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ABSTRACT

To accurately simulate the behavior of intricate mechanical systems and processes,
supervised machine learning (ML) models need a large amount of training data.
Since real-world experiments or suitable simulations are costly, time-consuming, or
incident-related, it is imperative that sample data be acquired efficiently. Data is
often gathered in mechanical engineering and production using recognized Design
of Experiments (DOE) techniques. At the same time, Active Learning (AL), which
promises to reduce data, is becoming more and more popular in the academic
community but is seldom used in business. In order to get better predictive
outcomes with fewer samples on regression problems, we compare the most
popular data sampling techniques with AL in this work. Regardless of their
disparate criteria, we provide a unique assessment framework that enables the
controlled and objective comparison of diverse sampling techniques. By examining
the sample efficiency, stability, and prediction accuracy of the resultant machine
learning models, we assess whether AL or DOE approaches should be used for the
job of data creation using three illustrative use cases (UCs). For engineers and data
scientists who need very effective data collecting for subsequent ML application,
this article offers helpful advice.

KEYWORDS: additive manufacturing, machine learning, design of experiments, data
generation

INTRODUCTION

The availability of open source frameworks has made training and implementing
ML (Machine Learning) models much simpler. As a consequence, sophisticated
machine learning algorithms are actively used in a variety of fields. The availability
of data is still one of the major obstacles to entrance in the field of machine
learning. Finding domain-specific data sets may be quite challenging. Numerous
top businesses, like Google and Facebook, focus on gathering and making money
from the data [1-5]. In order to get a competitive advantage, businesses in the
mechanical engineering and manufacturing sectors work to enhance their product
design and production procedures by using accessible data and cutting-edge
analytics technologies. Numerous real-world applications, including approximating
complicated systems, accelerating and improving simulations, topology-
optimization, and energy management, are covered by currently available machine
learning methods [6-11]. However, solving a particular issue often requires
gathering training data first, which entails conducting several expensive and time-
consuming experiments on actual machinery or simulated surroundings.
Furthermore, because the data must be provided in a certain quality and variability,
a huge amount of data does not always ensure the project's success. The degree of
adoption among manufacturing organizations is still low since it is difficult to

foresee the results, associated expenses, and necessary capabilities of a real-world
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experiment [12-17]. All of this makes it difficult to adopt ML solutions in the
setting of intricate production systems and procedures. To guarantee the success of
the whole project, it is crucial to choose an ideal data creation approach that is
particularly appropriate for the planned ML solution. Making an informed choice
on how to produce the necessary data for a particular UC (Use Case) might be
difficult. It is uncertain if and to what extent AL (Active Learning) may improve
performance over a conventional well-planned DOE since the majority of AL
(Active Learning) research use random sampling as the performance baseline [18—
24]. To the best of our knowledge, no research has been done that explicitly
compares DOE with AL approaches in the context of mechanical engineering and
production. In this work, we directly compare the random data generation, Query-
by-Committee (QBC) sampling from the AL region, and Latin Hypercube
Sampling (LHS), a popular DOE technique, to fill these research gaps. In order to
do this, we create a unique assessment framework that enables a controlled, bias-
free direct comparison of DOE and AL approaches [25-33]. We make sure the
outcomes are relevant for

mechanical engineering and production jobs by using suitable UCs with varying
degrees of complexity. Sample efficiency, result stability, and attained prediction
accuracy of machine learning models trained on the produced data are used to
assess the applicability of all data production techniques [34-41]. LGBM (Light
Gradient Boosting Machine), which is based on regression trees, and bagging, a
technique to improve prediction performance by merging several ML models, are
used in the assessment. Both methods are well-known and often used in several
fields of machine learning. When choosing data generating methodologies for
machine learning projects in mechanical engineering and manufacturing, engineers
and data scientists may use the findings as a useful guidance [42-49].

2.0 BACKGROUND

The most recent approaches to data creation and AL techniques as a branch of
machine learning are reviewed and summarized in this section.

Data Generation Approaches

1)n [57-63].

It takes a lot of samples with enough variation to use supervised machine learning
models for complex system prediction. A actual procedure or a realistic simulation
must be carried out and observed in order to generate a labeled sample [50-56].
DOE research suggests a number of techniques for selecting samples to be labeled,
which are popular because of their ease of use or adaptability and are explained as
follows:

Completely randomized designs: These designs randomly allocate a value to every
feature. It was introduced in 1964 and is a simple method. While random sampling
performs well for high sample counts, small sample sizes are not always well-
spread. As one performance benchmark for our evaluation, Figure 1 shows sample
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distributions for random sampling, which is simple to execute.

2) Block designs that are random: Completely randomized designs are expanded
upon by randomized block designs. The fundamental idea is to divide each feature's
value space into homogenous blocks and then randomly sample each block. A
random-ordered uniform distribution with extra noise results from the uniform
distribution of the selected samples among the designated blocks [64—71]. Latin
Hypercube Sampling (LHS) is a popular method that combines the homogenous
space-filling of classical designs with the scalability of random sampling. Examples
of LHS distributions are shown in Figure 1. LHS produced n cubes of equal
probability if we divided each dimension of a k-dimensional experimental area D
into n uniform blocks [72—76].

Randor Sarmpling Random Sarmpling

Latin Hypercube Sampling Latin Hypercube Sumpling

Fig. 1: Two-dimensional random and LHS, n=10.

Full factorial designs: Full factorial designs are com- mon sampling designs where
all features are
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each set to a predetermined number of | levels. Two-level designs (I = 2), where
each feature may have a high or low value, are popular options, at least in
engineering. For each of the k characteristics, a complete factorial design generates
every conceivable combination of the available values. This results in | experiment
runs for n features with | levels each. Keep in mind that complete factorial designs
produce 2187 samples even for seven attributes with only three levels (low, mid,
and high). Experiments with more characteristics are not appropriate due to the
exponential increase, particularly when the cost per trial is considerable [77-81].

2) Fractional factorial designs: "A factorial experiment in which only an adequately
chosen fraction of the treatment combinations required for the complete factorial
experiment is selected to be run" is the definition of a fractional factorial design. By
using just a portion of them, the trial runs produced by a complete factorial design
are decreased [1-7]. The choice of which components of the experiment to retain
will determine the method's success. Simple methods choose fractions like, etc. and
usually provide satisfactory findings 24 when the selected trial runs are balanced
and orthogonal. A fractional design lowers the number of runs by the selected
denominator d to 1 = 1*n for the complete factorial example above, which has n
features with | levels each [8-13].

3) Response surface designs: According to projects, traditional designs such as
Central Composite Design (CCD) and Box-Behnken Design (BBD) [18] are mostly
used for physical investigations because they choose a limited number of evenly
distributed samples from the feature space. A sample selection of BBD and CCD
for three characteristics is shown in Figure 2. As shown in, the number of samples
in these traditional designs is set and directly correlated with the experiment's
feature count (n). BBD generates 13 samples organized in a sphere given three (n =
3) dimensions. Every sample is located on the boundaries of the experimental area,
with the exception of the center point. For n = 3, CCD generates 15 samples that are
arranged as a collection of "star points" around a single center point (see Figure 2)
[14-19].

Fig. 2: Left: BBD with one center point. Right: CCD with star
points aligned around the center.

Active Learning
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AL algorithms are used in cremental query learning, which is a subfield of machine
learning that consists of two parts: a training algorithm, usually an ML model, and a
query algorithm. The primary idea is that if the training algorithm can choose the
samples using the query algorithm, it will be able to learn more with fewer
examples. A typical AL loop is shown in Figure 3, where the primary objective is to
train an ML model as efficiently as possible with the fewest feasible data. From the
unlabeled train set U, the AL algorithm chooses one or more samples (step size),
and an oracle provides the corresponding label for further training the ML model or
models. The collection of all feasible feature value combinations for n features is
the feature space X: X = {(X) | X is an acceptable feature combination}. Keep in
mind that X may have an endless number of entries since it is continuous. In the
context of AL, we also refer to the finite subset P + X as a pool. Additionally, the
subset of P with known labels is called the labeled train set L: L={p <P|
labelofpisknown}.U = P \ L is the definition of the unlabeled train set U. The oracle
shown in Figure 3 may be a simulation (e.g., of a production process), a real-world
process, or a human annotator [20]. An AL approach actively expands its train set,
which is the primary distinction from the statistical DOE discussed in Section I1-A
[20-28]. It is anticipated that each subsequent sample added to the train set would
optimize the learning impact. This method chooses the instance from U where the
prediction made by the underlying machine learning model is least confident. There
are several different query algorithms, the two most

Uncertainty sampling and Query-By-Committee (QBC) are popular and widely
utilized techniques [21]. Since uncertainty sampling is only useful when a
probabilistic machine learning model is used, we do not include it into our work.
The committee C = {01,... , 6C } in the QBC technique was trained on the labeled
data set L. The maximum disagreement principle is used to choose the subsequent
sample. For each available x € U, every committee member 0i € C predicts a label;
the sample with the greatest discrepancy in expected labels is chosen. As shown in
Figure 4 [29-34], this method necessitates that the committee members 0i have
distinct hypotheses. QBC concentrates on contentious areas in the unlabeled train
set U, questions that sample x € U with the most disagreement, and enhances all
committee C members by including x while re-fitting these. When compared to
other methods, QBC is said to regularly provide positive outcomes [23].
Furthermore, QBC has several Python implementations and is now one of the best-
documented and implemented AL algorithms [35-41].
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Fig. 3: The AL algorithm repeatedly selects samples, an oracle
labels these, and its results improve the ML model(s).
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binary classifiers, which are all consistent with the labeled
training data £ [20].

3.0 RELATED WORK
DOE Applications in Machine Learning

Numerous computationally costly methods can be used more easily thanks to DOE.
The use of DOE for algorithm-tuning is a major focus of the study. Using an
example of a block relocation job in container terminal logistics, Caserta and VVoss
refine a suggested Corridor Method algorithm using Response Surface
Methodology (RSM). Finding parameter values for algorithms whose performance
relies on employing non-obvious combinations of values may be accomplished
effectively by combining Factorial Experimental Design with a local search
technique. The DOE appropriateness for optimizing algorithms on an ant colony
system for the traveling salesman issue example was shown using Response
Surface Experimental Design. Numerous studies demonstrate that using DOE in the
parameter-tuning process of machine learning algorithms may provide outstanding
results at affordable computing costs [1-17].

From feature selection for training predictive models to behavior studies of neural
networks in the context of reinforcement learning, DOE turns out to be an
appropriate tool for addressing a variety of ML application difficulties.
Consequently, DOE is a customized tool for producing training data while building
machine learning models [18-27].
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Data Generation in Machine Learning

Data generation for ML model training may be done in a number of ways. Simple
random sampling is often used to produce data. For example, Moiz et al. create data
for a behavior approximation of a heavy-duty engine simulation using an ML model
using random sampling techniques. Nonetheless, it is generally believed that DOE
and active learning techniques can provide improved performance with less training
data needed for practical machine learning applications [28—36].

In order to train deep neural networks for the optimization of the composite textile
draping process, Pfrommer et al. anticipate that the amount of training data needed
may be reduced with the use of DOE techniques. Probst et al. train predictive
models on a complicated computational fluid dynamics (CFD) simulation by
mapping its input-output parameters using optimum Latin hypercube DOE. To sum
up, there are now a number of approaches to generate data for later ML model
training, but there isn't much practical advice on which approach to use in what
circumstances [37—43].

4.0 DEVELOPING AN EVALUATION FRAMEWORK

Our studies' main objective is to compare AL with two traditional DOE techniques:
random sampling and LHS. Only when an AL approach regularly beats well-
designed DOE methods without previous tweaking and trial runs can it be deemed
production-ready [44-49].

TABLE I: Data requirements of the compared data generation strategies and solutions
proposed in our evaluation framework.

Strategy Required input data Framework solution
Random sampling Continuous GT™M
LHS Continuous GT™M
QBC Discrete and finite Create pool P via GTM

Input Data Requirements

The data requirements for random sampling, LHS, and QBC are listed in Table 1.
Since real-world data sets don't fit these criteria for LHS or random sampling, we
provide an evaluation framework with fixes. This structure, which is explained in
the following [50-54], also offers a suitable data base for QBC.

Since both LHS and random sampling choose samples straight from a continuous
feature space, they cannot be used directly to preexisting data sets. It is necessary to
have an oracle that can label data live, encompassing not just the current data points
in a particular data set but also continually all potential samples within that data
set's range. For this stage, actual experiments or an appropriate simulation may
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usually be employed. However, it is uncommon to find simulations with sufficient
complexity and performance right out of the box, and utilizing a real machine
severely restricts the speed of validation and greatly increases the work and expense
[55-61].

In order to get around this problem, we use the input real-world data set to fit a
ground truth model (GTM), which then acts as an oracle. Within the training
observation boundaries, a well-trained GTM may generalize throughout continuous
feature space and approximate relationships in the original data set. The use of
random sampling and LHS is made possible by this GTM, which not only replicates
labels for samples from the original data set but also labels any sample in the whole
continuous feature space of the original data. Any sampling technique that calls for
a continuous feature space is satisfied by this method [62—69].

Because the third approach, QBC, needs a limited pool of unlabeled samples to
iterate over in order to choose the next training samples, it cannot be utilized
directly with GTM (cf. Section I1-B). The input data set used for GTM training may
be utilized by any technique that samples from a discrete finite pool. Due to the
following disadvantages, we do not adopt this strategy. First, the number of
possible train samples is greatly decreased by dividing the data set into train and
test sets [70-76].

However, using the whole pool U for testing biases the outcome since U eventually
becomes smaller and only includes samples with the least amount of information
gain. Secondly, no claims can be made for any set of input data. It may (i) have
very unevenly distributed samples (bias), (ii) be excessively large, making it
difficult to choose a relevant subsampling, or (iii) be complicated, making it
difficult to select a bootstrap train set. Third, there is often little to no previous data
available when doing tests on an actual physical system. An essential component of
using AL in practical applications is understanding how to initiate learning for AL
techniques in the most effective manner. As a result, a strong validation schema for
active learning should provide a high degree of flexibility and control over the
creation of test and training data sets. The aforementioned issues are avoided by our
validation method, which also permits flexible data collecting [77-81].

Incremental Evaluation

The comparison of data generating techniques is shown in Figure 5. We break it up
into four stages, which are described below:

1) GTM fitting: This stage entails using a selected input data set to train an ML
model. Data preparation, hyperopia remoter tuning of the ML model, prediction
accuracy validation, and storing the trained GTM for later use as an oracle are all
included in this stage, which calls for a certain level of data science expertise [1-4].

2) Data generation: Selecting the sample with the greatest information gain ensures
a better learning curve, therefore each iteration step from m = m + 1 is critical. By
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choosing samples to be labeled, Figure 6 shows how the various sampling
techniques expand their train set. The input consists of a collection of size m
samples that represent the samples that are currently known, together with their
labels. Within the predetermined feature space X, the random technique produces a
single random sample that is statistically independent of any previous choices. As a
consequence, a set of m + 1 samples is produced, which includes the newly chosen
sample together with all of the previous m samples [5-9].

From the feature space X, LHS creates a set of a specified that cannot be expanded
or modified in the future. As a result, in our trials, LHS separately generates a new
sample of size m + 1 and discards the input of m samples. This implies that it is not
feasible to extend an existing data set created using LHS iteratively for real-world
applications, and the number of trials to be carried out must be determined in
advance. Despite this, there are application scenarios where the number of tests is
predetermined due to financial or time restrictions, which makes it pertinent to our
research. Since only the ultimate performance matters in this situation, random
sampling, LHS, and AL are seen as equally valid possibilities in the process. If an
LHS performs well for the predetermined number of trials, then choosing it over
alternative extensible data production procedures is justifiable [10-16].

Using the input of m samples, the third technique (AL) chooses the next sample
from unlabeled set U that its committee members disagree on the most. Every
committee member 0 € C is allowed to make a prediction for each of the remaining
unlabeled data u € U. The standard deviation of these predictions is computed by
the function s(01(u), 62(u),... The sample u with the highest standard deviation is
chosen because it shows the greatest degree of disagreement among committee
members. The outcome is a collection of m+1 samples that includes one extra
sample based on greatest disagreement in addition to the previous m samples [17—
26].

3) Develop and verify machine learning models: To cover the whole input feature
space and accurately assess the performance of predictive models built during the
assessment, LHS creates a single test set of suitable size. The prediction models are
trained using train data sets that are labeled by the GTM and sampled using random
sampling, LHS, and AL. For all comparative sampling techniques, the impact of
each increase in train set size is verified on the test set. This makes it possible to
compare the sample efficiency, stability, and prediction accuracy of trained models
directly between random sampling, LHS, and AL [27-33].
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Fig. 5: We fit a GTM on a data set and use it to label samples requested by QBC,
random and LHS. These grow with an increasing m and yield a validation plot. The
entire procedure can be repeated multiple times (cross-validation) [67-73].

EXPERIMENTS

The assessment framework we created in the previous part is expanded upon in this
section, which also carries out the required actions and analyzes the outcomes.

A. Evaluation data sets

Validation UCs are chosen based on two primary criteria: on the one hand, the
assessment framework needs a labeled data set for GTM fitting. In contrast, this
work focuses on different sampling strategies for regression problems while

modeling intricate mechanical engineering systems and processes. The chosen UCs
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are based on data sets regarding complicated mechanical systems that are accessible
to the public.

1) The Pumadyn series of data sets is created by modeling the dynamics of a Puma
560 robot arm. A robotic manipulator is confidently described by using simulation.
Pumadyn data sets range in complexity from linear to non-linear interactions with
different noise levels.

in the signals that were measured. The data set makes it possible to forecast the
angular acceleration of one of the robot's arm links and learn the dynamic model of
the robotic arm. This study uses the Pumadn-8nm and Pumadn-32nm data sets from
the specified family. Pumadyn-8nm has one goal variable (angle acceleration of
joint 3) and eight input characteristics (angle locations of three links, angle
velocities of three links, torque at the first two joints). There are 8192 distinct
observations in all. With the same number of observations and angle acceleration of
joint 6 as a target variable, Pumadyn-32nm provides 32 input features (angle
positions of links 1 to 6, angel velocities of links 1 to 6, torques at joints 1 to 5,
change in mass of links 1 to 5, change in length of links 1 to 5, change on viscous
friction of links 1 to 5). There is a moderate amount of noise in both extremely non-
linear data sets.

2) The Electric Motor Temperature data set provides 36475 distinct sensor readings
from a permanent magnet synchronous motor produced on a test bench. The
gathered information is used to forecast the permanent magnet's surface temperature
using the ambient temperature, coolant temperature, motor voltage, current, speed,
and torque.

Machine Learning Models

In this study, we use two well-known ML gradient boosting algorithms: LightGBM
(LGBM) and Extreme Gradient Boosting (XGBoost). Gradient boosting is a potent
machine learning approach that achieves state-of-the-art outcomes in a range of
real-world tasks while being sample-efficient and quite simple to use. The gradient
boosting class of machine tree-based learning algorithms includes both XGBoost
and LGBM. To address the shortcomings of each individual learning model, the
gradient boosting approach uses the data set to train several combined learning
models. These are referred to as "weak™ learning models since they often fall short
of achieving more accuracy on their own. Every new learning model concentrates
on target values that were previously mispredicted. Several "weak" learning models'
predictions serve as the foundation for the final forecast. Accuracy may rise
dramatically as a result. We also examine how bagging several predictive models
enhances overall performance for various sample procedures. By repeatedly
executing an existing regression model on a batch of resampled data and averaging
the results, bagging may enhance performance. Bagging is a useful technique for
improving decision-tree-based algorithms' performance from one angle and can
provide some benefits when combined with QBC sampling techniques, making it a
suitable complement to our experimental setup.
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Training and Validation of GTMs

Because of the great prediction accuracy attained across all three data sets,
XGBoost models [46] are employed for GTM. The TPOT library [47], which uses
evolutionary algorithms to obtain near-optimal model parameters within a user-
defined range, is used to do model tweaking for each data set. Ten-fold cross-
validation (CV) is used to validate each model. The data collection is divided into
10 equal portions and scrambled during validation. The remaining nine parts are
utilized for training, and each component is used once to validate prediction
accuracy against actual labels. Ten iterations, known as CV folds, are carried out in
total. For each CV fold, the explained variance score is used to assess prediction
accuracy. The ultimate performance parameter of a trained GTM is the average
explained variance score over all 10 CV folds. A 95.6% explained variance score is
attained by a tuned GTM trained on the Pumadyn-8nm data set. Figure 7a shows its
forecast accuracy. The y-axis shows anticipated values for the identical input
parameters as determined by CV, whereas the x-axis shows actual values. Since it
denotes a perfect match between the expected and actual values, the ideal prediction
is located on a line that is slanted 45 degrees toward both axes. Figure 7b shows the
prediction accuracy of the tuned GTM trained on the Pumadyn-32nm data set. It
receives a 91.7% explained variance score. Figure 7c shows the tuned GTM trained
on the Electric Motor Temperature data set, which has an explained variance score
of 96.4%. High explained variance scores and visualized prediction performances
demonstrate how effectively tailored GTMs approximate relationships in original
data sets. Full-sized data sets with thousands of observations are used to train all
three GTM models. The next stage is to look at data sampling techniques that make
it possible to use machine learning to discover dependencies in the data in the most
sample-efficient manner.

Input Randomly select sample \\ Random
m samples = (m#1) # 2> | [m+7samples
(x() My e ' X EV Y 4 (x'1 x(m+1))
Input A N LHS
; Generate new, independent hypercube of size m+1 : |
TN i WO, D) = LHS@,m+ 1) ke
(A GLATAO x'™) e & (x"\V, .. xImrl))
Input Select sample from unlabeled data for which Y \ AL
T ORITOIGE ' . committee members disagree most @ T SAIOIoS
o P () o | xmD = arg max s({8(u) | 0 € C)) ) P b1
(X175 0043 xX") e X el (X)%40043 X )

Fig. 6: Given m samples, the sampling strategies create m + 1 samples differently. Random extends the given set by one
random sample. LHS creates, independent from the given samples, a fresh set of m + 1. QBC lets all committee members
predict targets for all still unlabeled samples I and selects that with highest disagreement to extend the given m samples.

Comparison of Data Generation Strategies

In order to compare data creation techniques, we establish the following crucial
criteria:

* Prediction accuracy of machine learning models trained on the provided data; all
assessment scenarios include regression tasks. Since explained variance (R2) score
intuitively illustrates how effectively a particular machine learning model captures
underlying dependencies in the data (100% = absolute correctness, 0% = no
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relationships learnt), we have chosen it as a performance indicator.

*Sample efficiency: when the size of the train set increases, the rate of prediction
accuracy increases.

The reproducibility of the observed prediction accuracy for the specified number of
samples throughout several iterations is known as stability of results. The standard
deviation of the observed prediction accuracy for the specified train size, which is
obtained across several iterations, is used to reverse the findings' stability. On the
three selected UCs, random sampling, LHS, and QBC approaches are contrasted.
Two data creation procedures are used to build an initial training data set L: LHS
generates an experimental design of the same size, and random sampling selects m
random points inside the valid feature space. A GTM labels those spots. Both initial
data sets are used to train identical LGBM models. A different testing data set T of
size t is used to assess the performance of trained models. It spans the same
predetermined feature space range and integrates LHS design. To guarantee
accurate and consistent assessment of the prediction performance for every
experiment, the same testing data set is utilized for every validation run of the UC
under consideration. In addition to an initial train set, the QBC sampling strategy
needs an unlabeled pool of data U of size | from which fresh observations may be
chosen. LHS design is used to produce pool set U and first QBC train set L.
Bootstrapped portions of the training data are used to train a committee made up of
three LGBM models. The validation cycle is then repeated once the original data
sets are expanded with an extra k data points. The validation configuration for each
validation UC is detailed in Table II.

TABLE II: Configuration of Training Setups

Validation UC I.nitila_.l train Il’_nol set ':Ts_t-:p '.ljcst set |
set size m size { size K size
Pumadyn-32nm | 100 400 3 2000
Pumadyn-%nm | 50 400 E] 2000
ETM UC 50 400 3 2000

The main difference between experiments on different sampling techniques is the
way new points are chosen. For random sampling corresponding training data set is
repeatedly augmented with three randomly generated points within the defined
feature space. It is important to note, that LHS excludes the possibility to
subsequently refine an existing data set. For every required data size, a completely
new train set is generated. It provides a solid baseline towards what prediction
performance can be achieved with more sophisticated sampling methods, provided
the training size is chosen and data is generated in one iteration only. In the case of
QBC, a trained committee decides at each step which next observation points from
the pool data set to label with GTM and include to the training data set. Apart from
the training a LGBM model, we use a bagging predictive model consisting of three
LGBM

models. A bagging predictive model can work particularly well while combined
with a QBC sampling strategy based on a committee with equal compositions [45].
The experiment results are averaged over 30 independent runs for every setup
(GTMs for three predictive tasks, three sampling techniques and two predictive
13 Torquecore Publications
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models) including iterations from initial train set size to the final training size.

(c) Predicted vs. Real surface temperature
(a) Predicted vs. Real angle acceleration (b) Predicted vs. Real angle acceleration of permanent magnet, Electric Motor Tem-
of joint 3, Pumadyn-8nm data set. of joint 6, Pumadyn-32nm data set. perature data set.

Fig. 7: CV Results for GTMs.

RESULTS

Figure 8 displays the assessment results for two ML models and all three validation
UCs. These graphics make it possible to evaluate different sampling techniques
using three predetermined comparison criteria:

* Prediction accuracy is represented by points on learning curves that are shown as
solid lines.

* The steepness of a particular learning curve is known as sample efficiency.

The standard deviation of the observed accuracy values for the specified number of
training samples, shown as the filled area around the specified learning curve, may
be used to assess the stability of the findings. Random sampling has the largest
deviation range across experimental runs for both the single LGBM model and the
bagging model for the Pumadyn-32nm validation UC (Figures 8al and 8a2). If a
single LGBM model is trained, the QBC sampling strategy performs on par with or
somewhat better than both random sampling and LHS. Additionally, the bagging
model in conjunction with QBC clearly outperforms all other methods of data
sampling. It has a better final explained variance score, smaller prediction
performance variations across validation runs, and a sharper gain in prediction
accuracy with increasing train set size. The effectiveness of three data sampling
techniques is then examined on a Pumadyn-8nm UC.

Figures 8b1 and 8b2 are almost identical to the earlier UC learning patterns. Both
QBC and LHS outperform random sampling when using a single LGBM model in
terms of prediction performance and result stability at modest training sample
numbers. However, as compared to other sampling techniques, larger QBC-sampled
training data results in a little decline in prediction performance. On the other hand,
the bagging model in conjunction with the QBC sampling technique significantly
beats all other approaches. Similar results are obtained from the experiment using
the Electric Motor Temperature data set. Figures 8cl and 8c2 show related learning
curves. While QBC sampling may provide more consistent prediction performance
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than random sampling alone when using a single LGBM model, bagging models
learn more quickly and steadily when using QBC.

(al) Model: LGBM Regressor. (b1) Model: LGBM Regressor. (c1) Model: LGBM Regressor.
(a2) Model: Bagging. (b2) Model: Bagging. (c2) Model: Bagging.
(a) Validation UC: Pumadyn-32nm. (b) Validation UC: Pumadyn-8nm (c) Validation UC: EMT.

Fig. 8: Performance of random, LHS and AL Samplings over Three Validation UC

CONCLUSION

While planning data collection experiments in the fields of mechanical engineering
and manufacturing, we took into consideration the issue of AL preparedness for
practical applications on an example of QBC sampling. We examined how QBC
techniques may support data-driven approximations of complicated mechanical
systems in relation to both an established DOE approach, LHS, and the traditional
AL baseline, random sampling. Given that DOE is an industry-wide standard for
organizing and carrying out data-collection experiments, this is especially pertinent
for industrial applications. This document provides useful guidance for selecting
data sampling techniques for certain investigations. We noted that due of possible
bias induced during the initial data collection, utilizing existing data sets for the
validation of new AL algorithms might provide findings that are deceptive.
Additionally, it prevents direct comparisons with other sampling methods like
DOE, which primarily put data points in the observation space on their own. By
introducing GTMSs, which are trained on validation data sets, we suggested a low-
effort, sampling-agnostic validation method devoid of the aforementioned biases.
To examine the effectiveness and stability of the random, LHS, and QBC sampling
techniques, three validation UCs were created. We demonstrated that the ultimate
outcomes for all three approaches are equivalent when a large number of trials are
conducted. If the expenses of the experiment are very minimal, then simple random
sampling is justifiable. LHS or AL turn out to be a superior option when there are
fewer experiments available. For every prediction model and sample size taken into
consideration, LHS produces strong outcomes in terms of prediction accuracy and
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stability. The number of trials to conduct must be decided very early in the planning
process since LHS necessitates establishing the sample count a priori. If specific
requirements are satisfied, QBC has been shown to be the best option and provides
an incremental expansion of the train set. QBC is not appropriate for applications
with large data collecting costs since it requires tweaking and trial rounds to
provide satisfactory results for single prediction models. QBC is the most effective
and reliable data sample methodology without the need for tweaking if the machine
learning models meant to be applied to the gathered data are compatible with
ensembling methods like bagging, such as LGBM.
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