-R Chamber MKS Pressure

EVP1/2/3 Evaporator temperature

TEN1/2/3/4 Tension readings

Flow_Rate Gas flow Liquid flow rate

TC_C44_Zone14 Controlling thermocouples on the
delivery pipeline

TC_M7_Zone7 Monitoring thermocouples on the
delivery pipeline

Table 2 Extracted spectral and temporal features

Spectral domain Temporal domain

FFT mean coefficient Absolute energy

Fundamental frequency Area under the curve

Human range energy Autocorrelation

Max power spectrum Centroid

Maximum frequency Entropy

Median frequency Mean absolute diff

Power bandwidth Mean diff

Spectral centroid Median absolute diff

Spectral decrease Median diff

Spectral distance Negative turning points

Spectral entropy Neighborhood peaks

Spectral kurtosis Peak to peak distance

Spectral positive turning points Positive turning points

Spectral roll-off Signal distance

Spectral roll-on Slope

Spectral skewness Sum absolute diff

Spectral slope Total energy

Spectral spread Zero crossing rate

Spectral variation

Wavelet absolute mean

Wavelet energy

Wavelet entropy

Wavelet standard deviation

Wavelet variance



Table 3 Basic statistics and
initial growth conditions of M5
HTS tapes

Data samples Tape length (meter) Average Ic (Ampere) Tape moving speed
(cm/min)

M5-95 58,238 32.0 422.5 3.3

M5-101 87,200 50.6 549.7 3.3

M5-102 106,766 55.6 571.3 3.0

Tape thickness
(micron)

Processing current
(Ampere)

Ic dropouts Evaporator variables
(EVP_1)

M5-95 4.0~4.2 23.1 51 280

M5-101 4.0~4.2 23.0 95 280

M5-102 4.2~4.5 23.0 74 280

Reaction zone
temperature (TC_A)

Reaction zone
temperature (TC_B)

Reaction zone
temperature (TC_D)

Reaction zone
pressure

M5-95 278 280 281 1.89

M5-101 277 275 282 1.89

M5-102 279 277 290 1.94

Table 4 Basic statistics and
initial growth conditions of PM
HTS tapes

Vertical dispenser Horizontal dispenser Length (m) Data points

PM331-2 Yes New for 331 and 332 11.5 10,582

PM332-2 No 16.7 14,797

PM332-3 No 10.8 9491

Ic_mean (A) #Total Ic dropouts Voltage_mean (V) Current_mean

PM331-2 557.0 28 29.57 23.48

PM332-2 511.8 65 28.46 23.38

PM332-3 650.9 50 28.27 23.53

Reaction zone
temperature
(T_Z_1)

Reaction zone
pressure (P_Z_1)

Reaction zone
temperature
(T_Z_4)

Reaction zone
pressure (P_Z_6)

PM331-2 275 272 270 268

PM332-2 274 273 270 268

PM332-3 275 272 270 270



Table 6 Prediction accuracy of
dropout event occurrences (M5
tapes)

Recall

NHPP QR LR LSTM-QR QREM

M5-95 Average 0.856 0.822 0.822 0.834 0.926

σ 0.104 0.055 0.031 0.039 0.054

M5-101 Average 0.873 0.679 0.668 0.696 0.894

σ 0.161 0.108 0.116 0.103 0.145

M5-102 Average 0.835 0.889 0.892 0.898 0.938

σ 0.122 0.092 0.064 0.066 0.055

Precision

NHPP QR LR LSTM-QR QREM

M5-95 Average 0.779 0.979 0.971 0.985 0.786

σ 0.113 0.047 0.046 0.023 0.074

M5-101 Average 0.776 0.845 0.832 0.842 0.804

σ 0.142 0.069 0.055 0.063 0.127

M5-102 Average 0.784 0.979 0.926 0.944 0.820

σ 0.121 0.047 0.073 0.058 0.097

F1

NHPP QR LR LSTM-QR QREM

M5-95 Average 0.814 0.892 0.871 0.903 0.850

σ 0.105 0.041 0.05 0.029 0.064

M5-101 Average 0.82 0.75 0.738 0.759 0.845

σ 0.147 0.083 0.081 0.075 0.129

M5-102 Average 0.807 0.928 0.907 0.919 0.873

σ 0.118 0.041 0.052 0.051 0.072

Bold values represent best performed model in each tape

Table 5 The selected features for process parameters

Process parameters Selected features for NHPP Selected features for QR

TEN1 Negative turning points FFT mean coefficient_24

TEN3 0_FFT mean coefficient_190 FFT mean coefficient_32

TEN4 Negative turning points FFT mean coefficient_49

DHPS_I DHPS_I Power bandwidth

TC_M7_Zone7 TC_M7_Zone7 Spectral variation

Flow_rate Flow_rate Flow_rate

TC_C44_Zone14 Spectral positive turning points FFT mean coefficient_43

PR_RZ2_R PR_RZ2_R PR_RZ2_R

EVP1_1_PV EVP1_1_PV Positive turning points

EVP1_2_PV EVP1_2_PV FFT mean coefficient_1

EVP1_3_PV EVP1_3_PV FFT mean coefficient_9

Flow_Carrier_Gas FFT mean coefficient_3 FFT mean coefficient_39



Table 7 Prediction accuracy of
dropout event occurrences (PM
tapes)

Recall

NHPP QR LR LSTM-QR QREM

PM331-2 Average 0.837 0.819 0.818 0.826 0.891

σ 0.089 0.043 0.047 0.039 0.056

PM332-2 Average 0.867 0.821 0.819 0.837 0.912

σ 0.075 0.067 0.059 0.043 0.054

PM332-3 Average 0.871 0.832 0.842 0.844 0.901

σ 0.121 0.087 0.079 0.078 0.043

Precision

NHPP QR LR LSTM-QR QREM

PM331-2 Average 0.754 0.921 0.917 0.912 0.762

σ 0.112 0.051 0.052 0.037 0.075

PM332-2 Average 0.812 0.907 0.913 0.927 0.829

σ 0.107 0.037 0.041 0.053 0.051

PM332-3 Average 0.778 0.933 0.932 0.923 0.792

σ 0.085 0.047 0.047 0.083 0.053

F1

NHPP QR LR LSTM-QR QREM

PM331-2 Average 0.791 0.871 0.862 0.867 0.820

σ 0.091 0.047 0.049 0.041 0.055

PM332-2 Average 0.840 0.861 0.861 0.881 0.866

σ 0.089 0.051 0.052 0.041 0.049

PM332-3 Average 0.822 0.881 0.884 0.880 0.844

σ 0.067 0.079 0.051 0.084 0.045

Bold values represent best performed model in each tape

Table 8 The number and
percentage of dropouts predicted
by different models

NHPP only QR only NHPP ∩ QR QREM Total

M5-95 5 (10.6%) 4 (8.5%) 38 (80.9%) 47 (92.2%) 51

M5-101 25 (29.4%) 8 (9.4%) 52 (61.2%) 85 (89.4%) 95

M5-102 2 (2.9%) 9 (13.1%) 58 (84.0%) 69 (93.3) 74

PM331-2 4 (14.3%) 3 (10.7%) 18 (64.3%) 25 (89.1%) 28

PM332-2 7 (10.8%) 5 (7.7%) 47 (72.3%) 59 (91.3%) 65

PM332-3 5 (10%) 9 (18%) 31 (62%) 45 (90.1%) 50

Table 9 Accuracy in predicting
dropout event magnitude LR LSTM-QR QREM

corr. NMSE corr. NMSE corr. NMSE

M5-95 0.531 0.217 0.621 0.118 0.615 0.117

M5-101 0.524 0.236 0.615 0.131 0.613 0.129

M5-102 0.558 0.162 0.629 0.070 0.632 0.061

PM331-2 0.519 0.241 0.631 0.068 0.635 0.058

PM332-2 0.512 0.247 0.623 0.114 0.618 0.120

PM332-3 0.536 0.203 0.640 0.057 0.637 0.058



Table 10 Importance index of parameters in the NHPP and QR models (M5 tapes)

M5-95 M5-101 M5-102

Process parameter NHPP QR Process parameter NHPP QR Process parameter NHPP QR

PY_PC1 5 5 DHPS_V 5 5 DHPS_V 5 5

PY_PC3 4 5 PY_PC1 5 5 PY_PC1 5 5

Flow_Rate 4 1 PY_PC3 5 5 EVP1_1_PV 4 4

TC_M7_Zone7 3 5 TC_C44_Zone14 5 3 TC_M7_Zone7 3 5

TC_HFG_PC1 3 5 TC_M7_Zone7 4 5 PY_PC3 3 4

tON_01_Gas 2 5 EVP1_3_PV 4 4 TEN4 2 4

PR_O2 1 5 TEN1 3 4 TC_M5_Zone10 2 1

TC_Z24_OE4 1 5 tON_02 3 4 PR_RZ2_R 2 3

PR_RZ2_R 1 5 EVP1_1_PV 3 3 TEN1 1 3

PY_PC2 1 5 DHPS_I 2 4 TC_B 1 5

PY_PC4 1 5 tON_01 2 4 TC_Z24_OE4 1 5

TC_M5_Zone10 1 4 TC_else_PC3 2 2 EVP1_2_PV 1 4

TEN1 1 2 Flow_Carrier_Gas 2 0 EVP1_3_PV 1 5

DHPS_I 1 0 TC_D 1 5 TC_HFG_PC2 1 5

DHPS_V 0 5 TC_HFGI_PC1 1 5 TC_HFG_PC3 1 5

TV_RZ_PO_PV 0 5 TC_HFGI_PC2 1 5 Flow_Carrier_Gas 1 0

tON_02_Liquid 0 5 TC_else_PC2 1 5 PR_O2 0 0

TC_M3_Zone8 0 5 TEN3 1 4 DHPS_I 0 3

TC_C44_Zone14 0 5 Flow_rate 0 5 TV_RZ_PO_PV 0 2

TC_B 0 5 TC_E 0 5 TEN2 0 5

TC_C 0 5 TC_Z24_OE4 0 5 TEN3 0 3

TC_D 0 5 PR_RZ2_R 0 5 Flow_Rate 0 0

TC_E 0 5 PR_10_R 0 5 TC_M3_Zone8 0 5

TC_I 0 5 TC_HFGI_PC3 0 5 TC_C47_Zone16 0 5

EVP1_1_PV 0 5 TEN2 0 4 TC_C44_Zone14 0 5

EVP1_2_PV 0 5 TC_C 0 4 TC_C 0 5

TC_HFG_PC2 0 5 PY_PC4 0 4 TC_D 0 5

TC_HFG_PC3 0 5 TC_else_PC1 0 4 TC_E 0 5

TEN2 0 4 TC_else_PC4 0 4 TC_I 0 3

TEN3 0 4 TC_else_PC5 0 4 TC_LnK3_Zone11_Monitoring 0 5

TC_LnK3_Zone11_Monitoring 0 4 TC_Z18_IE2 0 3 TC_LnK2_Zone12_Monitoring 0 4

TEN4 0 3 EVP1_2_PV 0 3 PR_10_R 0 5

TC_C47_Zone16 0 3 TC_HFGI_PC4 0 3

PR_10_R 0 3 TV_RZ_PO_PV 0 2

EVP1_3_PV 0 0 TEN4 0 1

PR_O2 0 0

PY_PC2 0 0



Table 11 Importance index of parameters in the NHPP and QR models (PM tapes)

PM331-2 PM332-2 PM332-3

Process parameter NHPP QR Process parameter NHPP QR Process parameter NHPP QR

O_Temp_PC1 5 5 O_Temp_PC1 5 5 O_Temp_PC1 4 5

O_Temp_PC2 4 5 O_Temp_PC2 3 5 O_Temp_PC2 5 4

O_Temp_PC3 1 4 O_Temp_PC3 4 5 O_Temp_PC3 4 5

Current 1 3 Current 2 4 Current 0 5

Residual_O 1 4 Residual_O 3 5 Residual_O 4 5

Voltage 4 3 Voltage 3 4 Voltage 2 4

Gas flow 1 3 Gas flow 4 2 Gas flow 3 2

Liquid flow 0 3 Liquid flow 1 3 Liquid flow 2 3

Gas opening 0 3 Gas opening 1 2 Gas opening 0 3

Liquid opening 0 3 Liquid opening 0 2 Liquid opening 1 1

C_Pressure 0 3 C_Pressure 0 2 C_Pressure 2 0

L_R_Pressure 3 3 L_R_Pressure 4 2 L_R_Pressure 2 2

M_R_Pressure 2 3 M_R_Pressure 1 2 M_R_Pressure 3 2

R_R_Pressure 1 3 R_R_Pressure 3 2 R_R_Pressure 1 0

R_T_Opening 0 3 R_T_Opening 0 1 R_T_Opening 0 0

T_Z_1 0 3 T_Z_1 0 1 T_Z_1 0 0

T_Z_2 4 2 T_Z_2 3 2 T_Z_2 1 0

T_Z_3 0 2 T_Z_3 0 1 T_Z_3 0 0

T_Z_4 0 2 T_Z_4 0 1 T_Z_4 0 0

T_Z_5 0 2 T_Z_5 0 0 T_Z_5 0 0

T_Z_6 0 2 T_Z_6 0 0 T_Z_6 0 0

T_Z_7 0 2 T_Z_7 0 0 T_Z_7 0 0

Tape_T 0 2 Tape_T 0 0 Tape_T 0 1

P_Z_1 0 2 P_Z_1 0 0 P_Z_1 0 2

P_Z_2 0 2 P_Z_2 0 2 P_Z_2 0 2

P_Z_3 0 2 P_Z_3 0 2 P_Z_3 0 2

P_Z_4 0 2 P_Z_4 0 2 P_Z_4 0 2

P_Z_5 0 2 P_Z_5 0 2 P_Z_5 0 2

P_Z_6 0 2 P_Z_6 0 1 P_Z_6 0 2

P_Z_7 0 2 P_Z_7 0 1 P_Z_7 0 2

P_Z_7 0 2 P_Z_7 0 1 P_Z_7 0 2



Table 12 The description of extracted features

Name of Feature Description

FFT mean coefficient The mean value of each spectrogram frequency

Negative turning points Number of negative turning points (local minimum) within certain moving window of the signal

Power bandwidth
Fundamental frequency
Human range energy
Max power spectrum
Spectral centroid
Spectral positive turning
Point
Spectral spread
Entropy
Mean absolute diff
Median absolute diff
Neighborhood peaks
Peak to peak distance
Slope
Zero crossing rate
Total energy
Spectral roll-off
Spectral roll-on
Skewness

Computes power spectrum density bandwidth of the signal. It corresponds to the width of the frequency band in
which 95% of its power is located
The lowest frequency of a periodic waveform
The human range energy ratio is given by the ratio between the energy in frequency 0.6-2.5Hz and the whole
energy band
Describes the max of power into frequency components composing that signal
It indicates where the center of mass of the spectrum is located
number of positive turning points of the fast Fourier transform magnitude signal
Measures the spread of the spectrum around its mean value
Computes the entropy of the signal using the Shannon Entropy
The mean of absolute difference of time series within a certain moving window. The difference is given by
out[i] � a[i + 1] − a[i] along the time series
The median of absolute difference of time series within a certain moving window. The difference is given by
out[i] � a[I + 1] − a[i] along the time series.
The number of peaks from a defined neighborhood of the signal
The absolute value of difference between maximum and minimum of the signal
Computed by fitting a linear equation to the observed data
Corresponds to the total number of times that the signal changes from positive to negative or vice versa
the sum of the absolute squares of its time-domain samples divided by the signal length
Corresponds to the frequency where 95% of the signal magnitude is contained below of this value
Corresponds to the frequency where 5% of the signal magnitude is contained below of this value
Measures a signal’s asymmetrical spread about its mean value


