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Abstract: Tool wear is one of the cost drivers in the manufacturing industry because it directly
affects the quality of the manufactured workpiece and production efficiency. Identifying the right
time to replace the cutting tool is a challenge. If the tool is replaced too soon, the production time
can be disrupted, causing unscheduled downtime. Conversely, if it is replaced too late, there will
be an additional cost to replace raw materials damaged by broken tools. Therefore, researchers
continue to develop tool condition monitoring (TCM) methods to analyze tool wear. A recent
popular method is machine vision with convolutional neural networks (CNN). The present
research aims to develop classification models that can categorize the image data of milling and
turning inserts into GO (suitable for use) and NO GO (not suitable for use). Two approaches are
selected for the modeling process, custom learning and transfer learning, with image data input
from smartphones and microscope cameras. The experimental results show that the best model is
the transfer learning approach using Inception-V3 architecture with a smartphone image. The
model reaches 92.2% accuracy, hence demonstrating a relatively good performance in determining
whether the tool is suitable for use or not.

Keywords: Tool condition monitoring, convolutional neural network, binary classification, milling
and turning tools.

Introduction

Tool wear refers to damage to the tool surface caused by constant direct contact between the tool and the
workpiece [1]. During the machining process, tool wear causes continuous changes in both variable pressure
and temperature, which negatively impact the geometric accuracy of the manufactured workpiece [2]. Based on
its relationship with the workpiece, tool wear can be categorized as a cost driver that has a direct effect on
product quality measurements such as surface finish and on production efficiency [3]. Finding the right time to
replace the machining tool through tool condition monitoring (TCM) is a challenge. If the tool is replaced too
soon, production time can be disrupted, increasing unscheduled downtime. However, if the tool is replaced too
late, there will be an additional cost to replace damaged raw materials caused by broken tools [4]. To avoid this,
TCM is carried out periodically.

The most widely applied method of TCM is the direct method, or through direct use. Here, the tool is said to be
unsuitable for use when the machining dimensions and surface roughness exceed the allowable tolerance; this
can only be determined by expert judgment. Therefore, an approach is needed to make it easier for operators
and practitioners to classify the degree of tool wear more objectively so that productivity and safety can be
guaranteed.

Industry 4.0 has brought changes to the use of machine learning technologies to replace regular TCM. These
technologies increase automation and improve communication between machines [5]. The methods used
include fuzzy logic, artificial neural networks (ANN), support vector machines (SVM), and Bayesian networks.
Most of the applications of these methods use raw signal data with feature extraction performed beforehand.
Mohanraj et al. [6] developed a TCM system in the end milling process using wavelet features and Hoelder’s
exponent to extract the features, which are then used as input for machine learning algorithms. Aghazadeh et
al. [1] used the feature data of cutting tools, obtained via spectral subtraction. Meanwhile, Zhang et al. [7]
determined features in the cutting force model and wavelet packet decomposition. These researchers analyzed
tools on the same machine, a milling machine, and analyzed the same object in the form of images obtained
from vibration signals. Although these three studies produced relatively good accuracy, the data used, in the
form of a vibration signal, has the potential to produce large errors generated by environmental noise [8].
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Additionally, during actual cutting, machining conditions are time-varying, especially for workpieces that have
complex geometries [9]. Thus, not all raw signals can be detected as data. This affects the data that will be used
as input for the condition of the tools. An undetected signal can cause low prediction accuracy, lead to
misinterpretation, and create difficulty in detecting the source of the error [7]. It has also been found that the
accuracy and generalizability of these methods are strongly influenced by hand-designed features that have
high subjectivity [10]. These limitations can be overcome with a convolutional neural network (CNN), which
has the ability to process raw data in order to undergo feature extraction, select, classify, and continue the
feature-learning process [11].

CNN is used to classify images as object detectors, including in the field of machining inspection, such as cutting
tool 1dentification [12] and surface roughness measurement [13]. This method is considered appropriate as part
of the TCM process because the tool wear detection process is a texture recognition rather than an object
recognition process. Wu et al. [14] developed a TCM model using CNN; the study used an input dataset in the
form of images taken using a digital microscope with a high precision level, resulting in an accuracy of 96.2%.
Bergs et al. [2] found that this method resulted in an accuracy of 95.6% for the test dataset of tool wear detection
on ball end mills, end mills, drills, and inserts, using a dataset of microscopic images of the tools for tool wear
detection.

Subsequently, research using CNN for TCM with data in the form of microscopic images was carried out by
Mamledesai et al. [15] and Ambadekar et al. [16]. Mamledesai et al. [15] produced a model accuracy rate of
83.7% for tool wear detection on turning machines. Meanwhile, based on the confusion matrix by Ambadekar
et al. [16], the resulting model accuracy rate was 87.26% for tools on turning and milling machines.

In recent years, Kou et al. [17] developed TCM based on CNN in the turning process using images from sensor
data. The sensor data is pre-processed using piecewise aggregate approximation (PAA) and then recoded into
images using Gramian angular field (GAF). Kothuru et al. [18] discussed the application of deep visualization
techniques in a CNN-based TCM system for end milling. The study used spectrogram features of audible sound
collected during the machining process and employed a deep visualization technique. Bazi et al. [19] developed
a hybrid approach for tool wear monitoring using a combination of CNN, bidirectional long short-term memory
(BiLSTM), and variational mode decomposition (VMD). The developed tool wear monitoring system aimed to
predict the remaining useful life of the tool during the milling process. Aside from traditional machining, CNN-
based TCM systems have also been developed in other areas, such as for tool wear in aerospace manufacturing
[20] and the condition monitoring of rolling bearings [21].

Based on the literature review, this research proposes the development of a TCM system that can automatically
classify the type of tool wear using the CNN method. The objects of this study are the inserts and cutting tools
of lathe and milling machines. The novelty of this research compared to previous research lies in the type of
instrument used, being a digital camera. The application of automation with this method is expected to be
directly useful in reducing subjectivity in the process of identifying tool wear during TCM. The use of a digital
camera means that the detection model can be easily applied in the workshop and on the production floor
without excessive setup, as is required with the detection models that use a microscope.

Methods
Overview of the Proposed Method

This study aims to classify tool condition into two categories: GO and NO GO. The GO indicator is given for tools
that are suitable for use and produce conforming parts or parts that comply with the standard, while the NO
GO indicator is given for tools that are unfit for use and have the potential to produce non-conforming parts or
parts that do not comply with standards.

The use of digital cameras is expected to improve the identification process in regard to three key aspects:
flexibility, time, and cost. Digital cameras provide flexibility by generating input data in the form of images
without the need for a complicated installation process, unlike direct methods that require a detection device
attached to the machine. From a time, perspective, TCM with digital cameras can be done without removing
the tool from the machine, minimizing unscheduled downtime. In terms of cost, digital cameras are cheaper
compared to research that uses microscope instruments. In this study, a smartphone camera is used, a tool that
1s widely available and easily accessible for machine operators, laboratory staff, and practitioners.
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Data Acquisition

Image data acquisition involves capturing images of the tools used for turning machines and milling machines.
The images are taken from five different angles, including the right, left, top, bottom, and front sides. Two
instruments are used to capture the images: a smartphone camera and a microscope. The purpose of using two
different instruments is to compare the performance of detection models using both methods. In total, 320
Images were taken using a smartphone camera with a resolution of 3024 x 4032 pixels, in HEIC format.
Additionally, 205 images were captured using a microscope with a resolution of 1280 X 1024 pixels, in JPG
format.

Data Preparation

The raw images acquired during the data acquisition process are divided into two categories: GO, for images of
tools classified as suitable for use due to acceptable wear, and NO GO, for images of tools classified as unsuitable
for use. These categories serve as data labels. The labeling is based on the ISO 3685 standard, using the width
of flank wear (VBmax) as a reference. Flank wear is the most commonly used wear type for determining tool
wear limits because it affects the accuracy, stability, and reliability of the machining process [22]. The width of
flank wear increases linearly with machining time [23].

In this study, the measurement of flank wear width was taken using the “Tool Wear Analyzer’ app from Sandvik
Coromant, utilizing its distance measurement feature. Once labeled as GO/NO GO, the data was randomly
divided into training, validation, and test sets with proportions of 70%, 20%, and 10%, respectively [24]. Table
1 shows the size of the dataset of images taken with the microscope, while Table 2 shows the dataset of images
taken with the digital camera.

Table 1. Categorization of images from microscope

Data NO GO GO
Training Set 103 38
Validation Set 32 11
Test Set 15 6
Total 150 55

Table 2. Categorization of images from digital camera

Data NO GO GO
Training Set 182 42
Validation Set 52 12
Test Set 26 6
Total 260 60

Data Preprocessing

The data preprocessing step involves two stages: image cropping and resizing. In the first stage, meaningless
areas in the image are manually eliminated to focus on the observed region. The cropped image is required to
be square, without removing any part of the tool from the image. The second stage is resizing, which aims to
make the image smaller and uniform in size, in order to reduce the memory required for computation and thus
speed up the learning time of the models. The images are resized to 416 X 416 pixels.

Data Augmentation

Data augmentation is a necessary step to increase the number of images in the dataset, allowing the machine
to learn from a more diverse set of data. Several functions were used in this study, including flipping, rotating,
changing brightness, blurring, and adding noise to the image. The configuration and settings of the
augmentation process are presented in Table 3. The number of images in the microscope and digital camera
datasets after the augmentation process is presented in Tables 4 and 5, respectively.

Table 3. The configuration and settings for each augmentation function

Function Configuration
Flip Horizontal, Vertical
Rotate Clockwise, Counter- Clockwise of 90 degrees
Brightness -10% until +10%
Blur Up to 1 pixel
Noise Up to 2% of total pixels
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Table 4. Dataset from microscope

Data NO GO GO Total
Training Set 18,202 5,689 23,891
Validation Set 5,955 2,288 8243
Test Set 2,822 1,406 4,228

Table 5. Dataset from digital camera

Data NO GO GO Total
Training Set 19,690 4410 24,102
Validation Set 5,501 1,110 4,262
Test Set 2,486 609 3,095

Architectural Modeling

The process of building a model or architectural modeling of CNN was carried out and written using Google
Collab. Two types of architecture were utilized: custom learning through creating an architecture from scratch,
and transfer learning using architecture and weights from Inception V3. The hyperparameter value of epoch
was set for both types of architecture with configurations of 10, 30, 50, 80, and 100. The difference in
hyperparameter values was analyzed as it has a direct impact on the performance of the model in terms of
accuracy and computation time.

Typically, increasing the number of epochs allows the model to learn more, thus improving its accuracy.
However, it also causes an increase in training time, which is linearly proportional to the number of epochs. The
accuracy of the classification results generally centers on one optimal point, as observed in Terrazas et al. [4].
Therefore, it is necessary to conduct experiments to determine the optimal training time that can produce the
best accuracy. Aside from the hyperparameters mentioned, other hyperparameters followed the most common
settings, such as a batch size of 32 and learning rate of 0.001.

Results and Discussions

After the datasets for training, validation, and testing for both microscope and smartphone data had been
formed, the next step was to use the dataset to build the models and then observe the architecture performance.
Two methods of training CNN models were used, custom learning and transfer learning. At this stage,
experiments were first carried out on the custom learning architecture, starting with the formation of the
architecture (architectural modeling), followed by training, validation, and testing stages, using the microscope
data objects first. The architecture that has undergone training, validation, and testing was then called a model.
Next, the specific model performance was evaluated with the confusion matrix and overall performance with
the receiver operating characteristic (ROC) curve [25]. Models that show an area under the ROC curve (AUC)
with a value of more than 70% were considered valid and acceptable to be tested on data from smartphone
cameras, according to the rule of thumb presented by Mandrekar [26].

Custom Learning

The custom learning architecture was built from scratch incrementally using the sequential modeling method
by adding each layer to the model, as shown in Table 6. The input image in this architecture had dimensions of
150x150x3, where the number 3 refers to the image having three channels: red, green, and blue (RGB).

After the image dataset was included in the architecture, all data in the training and validation datasets
underwent feature extraction via convolution and pooling processes. The number of convolution layers in the
created custom learning architecture was 5; each added layer had a different filter size but the same activation
function, ReLU (rectified linear unit). Pooling was carried out to reduce the image dimensions to help reduce
overfitting and make the model more general by taking the maximum pixel value of each grid (maxpooling).
After going through the process in the five layers of convolution and pooling, the flattening process was
conducted by converting the three-dimensional image into a one-dimensional image. The matrix output of the
last pooling process, with dimensions of 5x5x256, was converted into a single vector with a size of 6400. These
6400 single vectors were then fed as the input of the fully connected layer. Finally, the activation stage was
carried out with a sigmoid function to produce output at the fully connected layer. Sigmoid was chosen because

the analysis performed is in the form of binary data that produces a prediction of two class categories: GO or
NO GO.
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Table 6. Custom learning architecture

Layer name Input size Filter Strides Output size
Convl + ReLU 150x150x3 3x3x32 1,1) 150x150x32
Batch normalization1
MaxPool1l 150x150x32 - 2,2) 75x75x32
Conv2 + ReLLU 75x75x32 3x3x64 1,1 75x75x64
Dropout (0,1)
Batch normalization2
MaxPool2 75x75x64 - 2,2) 38x38x64
Conv3 + ReLU 38x38x64 3x3x64 1,1 38x38x64
Batch normalization3
MaxPool3 38x38x64 - 2,2) 19x19x64
Conv4 + ReLLU 19x19x64 3x3x128 1,1 19x19x128
Dropout (0,2)
Batch normalization4
MaxPool4 19x19x128 - 2,2) 10x10x128
Conv5 + ReLU 10x10x128 3x3x256 1,1) 10x10x256
Dropout (0,2)
Batch normalization5
MaxPool5 10x10x256 - 2,2) 5x5x256
Flatten 5x5x256 - - 6400
FC with ReLU 6400 - - 128
Dropout (0,2)
FC with Sigmoid 128 - - 1

Result of Custom Learning for the Microscope Dataset

Based on the observed results, the accuracy of the training and validation sets was 100% for all observed epochs.
This indicates overfitting, which is supported by the graphical display of accuracy and loss in the observation
results in Figure 1. The accuracy and loss graphs for all experiments with different epoch numbers show
patterns that tend to be the same, so one representative example was taken, namely the experiment with 30
epochs. During the training stage, accuracy tended to rise, and loss tended to fall as the epochs progressed. The
training accuracy and loss seemed to stabilize after epoch 5.

However, the results of the validation stage show a different pattern. After epoch 10, the accuracy stabilized in
the range of 0.73 to 0.74. The validation loss results shown in the graph tend to increase and then stabilize after
epoch 10.

Overfitting conditions cause the model to have high accuracy when given a training set and will produce very
poor accuracy when given new, different data such as validation sets. However, after the model is given input
1in the form of a validation set, which is new data, the overall accuracy obtained reaches more than 70% and can
be said to be sufficient. The highest accuracy was obtained by using an epoch configuration of 30, which 1s 74%.
Based on the epoch configuration and the accuracy results obtained, increasing the number of epochs was not
directly related to an increase in accuracy. Therefore, the best weights generated by the model in the training
stage were not caused by the number of epochs, as the results are not linear.

Based on the experimental results in the testing phase, the overall time required for the model to obtain
classification results for each image was 7 milliseconds. The model can classify two categories of tools, GO and
NO GO, with a highest accuracy rate of 80.3%, which was obtained at epoch 10. This value exceeds the accuracy
rate obtained from the validation stage, of 74%. This means that the model performed better on the testing set.
The model evaluation is presented in the confusion matrix shown in Figure 2.

The model’s accuracy of 80.3% was calculated based on the sum of correctly categorized data. The confusion
matrix in Figure 2 shows that 61.83% or 2,614 data points of the NO GO category were correctly classified as
NO GO (true positive), and 18.52% or 783 data points in the GO category were correctly classified as GO (true
negative). However, 14.74% or 623 data points that should have been in the GO category were falsely classified
as NO GO (false positive), leading to unnecessary costs and reduced decision-making performance in real
conditions. Meanwhile, false negatives, the type of error where data points that should be in the NO GO category
are classified as GO, had a value of 4.92% or 208 data points. This can result in additional costs to buy new raw
materials and potential risks to the machine operator. Although both types of error are detrimental, minimizing
false positive errors is crucial in real-world applications as these can have more significant negative impacts,
such as additional costs, time, and customer dissatisfaction.
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Figure 1. Result of training — custom learning microscope
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Figure 2. Confusion matrix of testing — custom learning microscope
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Figure 3. Classification report of custom learning microscope

Figure 3 presents the custom learning model report for the microscope dataset. Based on the classification
report, the value in the support column is the number of testing sets, being 4,228 data points consisting of 1,406
data points in the GO category and 2,822 data points in the NO GO category. The overall model precision value
was 80%, which was obtained from the average precision of the GO category of 79% and the NO GO category of
81%. This value indicates good model effectiveness. Meanwhile, the overall model recall value was 74%, which
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1s obtained from the average recall of each class, being 56% and 93%. This means that the system’s ability to
classify other relevant data is very good for the NO GO category. However, the value of 56% in the GO category
shows that the model performs less well when predicting data in the GO category. As a result, there is a potential
for a lot of tool data where the tool is in fact still usable but is considered by the model to be unfit for use.
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Figure 4. ROC curve of custom learning microscope

To assess the overall performance of the model, the ROC curve was used and the area under the curve
measured, as reported in Figure 4. Based on the AUC shown in the ROC curve, the AUC value falls into the
category of 0.7 < AUC < 0.8, which means the model performance is good and acceptable (acceptable
discrimination). Thus, the custom learning architecture that has been developed is feasible to be implemented
on smartphone data.

Result of Custom Learning for Smartphone Dataset

The training progress of the custom learning model for the smartphone dataset is presented in Figure 5. The
experimental results in the training stage show that the accuracy of the training set on the smartphone data
was 100% for all observed epochs, while the validation accuracy shows a declining trend. Based on this result,
there is an indication of overfitting, as in the microscope data.
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Figure 5. Result of training — custom learning smartphone
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Figure 6. Confusion matrix of testing — custom learning smartphone

precision recall fl-score support

GO (Class @) 0.66 9.51 0.57 609
NOGO (Class 1) 0.89 0.94 0.91 2486
accuracy 0.85 3095
macro avg 0.77 0.72 0.74 3095
weighted avg 0.84 0.85 0.84 3095

Figure 7. Classification report for custom learning smartphone

The highest accuracy was obtained using the epoch 10 configuration, which reached 81.8%. Based on the graph,
the training accuracy and loss stabilized after epoch 4, while the results of the validation stage show stability
after epoch 10 in the range of 0.80 to 0.81. The overall training and validation results at the observed epochs
were good because they reached an accuracy value above 80%.

Experimental results in the testing phase showed that the time required for the model to classify each image
was 7 milliseconds for epochs 10 and 30, and 8 milliseconds for epochs 50, 80, and 100. The time required was
broadly similar, within milliseconds, so the epoch value can be considered to not affect the time required for the
model to classify each image. The confusion matrix for the test dataset is presented in Figure 6.

Based on the confusion matrix obtained, the model accuracy, with a value of 85.07%, showed that 75.12% or
2,325 data points in the NO GO category were correctly classified as NO GO (true positive) and 9.95% or 308
data points in the GO category were correctly classified as GO (true negative). The false positive value indicates
that 9.73% or 301 data points that should have been in the GO category were classified by the model as NO GO.
The false positive value is very similar to the true negative value, which means that the model is classifying
many tools that should still be usable as unfit for use. This will have an impact on losses in the form of
unnecessary costs for buying new tools and reduces the performance of the model in supporting decision making
in real conditions.

Meanwhile, the false negative errors had a value of 5.20%, or 161 data points. This means that data that should
have been in the NO GO category was classified by the model as GO. As with the microscope data results, this
will have a serious impact if the tool is used for the workpiece-forming process on the machine. The detailed
performance for the custom learning model for the smartphone dataset is presented in Figure 7.

In the above classification report, the value in the support column is the number of testing sets, being 3,095 data
points consisting of 609 data points in the GO category and 2,486 data points in the NO GO category. The
precision value of the model in terms of macro average is 77%; this is obtained from the average precision of the
GO category (66%) and the NO GO (89%). Meanwhile, the overall model recall value is 72%, which is obtained
from the average recall of each class, being 51% and 94%. The recall value of the two categories is almost two
times different. This means that the performance of the system in classifying other relevant data is very good
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for the NO GO category and less good for the GO category. As a result, there is a potential for much tool data to
be classified incorrectly. The accuracy value is high because the number of test sets for the NO GO category
(2,486 data points) was four times that of the GO category (609 data points). The accuracy was mostly due to
the model performing very well for the NO GO category.

Comparison of Custom Learning Result
Experiments that have been conducted on custom learning architectures with microscope data objects and
smartphone data show comparable results. Table 7 presents a results comparison between the custom learning

models for microscope and smartphone datasets.

Table 7. Best result comparison for custom learning

Data Training time  Test accuracy Epoch Test time
Microscope images 1,777.1s 80.3% 100 Tms
Smartphone images 895.61 s 85.1% 30 Tms

The accuracy value used to determine the performance of the model is the value of the accuracy obtained at the
testing stage. The model for smartphone data produced an accuracy value of 4.77%, far superior to the model
for microscope data. The accuracy value for the model for smartphone data was generated at epoch 30 with a
training time of 895.61 seconds. This time is much shorter when compared to the model for microscope data,
which took 1,777.1 seconds to produce the best accuracy. The precision and recall values for the model for
microscope data are superior, but not significant. Judging from these values, the performance of the model for
classification using smartphone data is better than the model using microscope data.

The experimental results for custom learning produce excellent recall values for the NO GO category for the
microscope data and smartphone data, of 93% and 94% respectively. However, both approaches produced poor
recall values in the GO category, of 56% and 51% respectively. These low values occurred because the amount
of GO and NO GO category data in the training set is not comparable. The model learns more data in the NO
GO category compared to data in the GO category; this causes the model’s performance when dealing with real
data to be biased, where the model will have higher accuracy when the data tested is in the NO GO category.
Other factors, such as the complexity of the GO category or the quality of the training data, could also contribute
to the performance issue. In classification modeling, accuracy is the most important parameter with which to
evaluate the performance of a model. Thus, based on the overall experimental results, the model with custom
learning using smartphone data is superior to the model using microscope data.

Transfer Learning

In this study, the Inception-V3 architecture was used for the transfer learning models. This means that the
model was trained using the weights of the Inception-V3 model, with some modifications made to the classifier
section to suit the needs of the research. These modifications included changing the activation function from
SoftMax to sigmoid and altering the number of outputs in the last fully connected layer from 1,000 classes to 2
classes. The size of the input and output images for this architecture remained the same, at 299x299x3 and
8x8x2048, respectively. The resulting architecture had a trainable parameter value of 236,257,161 parameters.

Result of Transfer Learning for Microscope Dataset

The experiments for transfer learning models were implemented in the same manner as in the custom learning
models. Figure 8 shows the training progress of the transfer learning model for the microscope dataset. Based
on the observed results, the accuracy of the training set is 100% for all maximum epochs configurations
observed.

While in the training stage, accuracy tends to increase, and loss tends to decrease, during the validation stage,
the accuracy tends to stabilize, and the observed loss increases. Based on these conditions, there is an indication
of overfitting, which causes the model to have very good accuracy when given a training set but very poor
accuracy when given different new data, such as validation sets. In this study, the accuracy and loss seemed to
stabilize after epoch 5 for training data; for the validation data, the accuracy seemed to stabilize after epoch 10,
and the loss seemed to increase. The increasing validation loss results caused the accuracy not to increase and
the model’s performance did not improve, even though it continued to be trained. After the model was given
input in the form of a validation set of new data, the overall accuracy obtained was 80.3% at epoch 80.
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Figure 9. Confusion matrix of testing — transfer learning microscope

Based on the experimental results in the testing phase, the overall time required for the model to obtain
classification results for each image was in the range of 285 milliseconds to 336 milliseconds. The model can
classify two categories, namely GO and NO GO, with the highest accuracy rate of 87.5% obtained at epoch 100.
This value exceeds the accuracy result from the validation stage, which was 80.3%. This means that the model
performed better on the testing set. The confusion matrix for this model is shown in Figure 9.

Based on the confusion matrix, the model achieved an accuracy of 87.5%, which is calculated as the sum of the
percentage of all data correctly classified by the model. Out of all the data in the NO GO category, 64.06% or 41
data points were correctly classified as NO GO (true positive), and out of all the data in the GO category, 23.44%
or 15 data points were correctly classified as GO (true negative). The false positive value indicates that 12.50%
or 8 of the data points that should have been classified as GO were classified by the model as NO GO. This
means that the model incorrectly identified some tools as unusable even though they were still usable. Such
errors may result in unnecessary costs being incurred for purchasing new tools and will reduce the performance
of the model in real-world decision-making scenarios.

There were no false negative errors, which means that none of the data that should have been classified as NO
GO were classified by the model as GO. The NO GO data was classified particularly accurately by the model,
which is important in improving the model’s overall performance. The potential for using tools that are not fit
for use but are detected as fit is very small, as evidenced by the 64 data samples shown in the results. The
detailed results of the test using this model are presented in Figure 10.
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precision recall fl-score support

GO (Class @) 9.79 0.56 0.65 1406
NOGO (Class 1) 9.81 0.93 0.86 2822
accuracy 0.80 4228
macro avg 0.80 0.74 .76 4228
weighted avg 0.80 0.80 0.79 4228

Figure 10. Classification report for transfer learning microscope
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Figure 11. ROC curve of transfer learning microscope

Based on the classification report, the model’s overall precision value is 92%, which is obtained from the average
precision of the NO GO category of 100% and the GO category of 84%. This value indicates that the model has
good effectiveness. Meanwhile, the overall model recall value is 83%, which is obtained from the average recall
of each class, being 65% for the GO category and 100% for the NO GO category. This means that the system
has a very good ability to classify relevant data for the NO GO category. However, the value of 65% for the GO
category shows that the model performs less well when predicting data in the GO category. As a result, there is
a potential for many tools to still be usable but considered unusable by the model. Nevertheless, this value is
better than the results obtained in the custom learning architecture, which were in the 50% range.

Figure 11 shows the ROC curve for this model. Based on the AUC shown on the ROC curve, the AUC value
falls into the category of 0.8 < AUC < 0.9, which means the model is very good. The likelihood that the model
will classify data correctly is high (Excellent Discrimination). Thus, the custom learning architecture that has
been developed is feasible to be implemented on smartphone data.

Results of Transfer Learning for Smartphone Dataset

The experimental results in the training stage show that the accuracy for the smartphone data in the training
set is 100% for all observed epochs. Based on this figure, there is an indication of overfitting, as in the microscope
data. The highest validation accuracy, of 85.8%, was obtained using the 80-epoch configuration. The graph for
epoch 80 shows that the training accuracy and loss stabilized after epoch 4. While the results for the validation
stage show stability after epoch 20 in the range of 85% to 87%, this decreases at epoch 55. The overall training
and validation results at the observed epochs are good, having values above 84%. The training progress for this
model is presented in Figure 12.

The experimental results during the testing phase show that the time required for the model to perform
classification for each image varied. For the 10-epoch and 100-epoch configurations, the time required was 13
seconds and 8 seconds per image, respectively. This is a relatively long time when compared to the prediction
times of the 30-epoch, 50-epoch, and 80-epoch configurations, which were in milliseconds. Thus, the time
required for testing each image does not have a linear relationship with the number of epochs used. The longer
testing time for the 10-epoch configuration, the smallest epoch configuration, and the 100-epoch configuration,
the largest epoch configuration, was due to the internet connection used. The Google Collaboratory site is a cloud
computing site, and one aspect that affects its performance is the speed of the internet used to perform
computing. The confusion matrix of the test dataset is presented in Figure 13.
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Figure 12. Results of training — transfer learning smartphone
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Figure 13. Confusion matrix of testing — transfer learning smartphone

Based on the confusion matrix, the model accuracy is 92.19%, obtained from the sum of 71.88% or 46 data points
in the NO GO category correctly classified as NO GO (true positive) and 20.31% or 13 data points in the GO
category correctly classified as GO (true negative). The false positive value indicates that 4.69% or 3 data points
that should have been categorized as GO were classified by the model as NO GO.

On the other hand, the false negative error value is 3.12% or 2 data points. This means that data that should
have been in the NO GO category was classified by the model as GO. Similar to the results for the microscope
data, this will have a significant impact when the tool is used for the workpiece-forming process on the machine.
In terms of cost, the impact that occurs is that the workpiece produced has the potential for dimensional
deviations, which incurs additional costs to purchase new raw materials. The false prediction value is much
lower than the true prediction value, indicating good model performance. The testing results for this model are
presented in Figure 14.

Based on the classification report, the precision value of the model in terms of the macro average is 90%, which
is obtained from the average precision of the GO category of 87% and the NO GO category of 94%. Meanwhile,
the overall model recall value is 89%, which is obtained from the average recall of each class, being 81% and
96%. The recall value for both categories is above 80%. This means that the system’s performance in classifying
other relevant data is good for both categories.
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precision recall fl-score support

GO (Class @) 0.66 8.51 0.57 609
NOGO (Class 1) 9.89 0.94 9.91 2486
accuracy 8.85 3095
macro avg 0.77 .72 0.74 3095
weighted avg 0.84 0.85 0.84 30095

Figure 14. Classification report for transfer learning smartphone

Comparison of Transfer Learning Results

A comparison between the transfer learning models applied to the microscope and smartphone datasets is
presented in Table 8. As with the custom learning architecture, the accuracy value used to determine the
model’s performance is the accuracy obtained at the testing stage. The best experimental results show that the
smartphone data model produced an accuracy value 4.69% higher than the microscope data model. Although
superior, the accuracy value for smartphone data was generated at the 10-epoch configuration with a training
time of 6214.04 seconds. This is a much shorter timeframe when compared to the microscope data, which took
15035.48 seconds to produce the best accuracy. As for the precision value, this is superior for the microscope
data compared to for the smartphone data, but not significantly.

Table 8. Best result comparison for transfer learning

Data Training time Test accuracy Epoch Test time
Microscope images 15,035.5 s 87.5% 100 336ms
Smartphone images 6,214.04 s 92.2% 10 13ms

In terms of overall recall value, the model’s performance for classification using smartphone data was better
than that when using microscope data. The recall value for the NO GO category was very good for both
microscope data and smartphone data, at 100% and 96%, respectively. However, both models produced
sufficient recall in the GO category, at 65% and 81%, respectively. As with the custom learning architecture,
this occurred because the amounts of GO and NO GO category data in the training set were not comparable.
The model learns more data in the NO GO category than in the GO category. This causes the model’s
performance when dealing with real data to be biased, where the model will have higher accuracy when the
tested data is in the NO GO category.

Architecture Comparison

The training time required by the transfer learning architecture is much longer than that required by the
custom learning architecture. Despite the longer training time, the transfer learning architecture can produce
predictions with higher accuracy than custom learning. The long training time is due to the different layer
depths in the two architectures, resulting in a significantly different number of parameters. The number of
training parameters for custom learning was 1,246,401, while for transfer learning it was 236,257,161
parameters. In other words, the model will experience longer learning in the transfer learning architecture
because more features are extracted to be learned. With more features learned by the model, the performance
of the model in handling classification cases using other relevant data gets better. This is evidenced by the
higher testing accuracy of the transfer learning architecture than of the custom learning architecture. The
longer training time does not affect the overall performance of the model because the training time is only
required once. After the model forms weights and biases after the training stage, the model is saved so that it
does not need to go through the training stage again.

Based on the precision and recall values in each architecture, CNN modeling with the transfer learning method
1s superior to custom learning. The test detection time in Table 8 refers to the time taken by the prediction model
to classify each testing image. When viewed by test time, more time is required to perform the testing stage in
the transfer learning architecture than in the custom learning architecture. However, the time unit is in
milliseconds for each image so that it does not interfere with the performance of the model. It should be noted
that there was a difference in the time required for the testing stage on the smartphone data transfer learning
architecture, which is in seconds (13 seconds). The time required was influenced by the internet speed used,
because the time in other epochs is in milliseconds with the same architecture.
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Based on the findings described above, the transfer learning architecture used with smartphone data showed
the best experimental result. The model showed good performance for the tool wear classification process,
obtaining an accuracy of 92.2% when using image data of the tool captured using a smartphone camera.
Therefore, in the future, this model can be applied flexibly for TCM of milling tools and turning inserts. Only by
taking a photo of the tool, the machine operator can determine whether the tool is suitable or unsuitable for use.

Conclusion

This study has developed visual-based classification models using CNN to monitor the condition of milling tools
and turning inserts. The datasets were collected using microscopes and digital cameras. For both types of data,
the experiments resulted in prediction models that can classify tool wear into two categories: GO for tools that
have an acceptable degree of wear, and NO GO for tools that are unfit for use.

Two approaches were used to develop the models: custom learning and transfer learning. The TCM model using
a custom learning architecture produced 80.3% accuracy, 80% precision, and 74% recall for microscope data,
and 85.1% accuracy, 77% precision, and 72% recall for smartphone data. The model using a transfer learning
architecture produced 87.5% accuracy, 92% precision, and 83% recall for microscope data, and 92.2% accuracy,
90% precision, and 89% recall for smartphone data.

The performance of all models in classifying data into the NO GO category was better than for the GO category,
due to the disproportionate number of training datasets for the two categories. Therefore, the models tended to
learn from NO GO data. The Inception-V3 transfer learning model generated from experiments using
smartphone data demonstrated the best performance, with an accuracy of 92.2%. Thus, this model is the most
suitable for automatic visual-based TCM.
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