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Abstract: Monitoring tool wear is key for the optimization of manufacturing processes. To achieve
this, machine learning (ML) has provided mechanisms that work adequately on setups that measure
the cutting force of a tool through the use of force sensors. However, given the increased focus on
sustainability, i.e., in the context of reducing complexity, time and energy consumption required to
train ML algorithms on large datasets dictate the use of smaller samples for training. Herein, the
concepts of active learning (AL) and transfer learning (TL) are simultaneously studied concerning
their ability to meet the aforementioned objective. A method is presented which utilizes AL for
training ML models with less data and then it utilizes TL to further reduce the need for training
data when ML models are transferred from one industrial case to another. The method is tested and
verified upon an industrially relevant scenario to estimate the tool wear during the turning process
of two manufacturing companies. The results indicated that through the application of the AL and
TL methodologies, in both companies, it was possible to achieve high accuracy during the training
of the final model (1 and 0.93 for manufacturing companies B and A, respectively). Additionally,
reproducibility of the results has been tested to strengthen the outcomes of this study, resulting in a
small standard deviation of 0.031 in the performance metrics used to evaluate the models. Thus, the
novelty presented in this paper is the presentation of a straightforward approach to apply AL and TL
in the context of tool wear classification to reduce the dependency on large amounts of high-quality
data. The results show that the synergetic combination of AL with TL can reduce the need for data
required for training ML models for tool wear prediction.

Keywords: tool wear; active learning; transfer learning; data management

1. Introduction

Traditionally, tool wear monitoring has been a manual procedure. As detailed in [1],
one of the main traditional approaches to measuring tool wear is visually inspecting the
tool for signs of wear such as crater wear, flank wear and notch wear. Microscopes have
also been used to extract precise measurements of wear patterns on the tool, which has
allowed for a detailed examination of the tool’s surface [2]. However, such traditional
techniques often rely on human expertise, making them time-consuming and potentially
less reliable and limited in terms of precision [2,3].

Monitoring tool wear levels indirectly has been an active research objective in recent
years, implicating many different sensors and machine learning methods [1–4]. However,
it is not straightforward, since information is concealed well in the signals, rendering the
uncertainty in monitoring high [5]. Various methodologies for this exist, involving statistical
measures [6], multimodal inputs [7], deep networks [8] and intense image processing [9].
These procedures can be enriched with various types of physics models [10,11], or even
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take into account accumulative information [12]. Computational techniques seem to be of
great added value to this prediction procedure [13], as they provide insights into where the
information lies. Despite all the above, tool wear monitoring is still open.

The use of ML algorithms towards classifying or predicting tool wear in cutting oper-
ations has significantly increased. In [14], the performance of six ML and deep learning
algorithms was tested to identify the best performer in predicting the cutting tool’s con-
dition in milling operations. In [15], time-series images were used along with CNNs to
predict tool wear in machining processes. Lastly, in [16], ML algorithms were tested to
classify tool wear in milling-based operations using the cutting force and current signals.

The type of machining process is crucial to the way the signals are produced. In
general, the contact of the cutting tool is that which produces these signals. Depending on
the process and the number of cutting edges, the force evolution may be different.

The tool wear itself is also a complicated phenomenon. In general, there are two main
types of tool wear—crater, which occurs when material from the tool is displaced and
forms a crater on the tool’s edge, and flank wear, which occurs on the flank of the cutting
tool (Figure 1) [17].
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ration are also depicted (Fυ and Fn, components for parallel and perpendicular to cutting speed υ,
respectively).

In addition to the machine configuration adding to the complexity of the signals
retrieved, uncertainties obscure the mechanism that information related to wear is hiding
within the signals. These are related to parameters’ local (spatially or temporally) differen-
tiations, which may occur due to randomness in previous manufacturing stages or intrinsic
to the material. These uncertainties can be related to material property differentiations [18],
process parameter variations [19], machine-related uncertainties, the transmission of signals
and the sensors’ capabilities. Additional variations are those of measurements [20,21] as
well as microstructure [22]. All these add up, resulting in distortion of signals.

The main measurements involve cutting force estimation, and relevant quantities,
such as electric current [23]. Fused data from different sensors have also been used to the
same end [24]. This is because tool wear changes the interface between the tool and the
part, changing the dynamics of the process. The process also affects the signals acquired.

The leading approaches in data-driven learning, such as deep learning, require huge
amounts of quality data to generate meaningful results. However, many domains do not
have access to such data because acquiring data is an expensive or time-consuming process
or both [25]. Data-driven AI methods have been introduced to several manufacturing
applications [4], enabled by the increasing degree of digitalization in manufacturing [26].
Several AI models for use in manufacturing applications are data hungry and acquiring
data for their development might be expensive or error prone [27].

In the meantime, digital twins emerge, including multidisciplinary tools, ranging from
machine learning [28] to systemic approaches [29]. This could help to respond to what-if
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scenarios, but also to more elaborate modelling techniques. Modelling is expected to be
the first step towards creating a nominal case and studying variations on top of it. This is
highly relevant to the concept of milling in an adaptive environment [30,31].

All this has led to a need for more and more data, so that elaborated models, such as
deep learning ones can achieve classification/regression without any overfitting. This is a
typical case in manufacturing, i.e., in batteries’ welding [32], for DED [33] and in digital
manufacturing in general [34]. In addition, inference has also been studied under the
context of tool wear [35]. This is expected to be achieved through statistical significance [36].

Simultaneously, the use of small data has been a global trend [37,38] and additionally,
the research in [39] is targeting the creation of neural networks of N classes from M < N
samples. The topic is related to the so-called data-efficient algorithms [25].

Transfer learning can also be useful [40,41] as well as pretraining [42]. In addition,
there are more focused techniques on limited data applications, like active learning [43]
(a technique partly applied also in tool wear detection [44]), while physics-informed tech-
niques [45,46] could be beneficial here, and more elaborated cases would require advanced
techniques, such as neural operators [47]. In [48], online active learning has been employed
for automated visual inspection, which has reduced the data labelling effort by 15% while
keeping an acceptable classification performance.

Federated learning [49] allows the sharing of data and models between companies
(Figure 2) to provide extra value to both of them, by allowing retraining of models locally
and retrieving more elaborated machine learning models. It could be considered as an
additional strategy attempting to reduce the data volume needed. However, generally in
decentralized systems, there are privacy concerns that should be tackled before applying
such a methodology [50]. Federated learning raises privacy concerns that include uninten-
tional data leakage and model reconstruction attacks as presented in [51], where differential
privacy and secure multi-party computation are suggested as a countermeasure. Addition-
ally, in [52], challenges in privacy that include inference and model extraction attacks are
documented and the countermeasures presented include several cryptographic methodolo-
gies, server cleaning and robust federated learning aggregation. Herein, a simplified direct
form of simple transfer learning is applied.
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Figure 2. Relationship between two different companies. Independent models for active learning case
(a) vs. shared data/models and transfer active learning case (b). The size of the data icon annotates
the size of the dataset, while the gear is a symbol of ML training.

In the current work, the amount of data required for tool wear monitoring for the case
of turning is studied in a two-fold way: firstly, active learning is investigated and then
model transfer from one company to another is studied. The combination of applying AL
and TL in the context of tool wear monitoring is unique.
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2. Materials and Methods

The overall method is presented in Figure 3. The first step involves AL individually at
each company, aiming at reducing the dataset size required for training the models. Figure 4
summarizes the procedure of AL. The idea behind this approach is straight forward; the
data which have an impact to the utmost extent are used, with a free parameter used to
control the percentage of uncertainty of data utilized. In principle, an ML model is trained
using a low amount of data. To reduce the dependency on large datasets, 30% or less of the
dataset is used for the initial training of the ML algorithm. The selection of 30% or less of
the dataset enables the ML model to capture the underlying structure and complexity of
the dataset, without using a large portion of it to reduce the computational time that would
have been required if a larger portion of it was used. This selection is made randomly to
ensure that no bias is introduced to the model during the initial training phase. To identify
which data points in a dataset have the most impact on the model’s performance, the model
evaluates itself on the remaining 70% of the dataset. With each classification performed
during the model evaluation, a percentage of uncertainty included in each classification
is calculated. Data points that could provide the greatest insight to the algorithm are
those of the ML algorithm that have a bigger than desired uncertainty in its performed
classification during the validation step. Through this process the algorithm is fed with the
most informative data points thus, reducing its dependency on low-value additional data.
To increase the robustness of the final model while avoiding overfitting, the uncertainty
threshold selected is 5%. When the individual classification uncertainty exceeds 5%, the
data are fed to the training set and the model is retrained. The uncertainty level of 5%
was selected to make sure that the model is provided with data whose uncertainty level,
during the evaluation step, is of high statistical importance. Increasing the threshold would
result in data points being omitted while they could provide meaningful information to
the model while lowering the threshold would provide the model with more data points,
which would increase the computational time during the retraining phase and potentially
increase overfitting since data points whose uncertainty is low may show similarities to
data points the model has been already been exposed to. Lastly, performance metrics are
calculated, for the initial model (without AL) as well as for the final model (with AL).
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In the second step of Figure 3, TL is applied from one company to another, using AL
at each one of them; to this end, TL on top of AL is applied. More specifically, AL is applied
in Company A and then the model is transferred to Company B, where AL is re-performed.
This is performed to prove that active and transfer learning can work synergistically. It is
noted that this has both business and technical implications, which are discussed hereafter;
however, for the sake of simplicity, they are not taken into consideration.

3. Pilot Case
3.1. Overview

To test and validate the method proposed, an industrially relevant pilot case has been
defined and executed. The pilot case considers two manufacturing companies, A and B.
For each company, a dataset with tool wear-related information has been defined. The data
included in both datasets were normalized and the min–max normalization method was
used. Both datasets follow the same format as depicted in Table 1.

Table 1. The structure of the datasets.

Force 1 (Fx) Force 2 (Fz) Tool Wear

value 1 value 2 low or 0 tool wear
value 3 value 4 low or 0 tool wear
value 5 value 6 middle or 0.1 tool wear
value 7 value 8 high or 0.3 tool wear
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The statistical pattern based on real data from the industry presented in the lit-
erature [5], is defined as Company A dataset. Since the axes of the diagram corre-
spond to measured forces Fa (Force 1) and Fb (Force 2), the generated values can be
on Fa + r1 = a(Fb + r2) + b, where r1,r2 are random numbers characterizing the deviation
(randomness) and a, b are real numbers defining the average linear tendency of the data.
Figure 5 displays a sample dataset, through statistical data generation. Data generation
was done using MATLAB (R2023a, MathWorks, Natick, MA, USA). The two forces are
components of the same force, as indicated in Figure 1. Regarding Company A, force
components were measured in the feed direction, in the radial direction and in the cutting
direction. The measurements were conducted using a dynamometer on a piezoelectric
measuring platform located on the tool holder. Additionally, a similar case of turning,
Company B dataset [50] has been considered, from real data, as well. The dataset has been
tested experimentally in [53] and it consists of single measurements of forces for different
process parameters and different tool wear levels. The forces correspond to different spatial
force components. Two of them are visualized in Figures 6 and 7 and it seems that it is not
clear what geometrical pattern the classes follow. For both companies, some indicative data
regarding the experimental setups are given in Table 2.
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Table 2. Experimental Setup Information.

Experimental Setup Company A [5] Company B [50,53]

Machine tool/Cutting parameters DMU/available in the documentation ROMI/Available in the thesis
Material Titanium alloy (TC4) AISI H13

Cutting Tool/Coating/Fluid Carbide/None/no HC/CVD/Yes
Sensor Spike sensory tool holder Kistler (more details in the thesis)

Placement of the sensor In the tool holder
(schematic in the documentation)

Attached to cutting tool
(schematic in the thesis)

Measurements Mean value (configuration of path and sampling
frequency can be found in the documentation)

Mean value of plateau in steady state
(schematic in the thesis)

3.2. Machine Learning

Initially, typical machine learning (ML) was applied to both Company A and Com-
pany B datasets. Several ML methods were applied, more specifically the Decision Tree
Classifier [54], the Support Vector Classifier [55], the Multi-Layer Perceptron Classifier [56]
and a Custom Sequential Model (CSM). Based on the results, the CSM was selected as it
outperformed the rest. The models were created in the Visual Studio Code source-editor
(version 1.77, Microsoft, Redmond, WA, USA), using Python (version 3.9.12, Python Soft-
ware Foundation, Beaverton, OR, USA) and its TensorFlow library (version 2.12, Google,
Mountain View, CA, USA). Its architecture is presented in Figure 8. It consists of:

• A Dense layer with 64 units and its activation function set to ‘elu’;
• A Dense layer with 32 units and its activation function set to ‘elu’;
• A Dense layer with 16 units and its activation function set to ‘elu’;
• A last Dense layer with 3 units and its activation function set to ‘softmax’;
• The CSM was trained using the following parameters:
• An 80–20% split between training and validation data;
• Batch size was set to 4;
• The Adam [57] optimizer was utilized;
• The learning rate was set at 0.0001;
• The ‘categorical_crossentropy’ loss function was used;
• The maximum epoch size was set to 50, and an early stopping function was de-

ployed to monitor the validation loss, with patience of 3 and the ability to restore the
best weights.
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To evaluate the performance of the CSM, four performance metrics have been utilized.
These include accuracy, precision, recall and F1 score. Accuracy represents the correctness of
the model. Precision quantifies the truly positive classification among all positive instances.
Recall identifies the truly negative identified classifications among all positive instances.
Lastly, the F1 score is the harmonic mean of precision and recall. They are calculated based
on the following equations (Equations (1), (2), (3), (4), respectively).

Accuracy =
TP + TN

TP + TN + FP + FN
, (1)

Precision =
TP

TP + FP
, (2)

Recall =
TP

TP + FN
, (3)

F1 score = 2 × Precision × Recall
Precision + Recall

, (4)

where

• TP: true positives;
• FP: false positives;
• FN: false negatives;
• TN: true negatives.

For Company A, whose dataset is balanced between the three classes as seen in
Figure 5, the CSM was trained with 480 data points and validated using 120 unique data
points. The model concluded training after the completion of 11 epochs. Similarly, the CSM
was trained with 229 data points from Company B, whose dataset is also balanced with a
similar amount of data points between classes as seen in Figure 6 and the rest 69 data points
were used for validation. The training of the model was concluded after the completion of
7 epochs. In Table 3, the performance of the models can be seen.

Table 3. CSM performance metrics on Company A data (480 data points used) and Company B data
(229 data points used).

Performance Metric CSM on Company A Data CSM on Company B Data

Accuracy 0.86 0.82
Precision 0.83 0.87

Recall 0.87 0.86
F1 score 0.85 0.83

3.3. Active Learning on Individual Datasets

The AL presented in Figure 4, was implemented on the CSMs and the performance
of the models was evaluated. Using Company A data, AL was utilized to reduce the data
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needed to train the model. The model was initially trained using 180 combinations of
Force 1 and Force 2 (30% of the dataset). The rest of the dataset (i.e., 420 combinations)
was used for the initial model’s validation to give the model the ability to retrain with
all possible data points whose classification uncertainty during validation exceeds the
5% threshold. After the validation, the model selected 30 additional data points from the
validation set (removed from the validation set and transferred to the training set). Thus,
it was ultimately trained using 210 combinations of Force 1 and Force 2. Similarly, the
Company B dataset was considered. Forces F_x and F_z were used in conjunction with
the tool wear. The tool wear could have the values 0, 0.1 or 0.3 (low, middle and high tool
wear). The CSM was initially trained using 30% of the data. This means that the initial
training was performed using 86 combinations of F_x and F_z. During the AL phase, the
model utilized 40 additional combinations of F_x and F_z for training. The final model
was trained with 126 combinations of forces (43.8% of the original dataset). The model was
then validated using the remaining 56.2% of the original dataset. The models’ performance
metrics can be found in Table 4.

Table 4. Performance metrics of CSM trained on Company A data and AL (210 data points used) and
Company B data and AL (126 data points used).

Performance Metric Company A Data Company B Data

Accuracy 0.92 1
Precision 0.85 1

Recall 0.92 1
F1 score 0.88 1

It is derived from the findings presented in Tables 3 and 4, that the introduction of AL
significantly reduces the amount of data required for training of the CSM. Furthermore,
an increase of 6.9% in the accuracy of the model when trained using Company A data is
possible with AL while using 56.25% less data. Similarly, when comparing the results after
the CSM has trained on Company B data using AL, a reduction of 45% on the amount of
data used for training is possible, with an 18% increase in accuracy. This is evident due
to the ability of the AL to select the most informative data points from each dataset for
training. Data points whose inclusion could negatively affect the model’s performance
are excluded.

3.4. Transfer Active Learning

Herein, the AL method presented before has been extended by considering transfer
learning (TL) between the CSMs of Company A and Company B. This was performed by
using the weights of the CSM trained on the Company A dataset to train the CSM with the
Company B dataset and vice versa.

In the first experiment, the CSM trained using AL was retrained using AL with 30% of
Company B data to develop a new CSM for Company B. A total of 86 combinations of F_x
and F_z forces were used for training, and the rest data points were used for validation.
The model selected 60 more data points. Thus, it was ultimately trained using 146 data
points. Similarly, TL was performed in the opposite direction, using the weights of the
CSM trained with Company B data to train the new CSM with Company A data using AL.
In the first experiment, the SCM trained using AL was retrained using AL with 30% of
Company A data. After the initial training, the model chose only 20 additional informative
combinations of Force 1 and Force 2. Thus, the final model was ultimately trained using
200 combinations of Force 1 and Force 2. The performance metrics of the new CSM for
Company A and B that have been trained by combining AL and TL is shown in Table 5.
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Table 5. Performance metrics of CSM trained with Company A data with AL and TL from CSM
trained with Company B data (trained using 200 data points) and Company B data with AL and TL
from CSM trained with Company A data (trained using 146 data points).

Performance Metric Company A Data Company B Data

Accuracy 0.93 1
Precision 0.86 1

Recall 0.93 1
F1 score 0.89 1

3.5. Results Summary

Overall, the application of AL in both Company A and Company B data has resulted
in an average increase in the models’ performance of approximately 1%. This increase,
while not significant, was possible, with an overall reduction of 60.6% reduction in required
data points. This signifies an immense potential towards reducing the computational load,
time and cost required to train ML models.

The goal of simultaneously using AL and TL is to further reduce the dependency on
large datasets for ML model training and improve the model’s accuracy. Such a case is
evident when performing AL with Company A data while using the weights of the CSM
trained on Company B data with AL. The model manages to select 10 fewer data points
during the AL process, a reduction of 4.7% of forces combinations used by the final model,
while achieving a marginally higher accuracy. Even though the higher accuracy achieved
is not high the reduction of 4.7% in data points used can be significant in the process of
reducing computational time and cost, especially in applications where the size of the
dataset is significantly higher. However, this contradicts the findings after performing
AL with Company B data while using the weights of the CSM trained on Company A
data with AL. In this case, although the model manages to achieve the same classification
performance as previously (without TL), it has used 20 more data points. This indicates an
overall 15.8% increase in required data to achieve a similar performance.

When applying TL from Company A to Company B data, the increase in the required
data for achieving similar performance can be attributed to the fact that the source and
target datasets show significant differences in the distribution of the data. Additionally, due
to the higher complexity of Company A data (as shown in Figures 5 and 6, the extracted
weights from a model trained on Company A data are of lower quality and can provide
less useful information to a model trained with Company B data. This poses a challenge to
the model to adapt to Company B data since the pre-acquired knowledge of the model is
not directly applicable. Thus, to overcome this challenge, more data points are required by
the method.

In addition, to study the coupling of TL with AL without common elements in between,
the training procedures of Section 3.3 for AL and Section 3.4 for AL/TL were reproduced,
reserving in all cases, several samples for new testing. These samples (30%) had not been
used for training or validation, as shown by the data portions illustration, in Figure 9. The
performance metrics of AL in Company B remained unchanged while using 122 data points.
Regarding the performance metrics of AL in Company A they remained mostly unchanged
while using 246 data points, in terms of accuracy the result on the testing set was 0.91,
precision was 0.92, the recall was 0.91 and the F1 score was 0.90. Lastly, data delineated
in Tables 3 and 4 represent the mean values of performance metrics obtained from both
the training and testing phases of the models, conducted with and without AL, over ten
iterations each. To also ensure the reproducibility of the results, some of the iterations
were conducted using regenerated Company A data using the equation discussed in the
literature [5]. In the case of using Company B data and AL, the performance metrics always
result in 1, while in the case of using Company A data and AL, the standard deviation of the
accuracy was 0.031. This was performed to evaluate the reproducibility of the methodology,
as the number of remaining test samples was low.
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4. Discussion

Transfer learning on top of active learning is feasible, and, in some cases, it can lead to
a reduction in the total amount of data required for training. In the case study presented in
this work, the transfer from Company A to B did not affect the performance of the CSM
model, while it enhanced it slightly in the case of transfer from Company B to A.

The area where the most misclassifications on Company A data were studied. As can
be seen in Figure 10, where a portion of the data used to validate the CSM’s performance
is depicted, most of the misclassifications occur in the area of middle tool wear. This can
be attributed to the underlying complexity of the data in the middle tool wear area when
dealing with a high number of generated Force 1 and Force 2 combinations (600 force
combinations in total). As depicted in Figure 10, point c is correctly classified as middle
tool wear, while point b is misclassified as high tool wear as opposed to the correct middle
tool wear label, while point d is misclassified as middle tool wear in contrast to the correct
high tool wear label. This behaviour is not evident for data points near point a and e
where the class differentiation (low and high tool wear respectively) is clearer. In addition,
as observed from the two cases, the behavior of the datasets in terms of classes is quite
different; in the case of company A, they are linear and non-separable, whilst in the case of
company B, they are non-linear but fully separable. Also, the curves that could be used as
threshold values for the two forces are non-linear. The differences can be seen in Figure 11.
This depiction does not represent the actual data used, but it is conceptual and symbolically
depicts the two differences that classes may appear to have. In any case, the two datasets
are real and have been found as open data in the literature described above, in the overview
of the pilot case.

As such, regarding the procedure of transfer learning, it is interesting to investigate in
both scenarios, from company A to company B and vice versa. This checks the feasibility
based on different criteria.

Furthermore, the results presented in this study affirm the belief that transfer learning
can indeed improve an active learning ML model. As shown in [58], where a theory of
transfer learning with applications to active learning is presented, and in [59,60], AL and
TL are implemented, where informative data points are identified and manually selected
through human intervention.

The presented approach is also characterized by its ease of reproducibility given its
straightforward nature. This is due to the automated nature of selecting the most informa-
tive data points for further training. In [58], the presented AL approach requires human
intervention to label new unlabeled data, which are then provided to the training set of the
model. Furthermore, the architecture of the AL pipeline allows for a predefined number
of unlabeled images to be labelled with human intervention as opposed to the approach
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presented in Section 2, where AL is not constrained. Nevertheless, the approach presented
in [58] highlights its potential for sample complexity reduction and efficiency gains. Similar
findings are also reported in [60]. However, it is worth pointing out that the approaches
discussed in the literature are focused on simplifying the labelling process of large datasets,
in contrast to the presented approach which aims at reducing the dependency on large
datasets, thus reducing the computational time and costs required for model training.
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Moreover, alternative methodologies in the context of tool wear classification have
been documented in literature which can potentially have similarly high accuracy to the
accuracy achieved through AL/TL. In [9], a methodology utilizing images generated from
sensor signals for tool degradation classification is presented. However, in contrast to
the presented approach where through smaller datasets, high classification accuracy is
achievable, the presented in [9] research utilized more than 20,000 images, resulting in a
significant time needed for image labelling and image processing. In a similar manner,
in [61], a CNN deep learning algorithm was used for tool wear classification using sensor
signals. While the classifier was not capable of achieving high accuracy, the research
signifies the computational burden that needed to be overcome during training due to the
large number of data points required. This is again in contrast to the AL/TL approach
presented, where computational time can be significantly reduced while retaining high
classification accuracy.

However, additional characteristics should be considered in real applications, since
sharing either models or data in the context of federated learning, is not straightforward.
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Business issues, such as treating data as assets, need to be taken into consideration, espe-
cially if profit and confidentiality are in the way. More digital technologies should then
be integrated, such as Blockchain and data encryption. This way, the network of engaged
businesses taking part in this active and transfer learning will increase, leading to a more
substantial final dataset. Also, the roles of the businesses in the network will determine the
type of access to them. Categories can then be formed, i.e., companies with access to the
model but not the data, partial access to the data and access to everything.

In addition, the value of a dataset [62] needs to be taken into consideration. This
is highly related to the volume of the dataset. As such, the policy of “least data” seems
promising towards creating high-value datasets.

Also, for the case of adding a slightly different process, such as milling, the procedure
of creating transfer active learning is much more complicated. So, in the case of a dataset
that can be quite complex in terms of predictability (Company C Dataset [63]), that has
also been used previously in the literature [64], force signals (or time series, equivalently)
constitute the force measurements. It is noted that taking simple metrics such as mean
square value, mean value, or standard deviation, the classes defined by the tool wear levels
are not separable in a straightforward way, at least in the context of utilizing the least data.
Additionally, the evolution of tool wear in time is not the same for each one of the inserts.

Given the two last statements, it appears that transfer active learning can be the basis
for knowledge building around similar applications, as it can be used to create a dataset that
will provide maximum separability while keeping the data volume low. This knowledge
could then be presented in alternative ways so that human operators can also participate in
the procedure thus achieving collaborative human–machine decision making. Additional
work is, nevertheless, expected towards this end.

5. Conclusions

In this study, an approach to utilizing a combination of AL and TL was presented.
AL using Company B data shows that high classification accuracy is achievable while
using 43.8% of the dataset. The implementation of active learning significantly reduces this
amount while maintaining high accuracy, resulting in a significant reduction in computa-
tional time and power required for model training while also reducing the dependency on
large amounts of data. Similarly, when using active learning with Company A data, the
data required to achieve above-average classification performance are 35% of the dataset.
However, due to the shallow nature of the NN model used and due to the linearity of
the data, it is worth noting that with a dataset with higher complexity, the required data
for achieving high classification accuracy could be higher, but this could be a topic of
future work.

Additionally in this study, it is shown that transfer learning will not always achieve the
desired results. This is indicative when performing transfer active learning from Company
A data to Company B data due to the increase in required Company B data during training
to achieve the same accuracy as that achieved when TL was solely deployed on Company
B data. However, it is evident that through the proposed approach of utilizing AL in
conjunction with TL, the dependency on large datasets can be significantly reduced.

The performance of machine learning alone, depending on the nature of the data, is
less than 90%. However, the introduction of AL may increase the performance, even by
far, especially if the dataset is of high value. Additionally, transfer learning combined with
active learning seems to benefit the network of the companies involved, as the combined
performance is even larger, resulting in a mean value of 95%.

Regarding future work, it would be highly interesting to compare classification from
different processes, possibly with different features from multimodal monitoring. For
instance, in the case of milling, additional signals could be utilized, beyond force. As
the application herein is rather narrow (especially in the sense that it regards point-like
measurements), it would be desired in the future to run this concept for a different case,
i.e., milling, and more than two stakeholders, so that the complexity of the case study
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is adequately large to act as a reference. Furthermore, it would be desirable to address
encryption and hiding knowledge on top of such applications, to ensure business added
value, while the integration of explainability would be extremely important, as extra
benefits would be added to this decision-making procedure.
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