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Abstract: Low surface quality, undesired geometrical and dimensional tolerances, and product
damage due to tool wear and tool breakage lead to a dramatic increase in production cost. In this
regard, monitoring tool conditions and the machining process are crucial to prevent unwanted events
during the process and guarantee cost-effective and high-quality production. This study aims to
predict critical machining conditions concerning surface roughness and tool breakage in slot milling
of titanium alloy. Using the Siemens SINUMERIK Edge Box integrated into a CNC machine tool,
signals were recorded from main spindle and different axes. Instead of extraction of features from
signals, the Gramian angular field (GAF) was used to encode the whole signal into an image with no
loss of information. Afterwards, the images obtained from different machining conditions were used
for training a convolutional neural network (CNN) as a suitable and frequently applied deep learning
method for images. The combination of GAF and trained CNN model indicates good performance
in predicting critical machining conditions, particularly in the case of an imbalanced dataset. The
trained classification CNN model resulted in recall, precision, and accuracy with 75%, 88%, and 94%
values, respectively, for the prediction of workpiece surface quality and tool breakage.

Keywords: predictive quality analytics; Gramian angular field; convolutional neural network; slot
milling; deep learning; Edge Box; imbalanced dataset

1. Introduction

Cutting tool breakage or severe tool wear cause low product quality or even scrap
production, damage to machine components or unexpected production downtime. For
this reason, tool breakage should be prohibited, and a tool should be changed before being
subjected to severe wear. However, earlier tool change increases the tool cost and tool
changing cost (due to production down-time during the tool change), which is a remarkable
share of the total production cost. With tool wear prediction or detection, the cutting tool
can be changed at an appropriate time interval to avoid damage or quality failures [1].

In recent years, extensive research works have been conducted to monitor the condition
of cutting tools during the process for optimizing tool lifespan [2], early detection of tool
wear, and prevention of tool breakage [3]. Direct monitoring of the cutting tool, which
measures the tool geometry using vision or optical apparatus, requires expensive equipment
and cannot be applied in real-time, among other issues, due to the presence of coolant and
the contact between the tool and material [4]. Therefore, the focus of research activities
was mainly on indirect approaches of tool and machining condition monitoring, which
benefit from the fact that a variation in cutting tool condition changes certain variables
such as cutting forces, vibration, and surface finish. In these methods, the machine data
(such as the current, power, and so on) from the machine elements (such as spindle or
axis motors) [5–7] or signals from the sensors integrated into the machine tool (such as
piezosensor, accelerometer, strain gauge, thermocouple, acoustic emission sensor, and so
on) [8–16] are analyzed to recognize the possible correlations with the cutting tool and
machining condition. Olma et al. [17] presented an efficient method for monitoring high-
speed broaching for Inconel 718 using process vibrations recorded by accelerometers. In
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this regard, analyzing time and frequency domain signals, considering tooth pass frequency
and harmonics, were carried out. The results indicate a useful method for using in daily
life production. However, due to the complex and unpredictable progress of tool wear
during the machining process, introducing signal features or algorithms showing the best
correlation with the wear states of the cutting tool is difficult. In addition, the process
parameters and cutting conditions can significantly influence sensor signals and may lead
to remarkable noises in the measurement. For these reasons, multiple sensors are integrated
into the machine tool to acquire data with a high signal-to-noise ratio in practice. In this
regard, Nasir et al. [18] conducted an investigation regarding tool condition monitoring
using power, sound, vibration and acoustic emission (AE) signals. The authors discussed a
trade-off between accuracies of classifiers and the tolerance for sensor redundancy playing
an important role in the optimal combination of sensors. Ou et al. [19] applied sound
pressure signals, acceleration signals, and spindle motor current signals and confused
them into images as monitoring samples. Kuntoğlu et al. [20] used five sensors of acoustic
emission, current, temperature, force and vibration to monitor tool condition with respect
to flank wear. They concluded the acoustic emission and temperature signals were found
effective for detecting tool flank wear. Zhang et al. [8], in addition to capturing the machine
power signal, employed a 3-axis accelerometer and two piezosensors to monitor vibration
and cutting forces, respectively. They observed that total power and acceleration signals
could effectively highlight the processing condition. A failure in cutting by identifying
the abnormal peak values of recorded signals was detected. Finally, it was demonstrated
that the trend of the total power signal is in accordance with that introduced by the Taylor
model [21] for predicting tool life. This confirmed a feasible tool wear monitoring. Hesser
and Markert [9] applied an acceleration sensor to detect tool wear during milling. The
concept of their work was based on the fact that the cutting force and, simultaneously,
process vibrations increase once the tool wear initiates. The higher cutting force and process
vibrations, in turn, result in a higher magnitude of the acceleration signal. After training
an artificial neural network (ANN) model using accelerometer signals, the tool condition
could be classified into two groups (new tool and worn tool). In addition to the acceleration
sensor, acoustic emission (AE) and force sensors have been utilized for tool wear detection
in various studies. Wang et al. [22] evaluated tool wear using clustering energy of AE
signals induced by minimum quantity lubrication (MQL), material fracture and workpiece
plastic deformation. A linear relation between flank wear and the total energy of AE signals
induced by workpiece material fracture and plastic deformation was found. Tahir et al. [23]
measured the cutting forces in milling by piezoelectric sensors and analyzed the cutting
force signals in time and frequency domains. The results indicate that the main cutting
force correlates with the evolution of the tool flank wear. An increase in the amplitude of
the main cutting force was observed with increasing flank wear. Another research work,
conducted by Nouri et al. [4], introduced a method based on cutting force coefficients for
tool condition monitoring. After starting chipping at the cutting tool, an increase in force
coefficients with considerable variability in their magnitude was observed. A dramatic
change in the tool geometry was highlighted by a fluctuation in cutting force coefficients
and was considered as a transition from gradual wear to a failure region. Accordingly, it
was concluded that the tangential and radial cutting force coefficients also correlate with
tool flank wear and could be used to monitor the tool wear. Zhou et al. [24] applied sound
singularity analysis for tool condition monitoring in the milling process. A significant
qualitative correlation between sound waveform singularities and tool wear progress was
observed. Using a support vector machine (SVM) as a classification model, a prediction
accuracy of 85% was obtained. Machine vision-based tool condition monitoring has also
gained high popularity in recent years. In this method, the image matrices of the final
surfaces are analyzed through different algorithms (such as classification or regression
algorithms) to extract decisive features for tool monitoring [25]. Dutta et al. [26] analyzed
the machined surfaces and extracted the features correlating well with the tool wear
progress. Four features were extracted from the machined surface images using gray
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level co-occurrence matrix-based (GLCM) and discrete wavelet transform-based (DWT)
texture analyses techniques. It was demonstrated that all extracted features increase with
the average flank wear of the tool. Lin et al. [27] applied accelerator vibration signals
combined with deep learning predictive models for predicting surface roughness. They
have used three models: the fast Fourier transform–deep neural network (FFT-DNN), fast
Fourier transform–long short-term memory network (FFT-LSTM), and one-dimensional
convolutional neural network (1-D CNN) to explore training and prediction performances.
Based on the results, the use of prediction of the surface roughness via vibration signals
using FFT-LSTM or 1-D CNN is recommended to develop an intelligent system. Bhandari
et al. [28] conducted a non-contact surface roughness evaluation using a convolutional
neural network (CNN). The machined surface images were used to develop CNN models
for surface roughness prediction in four classes of fine, smooth, rough, and coarse. Based
on the developed model, the training and test accuracy of 96.30% and 92.91% were reported,
respectively. Rifai et al. [29] applied the CNN model for prediction of surface roughness.
The prediction was based on the ridge–valley pattern of the cutter marks. The proposed
model was evaluated for outside diameter turning, slot milling, and side milling, at various
cutting conditions.

Apart from the proposed methods, the term of digital twining has been highlighted for
the manufacturing process by Magalhães [30]. According to Liu et al. [31], digital twining
provides high-fidelity virtual entities of physical entities for observing, analyzing, and
controlling the machining process in real-time. In [32], the multi-dimensional modeling
approach for machining processes, by introducing digital twin (DT) technology was pre-
sented. As reported, application of digital twining increased the material removal rate and
reduced deformation in key components of diesel engines.

The tool and process condition monitoring methods generally need to extract the
features of the measured signal (after recording the signals) manually to use them for
model training. In this regard, the application of the utilized algorithm in the extraction of
features varies from signal to signal, and the feature extraction requires a well-experienced
person. Moreover, some information on the signal through the feature extraction would be
lost. To solve this issue, imaging the signals using different approaches, such as Gramian
angular field [33] rather than feature extraction, can be helpful. As an example, Arellano
et al. [34] applied GAF for tool wear classification. The recorded cutting force signals were
encoded to several images that have been used for training a convolutional neural network
(CNN) classification model. A percentage of accuracy over 80% was reported for different
groups, corresponding to different states of tool wear (break-in, steady-state, and failure).

A need for analyzing the signal for process monitoring is growing with a new genera-
tion of machine tools capable of recording different types of data. The Siemens SINUMERIK
EDGE (SE) Box, that can be integrated into the machine tool, records the signals from dif-
ferent axes and main spindles and fuses all measured data into a JSON file. The signals for
recording are selected in the MindSphere Capture4Analysis application, which is connected
to the SINUMERIK Edge Box. The current study aims to predict the machining condition
using different types of signals recorded by the SINUMERIK Edge Box integrated into the
five axes CNC machine tool (Haas-Multigrind® CA, Trossingen, Germany). The experimen-
tal tests were conducted in milling a titanium alloy (Ti6Al4V) as a difficult-to-cut material.
Severe tool wear and even tool breakage due to a built-up edge (BUE), particularly at
high-speed machining of the titanium alloy, followed by low workpiece surface quality,
was detected. After measuring signals, GAF, as one of the time series imaging methods,
was applied for encoding the signals into images. Further, images were used for training
the CNN classification model to predict the critical machining condition. Eventually, the
combination of the GAF and CNN model was evaluated.

2. Materials & Methods

In this investigation, Ti6Al4V was selected as the workpiece material. Slot milling
was used as a milling strategy. The milling tests were carried out with different process
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parameters. In all tests, the axial depth of cut ap was kept constant and equal to 1 mm,
and the radial depth of cut ae was 3 mm. The feed per tooth, fz, and cutting speed vc were
considered as varying parameters. A total of 161 tests (each test including 6 slot milling
passes) were carried out with different combinations of varying process parameters. The
tests were conducted with and without coolant lubricant. In the presence of cooling, no
tool wear and tool breakage were observed. Therefore, several tests were also carried out
without coolant lubricant (dry cutting) at the higher range of feeds and cutting speeds to
increase the tool wear rate and reduce the required experimental time. Table 1 provides the
range of milling parameters.

Table 1. Process parameters.

Cutting Speed
vc [m/min]

Feed per Tooth
fz [µm/tooth]

Radial Depth of
Cut ae [mm]

Axial Depth of
Cut ap [mm] Coolant

50–113 17–50 3 1 Oil/Dry

Figure 1 indicates the integration of the whole data acquisition system into the utilized
milling machine. A five axes CNC machine tool (Haas-Multigrind® CA, Trossingen, Ger-
many) with a Siemens Sinumerik controller used in this study. For the data acquisition, the
machine tool is equipped with a so-called Siemens SINUMERIK EDGE (SE) Box. Siemens
CNC controls supply data, and SE, making it possible to record data and states of the
control in a resolution of 1 ms (1kHz) parallel to the process. The SE box is, in principle, an
industrial computer and has the corresponding resources to store the data. The MindSphere
Capture4Analysis application enables the selection of the signals to be recorded and the
trigger time from which a signal is to be recorded. According to a defined system, the
data is written to a JSON file on the hard disk of the SE box with the execution of the
NC program. Further, the JSON File for each test is processed through a written ETL
program (extract–transform–load) to obtain the tabular data in CSV format. The CSV data
and post-process information from the measurement system collected in tabular data are
imported directly into an artificial intelligence (AI) Model. Moreover, the CSV data can also
be visualized using an external computer for the machine tool user.
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The concept of the utilized AI Model is shown in Figure 1. Instead of using the signals
features such as mean, peak and standard deviation, each signal was converted into an
image by Gramian angular field (GAF), which contains all the features as well as the
relationships between different points of the signal. In the next step, the images were used
as input parameters for training the CNN model. Finally, the model can predict the quality
of the process concerning the critical machining condition in terms of machined surface
roughness and tool breakage with respect to new images obtained from new signals (even
with different process parameters). In this section, the AI model is explained in detail.

Figure 2a illustrates the experimental setup. The milling tool moved from the right
side to the left side of the workpiece (according to the milling direction shown in Figure 2a),
and for the creation of slots with a depth of 6 mm, six slot milling passes each with axial
depth of cut, ap, of 1 mm were conducted. The signals from different axes of the machine
tool were recorded through the SE Box system and saved as a JSON file. Figure 2b illustrates
the different axes in the HAAS machine tool. The types of signals that the Edge Box for the
main spindle and each axis can record are categorized into current, load, torque and power,
and are described in section results and discussions. At each milling pass, the Edge Box
started to automatically record the signals slightly prior to the slot milling process and the
recording was automatically stopped after the cutting process.
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Figure 3a shows the geometrical properties of the utilized tools. The milling tools
were coated with AlTiN. D1, D2, L1, L2, EF and Z are cutting tool and shank diameter,
total length, cutting edge length, corner chamfer and the number of teeth, respectively.
Figure 3b–d also demonstrated three cutting edges of a new tool.
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3. Signal Selection

As explained in the previous section, after recording the signals through the Edge
Box, the data from JSON files for each experiment were extracted. Figure 4 illustrates
different types of signals in terms of current, load, power and torque recorded by Edge
Box in the spindle and various axes of the machine tool for the first pass of slot milling at
vc = 50 m/min and fz = 30 µm/tooth. Signals showing a change when the milling tool came
into contact with the workpiece, were used for further analysis. For the current signal, the
difference between machining time and non-machining time could be observed from axes
of A, C, SP1, Y, and Z. In the case of load signal, the axes of A, C, Y, and Z differentiate
between contact and non-contact time. Regarding the power signal, the only axis that
indicated such a difference is SP1, although it is not considerable in this figure. The axes of
A, C, Y and Z highlight the contact time between tool and workpiece for the torque signal.

In the next step, the sensitivity of each signal against changing machining conditions
was investigated to find the signals with informative data. In this regard, after observing
the potential signals in different experiments, it was concluded that the signals in the z-axis
for current, load and torque are the best candidates for model training. In detail, the signals
in other axes showed no remarkable change before tool breakage, while the mentioned
types of signals in the z-axis considerably altered.

Figure 5 illustrates an example of these signals before the tool breakage. After the
second pass, a considerable fluctuation in all types of the signal can clearly be observed.
This can be associated with considerable built-up edge (BUE) at the dry milling of titanium
alloys, that was eventually followed by tool breakage. Figure 6 shows a considerable BUE
at vc = 80 m/min and fz = 20.6 µm/tooth that led to cutting edge and tool breakage.

According to Figure 5, the response of three different types of signals (current, load and
torque) are similar and using all of them for training the model is not required. Therefore,
the load signal was used for further analysis.
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4. Gramian Angular Field (GAF)

The GAF algorithm is used for encoding the time series signal into an image, resulting in
transferring the signal to a polar coordinate space. First, the signal points X = x1, x2, x3, . . . , xn
are normalized so that all values fall in the range of [−1,1] (See Figure 7a).

x̃i =
xi −max(X) + xi −min(X)

max(X)−min(X)
(1)

The rescaled signal X̃ = x̃1, x̃2, x̃3, . . . , x̃n is transformed in the polar system using the
following equations: {

∅ = arccos(x̃i),−1 ≤ x̃i ≤ 1 , x̃i ∈ X̃
r = ti

N
(2)

where Ø and r are angular positions and the radius for determining the position of each
point in the polar space. The ti is the corresponding time of the signal points. Moreover,
N is a constant and is considered as a regularization factor for polar space span. This value
was set to 1 in this study. Figure 7b represents the rescaled signal in the polar coordinate.
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Next, the GAF algorithm is applied for encoding the polar coordinate of the normalized
time series into an image to produce a temporal correlation between different time series
points. Using a Gramian angular summation field (GASF), the trigonometric sum is applied
to each couple of angular positions of each time series point and the rest of the signal points
for generating each row of the GASF matrices. Therefore, the temporal correlation between
each point of the signal and the rest of the signal is calculated at each row, as below:

GASF =


cos(∅1 +∅1) · · · cos(∅1 +∅n)
cos(∅2 +∅1) · · · cos(∅2 +∅n)

...
cos(∅n +∅1)

. . .
· · ·

...
cos(∅n +∅n)

 (3)

For the construction of Gramian angular difference field (GADF) matrices, the couple
of angular positions of each time series point and the rest points are subjected to the
trigonometric difference, as described in the following equation:

GADF =


sin(∅1 −∅1) · · · sin(∅1 −∅n)
sin(∅2 −∅1) · · · sin(∅2 −∅n)

...
sin(∅n −∅1)

. . .
· · ·

...
sin(∅n −∅n)

 (4)

Two matrices of GASF and GADF are illustrated in Figure 7c,d. It is possible to
apply the GASF or GADF methods for further analysis. In this study, GASF images have
been used. In the produced GASF image, some regions are related to the non-machining
area, which are not informative for use in the model training. Therefore, these areas are
removed to reduce the computational time and prevent any inaccuracy in further analysis
(See Figure 8).
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Figure 8. Extraction of machining area from the GASF image.

Figure 9 provides the signals and corresponding GASF images for a series of
five pass-milling prior to the tool breakage. At the first two passes, no remarkable change
in the image (and correspondingly the row signals) can be observed, while afterwards, a
dramatic change in images (alteration in the colors and pattern of images) associated with
the signal fluctuation can clearly be seen, followed by tool breakage in the fifth pass.
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5. Clustering Images

Before training the CNN model, the images were clustered into two main groups
(A and B). Group A contains all images from experiments where no tool breakage occurred.
The build-up edge resulted in an unstable condition followed by tool breakage. Before
tool breakage, a remarkable fluctuation was observed in the signals (and correspondingly
changing the color and pattern of images), which can be considered as an alarm for tool
breakage and belongs to group B. In some experiments, such a fluctuation in the signals
was also observed, but no tool breakage occurred. Instead, the surface quality deteriorated
dramatically, as shown in Figure 10a,b, which indicates the milled surface has considerably
better quality and, therefore, its corresponding GASF image is associated with group A.

Figure 11 also shows the quantitative analysis of the generated surfaces from different
milling series with respect to the roughness values (Ra and Rz). Accordingly, the images
change significantly at higher values of Ra and Rz (red ellipse). Therefore, the GASF images
from these tests were also included in group B.
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Eventually, group B contains all images belonging to the experimental tests where
tool breakage occurred, or the surface quality deteriorated dramatically. Therefore, these
two phenomena should be avoided in the machining process and are included in group
B as critical conditions. Meanwhile, group A includes images of the tests where no tool
breakage occurred, and acceptable surface quality was induced. A total of 858 GASF images
were produced in this study. Based on the assumption regarding the clustering of images
in two groups, 726 and 132 images corresponded to group A and group B, respectively.

6. Convolutional Neural Network (CNN)

A convolutional neural network (CNN), a commonly applied method for machine
learning of images, was used as a classification model in this study. Figure 12 illustrates
the architecture of the developed CNN model. Two main components in this model are
the convolution layer and the pooling layer. In the convolution layer, multiple filters are
applied to the imported image. Each filter scans the entire image, and at each position, the
similarity of the filter is compared with that area of the image. The output of the convolution
layer results in several images that are smaller than the original image. The number of
images corresponds to the number of applied filters. In the next step, the pooling layer is
applied to reduce the size of the images and, correspondingly, the number of parameters to
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be learned as well as the number of computations performed in the network. Moreover,
the pooling layer extracts the most important features of the image. Therefore, the images
are imported from the convolution layer to the pooling layer, which results in a dimension
reduction while preserving the important features of the images. Finally, the images are
flattened and imported into the neural network for training.
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After creating the images using the GASF method, they are resized to 224 × 224 for
importing into the CNN model. In this study, two convolution layers were determined. The
number and size of filters for each convolution layer accounted for 128 and 3× 3, respectively.
After each convolution layer, a pooling layer is placed with a pool size of 2× 2. Therefore, the
imported images (with the size of 224 × 224) after the first convolution layer are reduced to
222 × 222. Further, 128 images obtained from the first convolution layer are further subjected
to the pooling layer, which results in 128 images with the size of 111 × 111. Afterwards,
the output of the second convolution layer results in images with the size of 109 × 109. By
applying the second pooling layer, the size of 128 images is eventually reduced to 54× 54. The
rectified linear unit (ReLU) function is applied as an activation function at both convolution
and pooling layers. In the next step, two layers in a neural network are determined. The
number of neurons at the first and second layers accounted for 256 and 2, respectively. The
ReLU function is selected as an activation function in the first layer. Equation (5) provides
the ReLU function:

f (x) = max(0, x) =
{

xi xi > 0
0 xi ≤ 0

(5)

Accordingly, the ReLU function returns 0 if the value is negative and otherwise returns
xi (See Figure 13a). The ReLU function results in improvement of computational efficiency
in the deep learning model. Due to binary classification, the sigmoid function is used as an
activation function in the last layer. Equation (6) describes the sigmoid function.

f (x) =
1

1 + e−x (6)

As shown in Figure 13b, the derivation of sigmoid function at high values (negative
or positive) is zero, which leads to the deletion of corresponding neurons in the training
process. Therefore, the sigmoid function is not recommended to be used in the hidden layer.
The value of the sigmoid function stands between 0 and 1. Thus, the classification at the
output layer of the neural network can be conducted in which if the value of the sigmoid
function for the given value of x is higher than 0.5, it is referred to class A. Otherwise, the
occurrence of class B is more probable. Moreover, the number of epochs is set to 20 for the
model’s training.
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To better evaluate the trained model, the K-fold cross-validation approach was used
in this study. In this method, the dataset was divided into K groups, where K-1 groups
are used for the training model and one group is used for the test. Again, the test group
is changed, and the rest of the dataset is used for training. This procedure is repeated K
times, and the average accuracy is considered as a good indicator for the future prediction
of the model. In this study, K is set to 4 so that the dataset for group A and group B has
been divided into four groups. As mentioned before, the number of images in group A
and B are 726 and 132, respectively. For each round of training, 545 and 181 images for
group A are used for training and testing, respectively. In the case of group B, the number
of images for training and testing accounted for 99 and 33, respectively. The loss function
for the training of the model is provided by Equation (7).

Loss = − 1
N ∑N

i=1 yi· log(p(yi)) + (1− yi)· log(1− p(yi)) (7)

where N, yi and p(yi) are the number of output values, the target value, and the probability
of the occurrence of the target value, respectively.

7. Classification Model

After training, the classification model is evaluated with respect to the accuracy,
precision, and recall. For the calculation of mentioned metrics, a confusion matrix should
be created for each test group. In the case of binary classification with two groups (positive
and negative), the confusion matrix can be created as shown in Figure 14. Accordingly,
each row of the matrix represents the instances in the actual classes, while each column
denotes the instances in the predicted classes.
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The confusion matrix has four outcomes of TP, FN, FP, and TN. Based on these
outcomes, accuracy, precision, and recall are calculated as follows:

accuracy =
TP + TN

TP + FN + FP + TN
(8)

precision =
TP

TP + FP
(9)

recall =
TP

TP + FN
(10)

Accordingly, accuracy represents the number of predicted true instances divided by
the total number of instances in the confusion matrix. In fact, the accuracy evaluates
the model with respect to both classes. Precision is defined as the fraction of predicted
true positive instances among all instances predicted as a positive class. In other words,
precision indicates how accurate the model is for predicting positive class. Recall provides
the number of true positive instances divided by a total number of actual positive instances.
In other words, recall denotes the sensitivity of the model. As mentioned before, two groups
(A and B) were defined. Group A includes the experimental test results with lower surface
roughness and no tool breakage, while group B is associated with the critical machining
condition. The precision and recall have been calculated with respect to group B, which
contains a lower number of instances than that for group A.

8. Results and Discussion

As explained before, the dataset was divided into four groups according to the K-fold
cross validation method (K = 1, 2, 3 and 4). Figure 15 summarized the evaluation of the
trained model for these groups. Figure 15a provides the confusion matrixes. For each
confusion matrix, the first and second row of the matrix includes group B and group A
instances, respectively. The instances in the first and second columns were predicted by
the trained classifiers as group B and group A, respectively. With respect to the confusion
matrix obtained at each K (See Figure 15a), the accuracy was calculated. According to
Figure 15b, accuracies in all groups (K = 1, 2, 3 and 4) are over 90%, and overall accuracy is
equal to 94%. According to Figure 15c, apart from K = 1 where the recall is 57%, the values
for other groups (K = 2, 3 and 4) are 87%, 78% and 75%, respectively, that lead to the total
value of 75% for recall. This indicates that 75% of instances associated with group B could
be classified as group B by the trained classification model, and the rest were incorrectly
predicted as group A. In the case of precision shown in Figure 15d, the maximum value
(100%) was obtained at K = 1. At K = 2, 3 and 4, the precision of the model accounted for
76%, 89%, 89%, respectively, which results in overall precision of 88%. It can be concluded
that 88% of instances predicted as group B are associated with group B. In other words,
12% of instances predicted as group B were wrongly classified in this group and considered
as FP (false positive).

More precisely, the trained model indicates a high value of accuracy for all groups
(K = 1, 2, 3 and 4). This good result is mainly associated with a high number of correctly
predicted instances for group A. Therefore, the model’s performance concerning group B
would not be evaluated based on the accuracy metric. Recall and precision cannot also
evaluate the model’s performance individually with respect to group B and the combination
of both of them should be taken into account. As an example, all instances predicted as
group B at K = 1 associated with this group result in a precision of 100%. However, the
trained model could not predict 14 out of 33 instances (approximately 40%) that are in group
B. Therefore, the model at K = 1 has excellent accuracy for predicting group B instances
with no wrong prediction of instances in group A as group B. Meanwhile, the model’s
sensitivity in detecting group B instances is not appropriate. In the case of K = 2, 29 out
of 33 instances existing in group B could be predicted, while 9 instances related to group
A were wrongly classified in group B. This results in a reduction of precision at K = 2
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compared to that at K = 1, while the model’s sensitivity at K = 2 is higher than that at K = 1.
In the case of K = 3 and 4, the recall and precision are approximately same.
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As explained before, the last layer in the neural network is introduced by the sigmoid
function that classifies the outcome values based on threshold 0.5. Correspondingly, the
summarized results in Figure 15 are associated with the evaluation of the model based on
this threshold that does not provide a comprehensive evaluation of the trained model. In
this regard, some approaches are introduced in the following to better evaluate the model.

A receiver operator characteristic (ROC) curve can be helpful for the evaluation of
a binary classifier. In this approach, a ROC curve can be developed by plotting a true
positive rate (TPR) against a false positive rate (FPR) at various threshold values. These
two parameters can be calculated as follows:

TPR =
TP

TP + FN
(11)

FPR =
FP

FP + TN
(12)

According to the above equations, TPR is defined as a proportion of true positive
instances out of all actual positive instances that correspond to the model’s recall and
sensitivity. FPR represents a fraction of false positive instances out of all actual negative
instances. Figure 16a illustrates the ROC curve for four groups (K = 1, 2, 3 and 4). The
classifier that provides a curve close to the top-left corner indicates a better performance
based on the ROC curve. Accordingly, the trained model at K = 2 shows better performance
compared to others. The lowest performance with respect to the ROC curve can be seen for
K = 4. The area under the ROC curve as AUC is considered as another parameter for the
evaluation of the classifier model. This parameter is ranged from 0 and 1. A higher value
of AUC highlights better model performance. As shown in Figure 16b, AUC for all groups
(K = 1, 2, 3 and 4) stands over 0.8. Figure 16c indicates the precision-recall curve that has
been derived by calculation of recall and precision at different threshold values. It is desired
that the classifier model has higher precision and recall. Therefore, the precision-recall
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curve closer to the top-right corner shows better performance. Correspondingly, the trained
model classifier at K = 1, 2, 3 performed better than that at K = 4.
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As mentioned before, the dataset includes 726 instances for group A and 132 instances
for group B, which indicates an imbalanced dataset. A variation in performance of the
trained model in different groups (K = 1, 2, 3 and 4) shown in Figure 16 is related to
the issue that the model is mainly trained by group A rather than group B. To deal with
this issue, the dataset is oversampled through the image augmentation technique by
ImageDataGenerator from the KERAS library at Python. In this regard, the trained images
are subjected to different transformations to generate new images. The model was trained
using the oversampled dataset, and the results are summarized in Figure 17. As illustrated
in Figure 17a, the ROC curve at all groups (K = 1, 2, 3 and 4) indicates the good performance
of the model with the value of AUC more than 0.95 for all groups (K = 1, 2, 3 and 4)
(See Figure 17b). Additionally, the precision-recall curve indicates higher precision and
recall in different groups (K = 1, 2, 3 and 4). Apparently, the performance of the model was
improved using the oversampled dataset. This highlighted the issue of the imbalanced
dataset in the training of the model. Therefore, the extension of the dataset, particularly
with respect to group B, is important to assist the model training by reducing a degree of
imbalance in the dataset.
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9. Conclusions

In this study, the Gramian angular field (GAF) method was applied after collecting
the process signals through an Edge computing device (Siemens SINUMERIK Edge (SE)
Box) integrated into the machine. The captured signals were encoded into images using
GAF. Additionally, an AI-Model (a CNN classification model) was developed to predict
the critical process conditions in milling of a titanium alloy (Ti6Al4V). The developed AI
model is able to predict the process critical conditions in terms of tool breakage and low
surface quality in the slot milling of Ti6Al4V. In the following, the results of the current
investigation are summarized.

- The potential of Gramian angular field (GAF) was evaluated for signals from a SE Box.
Instead of applying algorithms for feature detection, the raw signals were converted
into several images. This method guarantees no loss of information, and also provide
temporal correlation between different points of the signal. Using GASF images, it was
indicated that the critical machining condition could be detected through changing in
their patterns and colors.

- The GASF images were classified into two groups. Group A contained images induced
by stable process conditions (no tool breakage and acceptable surface quality). All
images belonging to the experimental tests where tool breakage occurred, or the
surface quality deteriorated dramatically, were classified in group B. The trained
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classification CNN model resulted in recall and precision with 75% and 88% values,
respectively. According to the evaluation of the CNN model based on ROC and
precision-recall curves, the trained models at K = 1, 2, 3 show acceptable performance
compared to that at K = 4. Moreover, AUC value for K = 4 is lower than that for others
at K = 1, 2, 3. This highlighted that the model suffers from an imbalanced dataset. The
extension of the dataset, particularly for group B with a lower number of instances, is
required to achieve a better model’s performance.

- Using the image augmentation technique for oversampling the dataset in the training
procedure, the variation of ROC and precision-recall curves between different groups
has been reduced. Precision-recall curves show higher precision and recall, and the
AUC metric stands over 0.95 in different groups (K = 1, 2, 3 and 4).

- According to the introduced metrics for the evaluation of the model, the combination
of the GAF and CNN classification model for the prediction of critical machining
conditions showed a good performance even in the presence of an imbalanced dataset.
Improvement of the model in the future can be carried out by expanding the dataset,
particularly for collecting more experimental data associated with the critical machin-
ing condition. Based on the obtained results, the robustness of time series imaging in
combination with the CNN model can also be used in other machining processes to
predict unwanted issues and eventually enhance the product’s quality.
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