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Abstract

The advent of artificial intelligence and machine learning is influencing the manufacturing industry
profoundly, enabling unprecedented opportunities to improve manufacturing processes within the three
dimensions time, quality and cost. With the introduction of digitization and industry 4.0, increasing amounts
of data become available for processing and use in smart manufacturing systems. However, the various use
cases for machine learning in manufacturing often require problem-specific datasets for training and
evaluation of algorithms which are difficult to acquire, hindering both practitioners and academic researchers
in this area. As the respective data frequently contains sensitive information, manufacturing companies rarely
release datasets to the public. Further, the relevant attributes and features of available datasets are usually
not evident, requiring time-consuming analysis to evaluate if a dataset fits a given problem. As a result, it
can be challenging to develop and evaluate machine learning methods for manufacturing systems due to the
lack of an overview of available datasets. This paper presents a comprehensive overview of 47 existing,
publicly available datasets, mapped to various use cases in manufacturing with the goal of simplifying and
stimulating research. The characteristics of the datasets are compared using a set of descriptive attributes to
provide an outline and guidance for further research and application of machine learning in manufacturing.
In addition, suitable performance metrics for the evaluation of classification use cases in manufacturing are
presented.
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1. Introduction and methodology

Machine Learning (ML) techniques increasingly transcend from research to practical applications in various
industries. One of the industry areas that received significant attention in this context is the manufacturing
industry [1]. The growing interest in manufacturing-related ML applications is fueled by the digitization of
manufacturing processes in the context of industry 4.0 and the Internet of Things (IoT) [2]. However, the
introduction of ML in manufacturing faces several challenges, with one of the most important being the
acquisition of datasets for the development, training and evaluation of ML algorithms in high quantity. A
sufficient data basis is crucial for the development of ML algorithms and strongly influences the achievable
performance of the system [1]. Not only the quantity, but also the quality of the available data is of
importance. Issues such as missing values, class imbalance, varying sampling frequencies and data types as
well as high dimensionality have to be handled by the developers through pre-processing the data before
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training the algorithms [3]. Compared to other ML application fields such as autonomous driving, only few
publicly available datasets exist for manufacturing. Companies often see process data as sensitive
information that cannot be shared due to privacy concerns [4]. As a result, the majority of studies that show
successful applications of ML in manufacturing use cases do not share their training and testing datasets
publicly, preventing an effective comparison between approaches [1]. In conclusion, an overview of publicly
available datasets for ML applications in manufacturing is required to assist researchers and practitioners in
the development and evaluation of algorithms and to enable the comparison of ML approaches in research
studies. Few of such reviews (e.g. [4]) exist and to the best of the authors knowledge, none exist that account
for modalities such as images, which are increasingly used in manufacturing-related ML applications [5—7].
In this study, the search for datasets was conducted on open platforms that provide dataset and code hosting
for research and public competition purposes. The platforms include in alphabetical order: GitHub [§],
Kaggle [9], Mendeley Data [10], NASA Prognostics Center of Excellence (PCoE) [11], OpenML [12],
University of California Irvine (UCI) Machine Learning Repository [13]. In addition to the resulting file
storage ressources of the datasets, a search regarding accompanying publications that first release, describe
and/or use the datasets for research, was conducted. Using the resulting publications, snowballing was
applied to identify additional datasets that are hosted on platforms such as the universities of the
corresponding authors. In total, 47 datasets have been identified and analysed regarding the comparison
parameters. In addition to the selection or creation of an appropriate dataset for model training, the
performance evaluation is an integral part of the model development process. Especially for classification
tasks, the selection of an appropriate evaluation metric requires a deep understanding of the pursued task and
relevant requirements [ 14]. Thus, a search for studies that utilize the identified datasets was conducted using
Scopus, yielding 127 publications. These publications were consequently analysed regarding the applied
performance evaluation metrics. The remainder of the paper is structured as follows: Chapter 2 introduces
the identified datasets, sorted by the respective use cases. In Chapter 3, the most widespread classification
metrics used for the evaluation of ML applications in manufacturing-related research are explained and
critically analysed. Lastly, the conclusion is presented in Chapter 4.

2. Datasets and use cases in manufacturing

With the ongoing digitization there is an increasing number of research efforts emerging that focus on
manufacturing-related problems. The datasets listed in this paper are suitable to address a subset of these
problems and may be used to train and test ML methods specifically designed for manufacturing.
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Figure 1: Process map highlighting the supporting areas that contain the use cases for all the presented datasets,
adapted from [15].
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In order to facilitate and further stimulate future research in this area, we identify common use cases for ML
applications in manufacturing and map them to relevant datasets with the aim of accelerating the search for
a suitable dataset based on the respective use case. The use cases defined in this paper are assigned to the
two supporting processes: maintenance and quality management, as illustrated in the process map in Figure
1. The process map depicts the processes within the company boundaries that are necessary to meet customer
demands. Each value adding activity requires support from indirectly value adding processes [15]. In terms
of the core process production, the highlighted supporting processes embody two of the primary application
areas of ML research in manufacturing nowadays and account for all the datasets listed in this paper [16].

The tables containing the identified datasets for the respective use cases are structured as follows: The Name
column provides a short identifier to the datasets as well as a short description of the individual setting. The
identifier is adopted from the original dataset source if available, otherwise it is newly created. Since a subset
of the presented datasets is contained in [4], we adopted the respective names if applicable. Further, the Type
and Count of the available non-target variable features is shown. In case of images, the resolution of the
images is displayed as the feature count. The Target Variable column describes whether there are labels
available for supervised learning: “C (N)” indicates that classification labels for N classes are given, while
“R” indicates a supervised regression task. In some cases, labels for both, classification and regression, are
available. The Instances column indicates the number of samples, e.g., rows, a given dataset contains.
Further, Official Train/Test Split specifies, whether the dataset publishers provide a designated train / test
data split for evaluation. This is especially important for comparability in research studies, as the same test
split must be used to be able to compare the performance of different approaches. A consequent t indicates,
that the target labels for the official test split are not publicly available, but rather hidden behind an evaluation
server, which guarantees a fair benchmarking of approaches. The column Data Source highlights whether
the dataset was collected from a real process, or rather generated synthetically using a simulation. Lastly,
Format shows the file formatting of the raw data. In some cases, multiple formats are given, e.g., images in
PNG-format and corresponding labels in XML-format. In the references section, the corresponding URL to
the dataset is given together with the publication where the dataset was first introduced, if available. The use
cases for each supporting process are presented in the following.

2.1 Maintenance (predictive maintenance and condition monitoring)

Predictive maintenance and condition monitoring are two terminologies that are used interchangeably by
some researchers, while others view condition monitoring as part of the broader concept of predictive
maintenance [17-20]. For the purpose of this paper, we follow the latter approach and thus consider
condition monitoring as being a part of predictive maintenance. The use case predictive maintenance
involves the data-driven assessment of the health status of machine components and sees its major objective
in predicting the Remaining Useful Lifetime (RUL) of these components in order to reduce maintenance
cost while simultaneously preventing unplanned downtimes. In machining applications such as milling,
turning, or drilling, this, for instance involves the monitoring of the cutting tool to assess the current wear
state, followed by the prediction of the RUL. Another typical scenario can be seen in the monitoring and
RUL prediction of bearings. In this paper, we consider the data-driven health assessment as being integral
to condition monitoring while the prediction of the RUL constitutes the broader case of predictive
maintenance. The corresponding datasets for predictive maintenance and condition monitoring are exhibited
in Table 1 on the following page.
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Table 1: Datasets for predictive maintenance and condition monitoring

Name

Year

Features

Type

Count

Target
Variable

Official
Instances  Train/Test
Split

Data

Source

Format

Diesel Engine Faults Features [21]
Fault detection based on pressure curves and
vibration.

2020

Signal

84

C®

3.500 x Syn.

MAT

Degradation of a Cutting Blade [22]
Wrapping machine process data over 12 months
with a degrading cutting tool.

2019

Signal

1.062.912 x Real

CSv

CNC Mill Tool Wear [23]
CNC process data of wax milling with worn/unworn
tools.

2018

Signal

C (3%2)

25.286 x Real

CSv

Condition Monitoring of Hydraulic Systems [24]
Test rig process data of multiple load cycles with
various fault types and severity levels.

2018

Signal

C (5*(2-4))

2.205 x Real

Other

Production Plant Data for Condition Monitoring [22]
Anonymized process data of component run-to-
failure experiments.

2018

Signal

26

228.414 x Real

CSv

Versatile Production System [25]
Popcorn production process data with multiple
process steps.

2018

Signal

80.000 x Real

CSvV

Degradation Measurement of Robot Arm Position
Accuracy [26]

Target- and actual values of robotic arm tool
position, velocity and current for health assessment.

2017

Signal

73

155.000 x Real

CSV

APS Failure at Scania Trucks [27]
Anonymized counters and histograms for air
pressure system fault detection.

2016

Signal

170

Q)

76.000 4 Real

CSv

Maintenance of Naval Propulsion Plants [28]
Gas turbine process data for component decay state
prediction.

2016

Signal

16

11.934 x Syn.

Other

Plant Fault Detection [29]
Anonymized process data for plant fault detection.

2015

Signal

10

C (6)

8.938.370 x Real

CSV

Asset Failure and Replacement [30]
Anonymized data for asset fault detection.

2014

Signal

c®

v

447.341 Real

CSvV

Maintenance Action Recommendation [31]
Anonymized process and maintenance data of an
industrial asset for maintenance action
recommendation.

2013

Signal

32

C(14)

2.097.152 Vi Real

CSvV

Anemometer Fault Detection [32]
Anemometer measurements for fault detection

2011

Signal

16
16-20

345.700

208.800 vt Real

Other

Gearbox Fault Detection [33]
Test rig accelerometer data for fault detection.

2009

Signal

> 10 Mio. x Real

CSV

Li-lon Battery Aging [34]
Battery test rig data during charge and discharge
cycles for degradation detection.

2008

Signal

12

2.167 x Real

MAT

Turbofan Engine Degradation Simulation [35]
C-MAPSS simulation sensor data of various
conditions and fault modes.

2008

Signal

26

262.256 v Syn.

Other

Bearing [36]
Bearing test rig accelerometer data of run-to-failure
experiments.

2007

Signal

4-8

61.440 x Real

CSvV

Milling [37]
Milling process- and external sensor data for tool
wear detection.

2007

Signal

13

1.503.000 x Real

MAT

CWRU Bearing Data [38]
Bearing test rig accelerometer data for fault
detection.

n.A.

Signal

5

CcQ)

> 10 Mio. x Real

MAT
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2.2 Quality management

The subprocess quality management embodies the use cases process monitoring, predictive quality, quality
inspection and process parameter optimization. The respective use cases and corresponding datasets will be
introduced in the following subsections.

2.2.1 Process monitoring

The analysis of sensor-based process data can yield valuable information for the purpose of process control
and quality monitoring [39]. The idea of process monitoring is to understand the variation in a process and
to assess its current state [40]. A widely used technique in this field is control charting which involves two
distinct monitoring phases, i.e. phase I and phase II [41]. In phase I, control charts are used to retrospectively
test whether the process was in control after the data have been sampled from the process. The result of this
phase is a Normal Operating Condition (NOC) dataset in which the underlying process is assumed to be in-
control. With the help of the NOC dataset, control limits are established based on which a new observation
of process data will be evaluated. This is the objective of phase II. Process monitoring has been an active
research field throughout the last decades [42]. Especially within the process industry, the application of
Multivariate Statistical Process Monitoring (MSPM) methods gained popularity [43,44]. In terms of discrete
manufacturing, recent research focusses on the initiation of a paradigm shift from the conventional post-
process Statistical Process Control (SPC), i.e. inferring the process condition based on measurements taken
from the manufactured product to the so called in-process SPC that aims at inferring the process condition
based on actual process data [45]. In both fields of industry, the application of ML, especially Deep Learning
(DL) is receiving more and more attention and provides promising results for future research in this field
[46,47]. The corresponding datasets for process monitoring are exhibited in Table 2.

Table 2: Datasets for process monitoring

Features Target Official Data
Name Year . Instances  Train/Test Format
Type Count Variable Split Source
High Storage System Anomaly Detection [48] 2018 Signal 20 cQ) 91.000 x Syn. SV
Storage test rig process data for anomaly detection.
Genesis Pick-and-Place Demonstrator [49]
Material sorting test rig process data for anomaly 2018  Signal 23 c3) 32.440 x Real CSV

detection.

Tennessee Eastman Process Simulation Dataset [50]
Simulated chemical process data for anomaly 2017  Signal 51
detection with different fault types.

Robot Execution Failures [51]

Force and torque measurements of an industrial 1999  Signal 89 C(13) 463 x Real Other
robot with different erroneous operating conditions.
Mechanical Analysis [52]

Vibration measurements of electromechanical

c @/ > 10

v
R Mio. Syn. RData

devices with different erroneous operating 1990 Signal 7 c® 209 Y Real MAT
conditions.
CWRU Bearing Data [38] > 10
Bearing test rig accelerometer data for anomaly n/a Signal 5 C(@2) Mio. x Real MAT
detection.

2.2.2 Predictive quality and quality inspection

The use case predictive quality incorporates the scenario where the prediction of the product quality is of
primary concern. The accurate prediction of the product quality can be used to better control the
manufacturing process [53]. The costs of delayed discovery of nonconformities in the product lifecycle
increase exponentially the further the product moves down the value-chain [54]. Therefore, it becomes useful
to predict if a product will fail specification tests in later stages of the process if the cycle times of a process
chain are very long [55].

503



Table 3: Datasets for predictive quality and quality inspection.

Features Tareet Official Data
Name Year v 'gbl Instances Train/Test S Format
Type Count ariable Split ource

Casting Product Quality Inspection [6] 300x300
Grayscale images of pump impeller castings 2020  Image C(@2) 7.348 v Real PG

. . 512x512
with and without defects.
GC10-DET [56]

scale i g tal : s with P

Grayscale images of metal surfaces wi 2020 Image  Varying C (10) 3.570 x Real O
various defect types and corresponding XML

bounding box annotations.

Mechanic Component Images [7]
Grayscale images of air conditioner pistons 2020  Image 86%90 Cc@3 285 x Real PNG
with various defect types.

Multi-Stage Continuous Flow Process [57]
Anonymized process data of a production

. . . 2020  Signal 116 - 14.088 x Real CSV
line with quality measurements of part
dimensions.
Plastic Extrusion Defects [8] - 2020 Signal 470 - 226.536 x Real  CSV
Process data of a plastic extrusion process.
AITEX [59]
Grqyscale images of textile fabrics Mllllh 2019 Image 4096X256 ca3) 245 " Real PNG,
various defect types and corresponding Mask
segmentation masks.
Deep PCB [60]
Grayscale images of circuit boards with JPG,
2019 I 640x640 7 1.500 v Real
various defect types and corresponding mage cm ca Mask
bounding box annotations.
Severstal Steel Defect Detection [61]
Grayscale images of steel surfaces with JPG,
’ 2019 1 1600x256 C( 18.074 v Real
various defect types and corresponding mage ©) T ca CSV

segmentation polygons.

Turning Dataset for Chatter Diagnosis [62]
Sensory data of a turning test rig and 2019  Signal 8 C4) >10 Mio. x Real MAT
varying strengths of chatter.

Magnetic Tile Defect [63]

Grayscale images of magnetic tile surfaces JPG,

with various defect types and corresponding 2018 Image 248373 c® 1.344 * Real PNG
segmentation masks.

TIG Welding [5] PNG

Grayscale images of a welding process with 2018  Image 800%x974 C(6) 33.254 v Real IS OI\,I

various defect types.

Mining Process [64]
Process data of a mining process for 2017  Signal 24 R 737.454 x Real CSV
impurity prediction in ore concentrate.

Bosch Production Line Performance [65] 2368.43

Anonymized process data of production lines 2016  Signal 4264 C(@2) 5 %4 Real CSV
with and without defects.

WMS811K Wafer Maps [66] 2D

Defect matrices of semiconductor wafers 2014  Defect Varying C©) 811.457 x Real MAT
with various defect types. Matrix

NEU Surface Defect Database [67]

Grayscale images of metal surfaces with BMP,
variﬁus defect i}pe.;fand corregponding 2013 Image 200200 c® 1.800 * Real XML

bounding box annotations.

Steel Plate Faults [68]
Geometric measurements of steel plates with 2010 Signal 27 Cc( 1.941 x Real CSV
various defect types.

HCI Industrial Optical Inspection [69]
Synthetic grayscale images of textured 2007  Image 512x512 C(Q2) 16.100 v Syn.
surfaces with corresponding defect ellipses.

PNG,
Other
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In practice, the application of predictive quality requires the existence of sufficient quality data to find the
dependencies between the generally more accessible process data on the basis of which the quality of the
product shall be predicted in the future. This can be difficult especially in terms of low volume discrete
production systems [70]. Typical applications of predictive quality can be seen in the prediction of the
surface quality, surface roughness as well as deformations or chatter marks [71]. In this paper, quality
inspection entails the assessment of the quality of a manufactured product at certain stages of the
manufacturing process. In a recent review paper [72] the authors conducted a thorough investigation based
on the last three decades of the state of the art in so called zero defect manufacturing. The authors subdivide
quality inspection based on the respective manufacturing stage into three different phases, i.e. prior to, during
or after the manufacturing of the product. In terms of this study, we summarize all three aforementioned
phases under the term quality inspection. ML Methods such as Support Vector Machine (SVM), Artificial
Neural Network (ANN), Convolutional Neural Network (CNN) and Recurrent Neural Network (RNN) are
used in this field for signal- and image processing with the goal of assessing the quality of the manufactured
parts [5]. The corresponding datasets are exhibited in Table 3 on the previous page.

223 Process parameter optimization

Process parameters are generally chosen based on human judgement and experience in combination with the
use of handbooks that provide recommendations, which may lead to a loss of productivity and quality [73].
Consequently, the selection of the optimal process parameters such as cutting speed, depth of cut, etc. plays
an important role in today’s highly competitive manufacturing industries and provides the opportunity to
achieve high quality products with less cost and time constraints [74]. The field of application for process
parameter optimization with the help of ML has received a lot of interest in recent research. In [75] the
authors provide an extensive review for the application of ML for the optimization of process parameters.
The main areas mentioned include milling, turning, gear hobbing and boring, finishing, welding and plastic
injection molding. Next to supervised ML methods such as ANN or SVM, evolutionary optimization
techniques such as Genetic Algorithms (GA), Particle Swarm Optimization (PSO) or Simulated Annealing
(SA) have been used for process parameter optimization [76]. The corresponding datasets are exhibited in
Table 4.

Table 4: Datasets for process parameter optimization.

Features Official Data

Name Year — _ Instances Train/Test Format
Type  Count Split Source

Laser Welding [77]
Process parameter recordings for correlation with weld quality 2020  Signal 13 361 x Real XLS
indicators such as weld depth and geometrical dimensions.
3D Printer [78]
Process parameters of a 3D printer for correlation with print quality ~ 2018  Signal 12 50 x Real CSV
indicators such as roughness, tension and elongation.
Tool Path Generation [79] Real
Shape deviation measurements and corresponding simulated cutting ~ 2018  Signal 9 4.968 x S ’ CSV
conditions. e
Mercedes-Benz Greener Manufacturing [80]
Car feature configurations to be correlated with the required test 2017  Signal 378 8.420 v Real CSV
time of the configurations.
SECOM [81]
Semiconductor process measurements and corresponding yields for 2008  Signal 591 1.567 x Real Other

determination of key factors to yield.
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3. Evaluation metrics

Besides data selection, another integral part of the model development process in ML is the performance
evaluation. The aim of the performance evaluation is to find a model that best represents the underlying data
and also performs well on new data [1]. For this purpose, a model is evaluated on a separate held-out test set
using appropriate performance metrics after the training process. The selection of an appropriate evaluation
metric requires a deep understanding of the pursued task with all its characteristics [82]. Despite the many
discussions in the field of performance metrics in science, misleading or inadequate metrics are often used
[83]. The majority of the identified datasets in this paper are suitable for classification as well as regression
tasks. Both types require task-specific metrics to evaluate the respective performance of the models. Due to
the large number of available metrics and their susceptibility to changing framework conditions (e.g.
imbalanced classes), the selection of classification metrics often turns out to be difficult. Haixiang et al.
evaluated 517 papers concerned with imbalanced classification across multiple domains and found out that
201 out of those (38%) were using accuracy as an evaluation metric [84]. In contrast, for regression, the
relation and appropriateness of several evaluation metrics have been analysed thoroughly [85,86] and the
difference between existing metrics is sufficiently clear. Moreover through the continuous character of the
output (and measures), the selection of metrics is facilitated [14]. As a result, only classification metrics are
further elaborated and critically discussed in the context of manufacturing in the following. Subsequently,
the distribution of these is evaluated by analysing papers related to the datasets found.

3.1 Classification metrics

A common method for evaluating the performance of classifiers is the confusion matrix. It is applicable for
problems where the output includes two or more classes. In the confusion matrix for binary classification
problems, the classes are called positive and negative while the labels true and false indicate whether a
prediction matches the true value or not. Most of the classification performance metrics can be derived
directly (e.g. sensitivity, precision) or indirectly (e.g. Receiver Operating Characteristic (ROC), Precision-
Recall Curve (PRC)) from the confusion matrix [83]. Accuracy describes the portion of correctly predicted
data points out of all data points. While it is often used as a single metric to evaluate classification problems,
the pure focus on maximizing accuracy is viewed critically by some researchers [83,87]. The reason for this
is that classification accuracy considers the same misclassification costs for false positive and false negative
errors. For most real-world problems one type of classification error (i.e. type I, type II) is more expensive
than another. This issue is especially important when dealing with imbalanced datasets which frequently
appear in manufacturing use cases. Suppose a model predicts NOK parts (positive class) at a quality gate
which represents a problem with two classes: class A (OK parts) is 95% of the dataset and class B (NOK
parts) is the remaining 5%. By simply predicting class A for every sample, the model can reach an accuracy
0f 95%, which seems to be a good score, but it is not. To overcome this, Seliya et al. point out that a classifier
should be evaluated not only by one, but a set of performance metrics. Through this approach, several
performance aspects can be considered and differentiated conclusions can be drawn [88,89]. In the given
example of quality control, the correct prediction of the minority class may be of higher importance since a
faulty delivery to the customer is to be avoided at all costs which promotes the use of recall as the primary
evalution metric. Though, precision cannot be ignored as a low precision may lead to high quality control
costs due to a high number of tests. This highlights, that the selection of a relevant metric is highly dependend
on the actual use case. A metric that takes both recall and precision into account is the F-score. It uses the
harmonic mean in place of the arithmetic mean, thus punishing the extreme values more [82]. A special case
of this metric is the Fg-score, that allows the user to emphasize on either recall or precision [90]. Neither of
the above mentioned metrics take into account the number of true negatives [91]. Specificity is used to
determine the proportion of actual negative cases which got predicted correctly.
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All metrics mentioned so far are single-threshold metrics, which means that they are defined for an individual
score threshold (cut-off) of a classifier and cannot give an overview of the different performance levels at
varying thresholds [90]. Through performance curves, the changing metrics at varying thresholds can be
captured [90]. The most widespread curves are the ROC and the PRC. The ROC plot shows the trade-off
between recall and specificity at varying thresholds [92] and an operating point, i.e. threshold, needs to be
chosen according to the use case requirements. A single performance metric that can be derived from the
ROC curve is the Area Under the ROC Curve (AUROC) score. An AUROC of 0.5 results from random
choice while an AUROC of 1.0 shows a perfect classifier [93]. As with the ROC curve, the Area Under the
PRC (AUPRC) is also used as a single metric. Differently to AUROC though, the baseline of AUPRC
changes with class imbalance [90].

3.2 Use of classification metrics in publications

After presenting and discussing the state of the art in terms of classification metrics and the associated
difficulties, the analysis of 49 different publications dealing with classification algorithms on the identified
datasets is explained below. The selection is based on a backward search starting from the datasets found.
Similar to the findings of Haixiang et al., accuracy is the most widely used metric in classification tasks.
Almost 72% (35) of all analysed publications use accuracy as a performance metric, while for 39% of the
publications, accuracy was the only metric used (see Figure 2). Furthermore, 45% of the publications only
use one metric to evaluate their results. Although several authors highlight the widespread use of
performance curves as an evaluation metric, this could not be fully confirmed in the analysis conducted.
Altogether only eleven publications either used ROC, AUROC, PRC or AUPRC to evaluate their results. It
should be noted that none of these used both ROC (AUROC) or PRC (AUPRC) and thus could not
encompass all performance aspects. Only about 25% (12) of the publications studied used three or more
metrics for evaluation.

Used classification metrics Number of metrics used (n = 49)

35
> 3 metrics
30

17.0%
25

X 3 metrics
1 metric

20 8.5%

No. of occurrences

29.8%

2 metrics
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Figure 2: Analysis of publications regarding evaluation metrics (n = 49)

4. Conclusion

In this paper we provide a comprehensive overview and comparison of datasets suitable for the development
of ML applications in the manufacturing sector as well as corresponding metrics for effective performance
evaluation of classification problems. The identified use cases include predictive maintenance, condition
monitoring, process monitoring, predictive quality, quality inspection and process parameter optimization.
The analysis has the aim of stimulating research in this field as well as to promote the use of public datasets
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for evaluation. This is required to compare the performance of different approaches objectively in research,
which is often not possible due to the use of proprietary datasets that are not shared because of data privacy
concerns. Further, manufacturing companies can employ the public datasets in the development of
algorithms for their specific facilities and gain practical knowledge and experience in the process [4].
Additionally, we showed that a large part of the analysed studies solely use accuracy for performance
evaluation of classification problems, which may not be expressive enough in all use cases. As an
opportunity for future work, it would be of interest to identify or create datasets, corresponding tasks and
metrics that can serve as a standard benchmark for certain use cases in manufacturing, comparable to other
industry areas such as autonomous driving.
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