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Abstract—With the rise of Machine Learning (ML) and Arti-
ficial Intelligence (AI), the semiconductor industry is undergoing
a revolution in how it approaches manufacturing. The SMART-
IC project (DATE’24 MPP category: initial stage) works in this
direction, by proposing an Al-enabled framework to support
the smart monitoring and optimization of the semiconductor
manufacturing process. An Al-powered engine examines sensor
data recording physical parameters during production (like gas
flow, temperature, voltage, etc.) as well as test data, with different
goals: (1) the identification of anomalies in the production
chain, either offline from collected data-traces or online from
a continuous stream of sensed data; (2) the forecasting of new
data of the future production; and (3) the automatic generation
of synthetic traces, to strengthen the data-based algorithms.
All such tasks provide valuable information to an advanced
Manufacturing Execution System (MES), which reacts by opti-
mizing the production process and management of the equipment
maintenance policies. SMART-IC is a 300k€ academic project
funded by the Italian Ministry of University and supported by
STMicroelectronics and Technoprobe with industrial expertise
and real-world applications. This paper shares the view of
SMART-IC on the future of semiconductor manufacturing, the
preliminary efforts, and the future results that will be reached
by the end of the project, in 2025.

I. INTRODUCTION

Semiconductor chips form the building blocks of modern
technology: as proven by the recent chip shortage crisis,
their impact spans across very different markets, ranging from
automotive to medical equipment and household appliances
[1]. This crucial role, together with the increase in demand
and production, makes it essential to ensure the functionality
and reliability of semiconductor manufacturing [2]. Typically,
a wafer fab with a construction cost of $7 billion would need to
recover roughly $4 million per day to amortize the investment.
Thus, any breakdown halting production, even for a minute,
is highly undesirable. Semiconductor companies are thus in a
constant quest to improve quality and reduce the generation
of waste and defects to open the way to smaller, faster, and
higher-quality devices [3].

Effective chip testing aims at ensuring the quality of semi-
conductor products, to address any issues before their products
reach the market, identifying abnormal processes that cause
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wafer defects, and ensuring that quality meets specifications.
To optimize tests, companies adopt automated test equipment,
able to conduct electrical tests on large numbers of chips
in parallel. However, such advanced equipment is extremely
expensive, ranging from 500k€ for a test handler to 1.2M€
for the most advanced tester infrastructures with 3D support
and enhanced tracing capabilities.

Advanced Machine Learning (ML) and Artificial Intelli-
gence (Al) offer new opportunities to optimize the testing
processes and achieve greater levels of cost-effectiveness. ML
algorithms can indeed be trained to identify patterns and
relationships in complex data sets. This makes them well-
suited for analyzing the vast amounts of data that are generated
during semiconductor manufacturing and testing. ML and
Al solutions can thus be highly beneficial when using data
collected on the field to monitor the operating conditions
of production equipment, predict the correctness of produced
wafers, and optimize the operating scheduling in a way that
is aware of ongoing processes.

This paper presents SMART-IC, an academic project funded
by the Italian Ministry of University and Research and by
the Next Generation EU plan. The goal of SMART-IC is to
build a complete framework for smart monitoring and pro-
duction optimization, with the support of STMicroelectronics
and Technoprobe, that provide industrial expertise and real-
world applications. The main pillars of the project are the
development of an Al-powered engine and of an enhanced
MES for achieving production-aware manufacturing system
management, that exploits relevant information distilled by the
Al-powered engine to optimize the scheduling and allocation
of production. Many efforts exist in the literature to improve
the effectiveness of semiconductor manufacturing. However,
they either target specific processes or focus on scheduling and
maintenance management without exploiting the availability
of large amounts of data with Al-based approaches [4]-[8].
Our project, currently in its initial phase, aims to close the
loop with a comprehensive framework where Al and advanced
production management cooperate to face the challenges of
such a complex scenario.

The paper is organized as follows: Section II details the
SMART-IC perspective on semiconductor manufacturing, Sec-
tion III exemplifies the strategy and shows our preliminary
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Fig. 1.
semiconductor manufacturing.

study, and Section IV summarizes our final remarks and
underlines the impact on the Design, Automation and Test
in Europe (DATE) Conference.

II. SMART-IC VIEW ON SEMICONDUCTOR
MANUFACTURING

The perspective of SMART-IC on semiconductor manufac-
turing is to develop and integrate new data-driven approaches
for smart monitoring and production optimization, with the
goal of reducing defect generation, identifying latent defects
on masks and wafers during components manufacturing, and
reducing waste products at all levels.

Fig. 1 outlines the framework. The semiconductor manu-
facturing chain is monitored to collect relevant data traces
relative to physical parameters, like gas flow, temperature,
voltage, and final product testing metrics. Such data is fused
in a coherent form and then made available to an Al-powered
engine, both in the form of a database of historical values and
a continuous stream of real-time data.

Such Al-powered engine is the heart of the SMART-IC
framework, as it provides data-based algorithms for:

o anomaly detection, applied (i) offline on collected data to
assess the quality of a finished product, or (ii) in real-time
during a production phase, to send alerts about a possible
faulty product/process;

e production data forecasting, to predict future data traces
of physical quantities and the quality of the corresponding
products;

e synthetic data generation based on ML algorithms; the
generated data can be used to augment the available data
to improve the quality of the Al-based algorithms, as
well as to construct a digital twin of the manufacturing
equipment.

The output of the Al-powered engine is fed to a Meta-MES,

a MES extended with advanced automated features, such as
reconfiguration of the production line, autonomous execution
of production orders, resource management, and advanced
scheduling [9]. The Meta-MES can react to alerts, predictions,
and metrics of the Al-powered engine to:

SMART-IC pillars: Al-powered engine (for anomaly detection, production data forecasting and generation), and meta-MES development for smart

o apply smart maintenance, to estimate mean time to fail-
ure/repair and reduce unscheduled equipment downtime
(i.e., costs of production time and yield losses as well as
maintenance costs);

« obtain a reconfiguration of the production line by reallo-
cating the production to apply mitigation strategies based
on the conditions of the production equipment or on the
quality of the generated products;

« both steps rely on system and process modeling to ease
the management of the information flows.

Product data information, including testing outputs and pro-
duction trace-based metrics, are used to annotate the final
products and to further enrich the training of the Al-based
algorithms.

A. Al-powered engine for anomaly detection, production data
forecasting and generation

Driven by the Industry 4.0 revolution, the semiconductor
industry is investing heavily in the digitalization of its pro-
duction chain [10]. As a result of these investments, the chip
production process has been equipped with multiple sensors
that constantly monitor the evolution of each manufacturing
phase, from oxidation to testing and packaging, thus collect-
ing a tremendous amount of heterogeneous data, commonly
referred to as traces. To fully unveil the potential and hidden
knowledge of such data, Artificial Intelligence technologies,
and especially Machine Learning, are widely acknowledged
to have a fundamental role [11].

Traditionally, data analytics techniques have been applied
in semiconductor manufacturing mainly for fault detection
(FD) and fault classification (FC) tasks, referring to the
monitoring, analysis, and categorization of variations in tool
and/or process data to detect faulty parts [12]. Nevertheless,
most of the available solutions have limitations in how they
approach the problem, as they typically address these tasks
as simple problems of univariate statistics, neglecting the
inter-dependency between the different variables [13]. Some
researchers try to circumvent the problem with “de-correlation
approaches”: different time series are de-correlated to formally



translate the original multi-dimensional problem into multiple
1-dimensional ones. Nonetheless, the foundations of such de-
correlations are generally difficult to demonstrate in real-world
scenarios.

On the other hand, modern ML technologies have recently
shown great potential in dealing with multivariate time series.
Deep learning has become a particularly powerful approach
in many applications, including smart manufacturing, offering
the capability to capture intricate patterns and dependen-
cies within complex multivariate datasets and across multiple
dimensions [14]. This paradigm leverages artificial neural
networks with a large number of hidden layers to learn
latent representations directly from the temporal sequences of
multiple variables, and then exploit the learned representations
to solve a number of diverse tasks, that are equally relevant
from a smart manufacturing point of view.

Traditional diagnostic tasks, such as fault detection and
classification, where the algorithm needs to detect and rec-
ognize an unwanted deviation of the process after it has
already occurred, can be solved in a completely unsupervised
way by deep learning-based anomaly detection techniques: a
model is trained on regular data from non-faulty processes
and then asked, at run-time, to recognize discrepancies from
the learned behavior. Literature provides several successful
examples, based on different formulations of Autoencoders or
of ensemble methods [15]. By fine-tuning the training and the
response window of the model, the diagnosis can happen either
offline after an entire production step or, working towards real-
time implementations, at any point within a production step.

Interestingly, state-of-the-art deep learning can go far be-
yond fault diagnosis and solve way more complex prognostic
tasks: in this case, a forecasting model is trained to predict
the future evolution of the data, based on its past charac-
teristics. Promising architectures for this purpose are, again,
Autoencoders, as well as recurrent models such as Long Short-
Term Memory (LSTM) Networks or auto-regressive deep
architectures [15], [16]. From a semiconductor manufacturing
viewpoint, this translates into the possibility to predict the
future evolution of the sensed variables at multiple levels, to
provide metrics related to the future risks of faults in the chip
production chain.

Finally, latest deep learning models have shown potential
even in the task of gemerating multivariate time series data
from scratch. This is a particularly challenging problem, as
it requires that the network learns the inherent characteristics
of multivariate distributions from the training data, so as to
be able to replicate them at run-time. The best architectures
for this task can be borrowed from computer vision and
natural language processing domains, where deep generative
models such as Generative Adversarial Networks (GANSs)
and Diffusion Models have recently reached impressive re-
sults [17]. In a smart manufacturing scenario, the generation
of synthetic production data can be exploited in many ways,
from solving data-related issues such as missing recordings or
lack of training traces, to creating a realistic digital twin of
the production process.

Based on these considerations, SMART-IC’s strategy is
to integrate the aforementioned state-of-the-art deep learning
models into a single Al-powered engine, which will serve as
the core of the decision-making of our framework.

B. Meta-MES for production scheduling and optimization and
smart maintenance

Semiconductor manufacturing requires the careful coordi-
nation of hundreds of process steps, and even small changes
in the production recipes may lead to different production
throughput and wear, as a result of both complex processes
and of the presence of multiple wafers being processed at the
same time, potentially with different processing flows. In this
perspective, considerations about anomalies and production
forecasts can be used to improve manufacturing efficiency
through reconfiguration, with a positive impact on the re-
duction of unscheduled downtime and the utilization rate of
different machinery [18].

To implement this strategy, it is necessary to extend the
traditional MES into a Meta-MES, as proposed by [9], i.e., to
include advanced automated features such as reconfiguration
of the production line, resource management, and advanced
scheduling. The Meta-MES acts as the manufacturing operat-
ing system, enabling the implementation of custom applica-
tions to monitor the production plant, reconfigure production
processes, and collect additional key parameters. The Meta-
MES takes in input information generated by the Al-powered
engine in terms e.g., of punctual anomalies, metrics on the
distribution of faulty wafers in lots, or as remaining time to
failure estimation. This information can be used, together with
models of the production flow or of specific processes, to
pursue optimization and management steps.

Among the optimization strategies, the minimization of
the machine setup time is one of the most widely used in
the manufacturing field [19]. This heuristic tries to schedule
production tasks with the same machine setup one after the
other. However, manufacturing systems are affected by a set
of unexpected events that make the schedule unfeasible, such
as machine breakdown, maintenance tasks, and new produc-
tion orders, which reduce the performance of this heuristic
in real production environments. Another known issue in
semiconductor manufacturing consists of the quality of the
products, which are classified into low-end products and high-
end products based on the performance detected in the testing
phases [20]. To avoid this problem, other approaches try to
increase the resilience of manufacturing systems by forecast-
ing the demand of production orders [21] and integrating in
advance maintenance tasks with production tasks [21], [22].

The Meta-MES approach enables advancing a step further
by implementing also a “dynamic” schedule, which continu-
ously reconfigures the production plant based on the events
notified by the Al-powered engine. Thus, the integration with
the digital twin allows testing manifold promising schedules
on a digital replica of the production plant. This creates an
optimization loop in which the digital twin provides additional



information on the computed schedules, allowing to select the
best solution among the promising ones.

Finally, all data produced from the machinery during a
production batch can be collected and historicized by Meta-
MES. These data are fundamental because they allow for
comparing testing data, which identifies valid pieces against
wastes with data measured during the previous production
steps. This allows the generation of new training data that can
be used to improve the Al-powered engine to detect anomalies
as soon as possible.

III. PRELIMINARY STUDY

SMART-IC will build on top of real semiconductor manu-
facturing data collected throughout project development and
testing. Given the initial stage of the project, in this paper
we exploit public data to (1) showcase, even though just
in principle and on a limited scale, SMART-IC’s strategy;
(2) demonstrate the potential impact to the semiconductor
industry; and (3) plan the future developments of our project.

A. Scenario

In a typical semiconductor production chain, operations are
performed on wafers, and wafers passing through the same
operations are aggregated into so-called lots. Every step of
the production is monitored by a number of sensors recording
physical parameters (gas flow, temperature, voltage, etc.).
Finally, at the end of the whole production chain, each device
is tested to identify faulty wafers.

As a first case-study for SMART-IC, we selected the dataset
presented in [23], that well represents the targeted scenario.
Sensor data are provided with a 1s timestamp for two different
production steps: the deposition process (SPUT, 32 sensors)
and the rapid thermal process (RTP, 24 sensors). Each wafer is
represented by a trace consisting of a multidimensional time
series, with a total duration of 176 s. The data is collected for
a total of 54 successive lots, each made of 25 wafers (wafer
belonging to the same lot are given the same lot label). The
post-production test results of each wafer are also provided,
in the form of a binary label (1: faulty, 0: not faulty), which
is the only ground truth made available for our analysis.

B. Anomaly detection

The first task of the Al-powered engine is anomaly detec-
tion, that in our case is the automatic identification of faults in
the production chain. For this purpose, a ML model is typically
trained offline on non-faulty data, to learn the characteristics
of a “normal” behavior, so as to be able at run-time to identify
any events that significantly deviate from the normality. This
can be done at different time-resolutions, by simply changing
our definition of event.

1) Offline: Given that the ground truth is available only at
the wafer-level, and each wafer is represented by 176 s long
traces, the first and most obvious task for anomaly detection is
to consider a whole recording as an event, and to try to identify
the anomalous wafers from the normal ones. This goes by the
name of offline anomaly detection, implying that an entire data
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Fig. 2. Example of a real and a reconstructed sensor trace from a normal
(top) and faulty (bottom) wafer.

trace needs to be collected before we can understand whether
the corresponding wafer is faulty.

A promising approach is, for example, reconstruction-
based: a ML model can be trained on the task of reconstructing
a 176s long trace corresponding to a single wafer. At inference
time, it can be expected that a data trace corresponding to
a non-faulty wafer will be similar to the ones the model
was trained on, and hence will be reconstructed with a low
reconstruction error. Vice-versa, anomalous data traces will
be reconstructed with high error (see Fig. 2).

Starting from these considerations, we interpret anomaly
detection as a binary classification task, where an anomalous
trace can be identified by simply imposing a threshold on its
reconstruction error at run-time.
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Fig. 3. ROC curves of the tested anomaly detection methodologies.

To assess the feasibility of this task with the available
dataset, we made preliminary experiments with different
widely used ML models: Autoencoder (AE) [24], Variational
Autoencoder (VAE) [25], Vector Quantized Variational Au-
toencoder (VQ-VAE) [26], as well as Omnianomaly [27],
that leverages a combination of stochastic recurrent neural
networks and VAE. In Fig. 3, we show the results of these
experiments in terms of ROC curves. In such curves, the true
positive and the false positive rates of each model are plot at
varying values of the threshold used to identify the anomaly.
Hence curves closer to the top-left corner indicate a better
performance, and the area under the curve (AUC) provides a
single threshold-less [0, 1] measure of the algorithm’s ability
to identify the anomaly.



From the obtained results, we can see that most techniques
provided a good performance, corresponding to AUC values
of 0.76 for Omnianomaly and 0.9 for AE and VAE. This
demonstrates our initial hypothesis, that the reconstruction
error has a good discriminative power, and can be effectively
used to identify the faulty wafers during production.
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Fig. 4. Example of window-based real-time anomaly detection: the recon-
struction error of a sliding window W is computed at each new timestamp
to. If the error exceeds the imposed threshold, ¢g is identified as anomalous.

2) Real-time: By receiving the sensor data in the form
of a continuous stream, the anomaly detection algorithm can
be easily adapted to identify anomalous events at a higher
time resolution, or even to identify punctual anomalies, corre-
sponding to single data samples. While the currently available
dataset cannot be used to provide quantitative results because
it does not contain annotations of punctual anomalies, we can
use it to exemplify the strategy in principle, as shown in Fig. 4.
Instead of the entire recording, the ML model is trained to
reconstruct a small time-window W. At inference-time, W
moves with a stride of 1s (equal to the given timestamp),
so as to reconstruct the windowed signal up-to the current
timestamp to. At each new ?, the reconstruction error of the
current window is computed to decide whether ¢ is anomalous
or not, and send a corresponding alert to the Meta-MES.

C. Production data forecasting

The same ML backbones can be effectively exploited also

for the forecasting of future production data, as follows.

o Instead of being trained to reconstruct the input signal
as is, the ML model is trained to predict a future signal
X (t1), by taking as input a current signal X (¢¢), and/or
a past one X (t_1).

o Same as for the anomaly detection task, the width of the
time windows can be tuned, so as to obtain prediction
of single data samples, or of progressively wider time
windows. For example: predicting the production data of
a future lot, given the data of the past N ones.

« Finally, by applying anomaly detection on the forecast
data instead of the past data, it is possible to predict
the future evolution of the production process, so as to
anticipate faulty events. This is a valuable information
for the Meta-MES, as it can be used to optimize future
production steps, as well as to implement targeted main-
tenance policies (details will follow).

Gaussian noise éCond oning\/xv Generated traces

—

ML model

Fig. 5. Example of data generation task. Given random Gaussian white noise
traces as input, a generative model can be conditioned to output realistic
production data of normal (green) and faulty wafers (red).

D. ML-based synthetic data generation

The last task addressed by the AI engine is the generation
of synthetic production data from scratch. In this case, the
ML model takes in a random input, (for example, Gaussian
noise) and produces as output a completely new data trace, that
attempts to mimic the training data distribution. Latest genera-
tive algorithms such as GANs [28] and Diffusion Models [29]
are very promising for this task, as they can be opportunely
conditioned towards a specific type of distribution by simply
adding label information during the training. By doing so, the
model learns to generate synthetic data of a specific class. This
principle is shown in Fig.5, where the output is data traces of
either a normal wafer (green) or of a faulty one (red).

A known problem of generative models is that they typically
necessitate huge training sets, considerably larger than the one
of our preliminary case study. To circumvent this problem,
SMART-IC’s framework is designed to expose the Al engine
to both runtime and offline data collection, thus allowing to
continuously train the ML models with newly produced sensor
data and test labels, to progressively improve its generative
capability.

E. Maintenance and production scheduling/optimization

In the SMART-IC project vision, the Meta-MES is the
production supervisor that is responsible of optimizing the
production and the maintenance phases in order to ensure high
quality standards for obtaining high-end products. The Meta-
MES receives from the Al engine different information: (1)
production alerts in the presence of anomaly or punctual data
traces; (2) predictions of future production conditions, from
which it is easy to derive degradation metrics, e.g., Mean Time
To Failure (MTTF); (3) synthetic data traces related to nominal
production behaviors or faulty synthetic data traces obtained
with data generation and augmentation techniques. Based
on these Meta-MES inputs, several scheduling/optimization
techniques are being tested to improve the prediction capa-
bilities of the Meta-MES and keep each production phase
of the manufacturing plant in optimal working conditions.
For example, a practical case could arise when, through the
continuous monitoring of the different data sources and based
on the feedback provided by the Al engine, the MES identifies
a specific portion of wafers as subject to physical defects.
In this case, the Meta-MES could suggest and apply new
strategies to circumvent this problem associated with specific
production phases and automatically label the chips made
from this wafer portion as low-end products. Consequently, all



actions that the Meta-MES could apply to the manufacturing
plant are in the view of not wasting finished products and
avoiding unexpected maintenance issues through preventive
actions on the plant’s machinery. Another practical case could
happen in the last phases of semiconductor production, when
the chip needs to be tested after the packaging. In this case,
the Al engine could process data from machinery’ sensors and
data retrieved from sensors on-chip to access more precisely
chip’s internal conditions. Based on the Al engine output, the
Meta-MES will react consequently to the production schedule
to set the parameters of each machinery correctly and maintain
the chip yield as high as possible.

IV. SUMMARY AND CONNECTION WITH DATE
CONFERENCE’S COMMUNITY

As explained in this paper, SMART-IC targets semiconduc-
tor manufacturing, a sector that is strategic for the digital trans-
formation, with the aim of improving its overall efficiency,
reliability and sustainability. By doing so, it offers significant
benefits to the community of the Design, Automation and Test
in Europe (DATE) Conference, as well as to all the researchers
and practitioners in the field of digital technologies.

To achieve its aims, the project will develop an one-of-its-
kind framework, where an advanced MES handles scheduling,
maintenance and production reconfiguration based on knowl-
edge extracted by an Al engine, empowered by state-of-the
art deep learning. Hence, SMART-IC brings together the latest
technologies in IoT, Artificial Intelligence and data analytics,
which are all topics of interest for the DATE conference.

Ours is indeed a very ambitious project, that presents
many challenges that need to be addressed to fully realize its
potential. We are confident that the interaction with the DATE
audience, which includes the most experienced specialists
of design, test and manufacturing of electronic circuits and
systems, will help us identify and understand those challenges
in the best way possible, so as to be able to tackle them
efficiently.
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