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Abstract. This paper presents a reliable machine vision system to automatically estimate and visualize tool wear in micro milling manufacturing. The estimation of tool wear is very important for tool monitoring
systems and image sensors conﬁgure a cheap and reliable solution. This
system provides information to decide whether a tool should be replaced
so the quality of the machined piece is ensured and the tool does not collapse. In the method that we propose, we ﬁrst delimit the area of interest
of the micro milling tool and then we delimit the worn area. The worn
area is visualized and estimated while errors are computed against the
ground truth proposed by experts. The method is mainly based on morphological operations and k-means algorithm. Other approaches based on
pure morphological operations and on Otsu multi threshold algorithms
were also tested. The obtained result (a harmonic mean of precision and
recall 90.24 (±2.78)%) shows that the machine vision system that we
present is eﬀective and suitable for the estimation and visualization of
tool wear in micro milling machines and ready to be installed in an online system.
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Introduction

In recent years, manufacturing systems have evolved dramatically from a system
based on the operator to the automation of the entire process. That industry 4.0
with smart factories is the desire of the existing companies in order to succeed in
the market. To deal with that automation, diﬀerent eﬀorts have been made: new
production procedures, resource optimization, monitoring of the whole process
and use of cyber-physical systems, among others.
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In high precision machining, i.e. micro milling, these cyber-physical systems
need to include smart cutting tools and smart machining to cope with machining dynamics, process variations and complexity [4]. Tool wear inﬂuences significantly on the cutting forces and on the machining outcomes.
Force, vibration and machine sound sensors [1] as well as acoustic emission signals [18] are used for tool wear monitoring. Moreover, image sensors to
acquire digital images from the tool to analyze them to predict tool wear are also
employed [13]. Those images need to be processed to analyze them automatically using active contours [16], linear regression learning [11], neural networks
[6], Hough transform to detect edges [7] or COSFIRE ﬁlters [8].
In this paper we propose a method to detect wear in micro milling tools
by using digital image processing techniques. This aspect is really important to
optimize resources in manufacturing systems since aﬀects the outcomes and is
related to the cutting forces [4]. Micro milling also requires high precision techniques to satisfy the demand at this micrometer level [3]. To deal with that, there
are authors who estimate the wear area by using a threshold processing based
on Morphological Component Analysis and by computing a rotation invariant
feature of the wear area [19]. Other works [17] are based on the extraction of a
set of wear features such as the width of the crater wear, the depth of the crater
or the distance between the center of the crater and the cutting edge among
others, and using a fuzzy statistical method to analyze the feature vector.
We present a method that evaluates tool wear at the resting position of a
micro milling machine using image sensors and processing techniques. It automatically determines the worn area of the tool and provides an easy visualization
of it. We present three diﬀerent approaches to solve this issue and evaluate and
compare them. We apply morphological operations, k-means [14] and Otsu multi
level thresholding [15] algorithms, among others. Besides, the system does not
need image references to compare to, so from one single image is able to determine the worn area of the tool.
The paper is organized as follows. Section 2 describes the method proposed in
this paper. Experimental details are presented in Sect. 3 and discussed in Sect. 4.
Finally, conclusions are gathered in Sect. 5.

2

Method

In this section, we describe the supervised machine vision method for estimating and visualizing tool wear of a milling tool. The method is two-fold and a
schema is shown in Fig. 1. First the area of interest is isolated. We consider the
area of interest as the detachment surface and, therefore, it can be damaged.
Then, the worn area is delimited. The estimation of the worn area is done using
three diﬀerent approaches: (i) purely based on morphological operations; (ii)
using k-means and morphological operations; and (iii) using Otsu multi level
thresholding and morphological operations. Even if the steps that comprise the
pipeline are well-known, the pipeline itself is an intelligent-based method that
can learn, by means of a supervised training, speciﬁcally for the application at
hand.
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Delimitation of the Area of Interest

We deﬁne the area of interest as shown in Fig. 2. This area is delimited by the
main line, which is the cutting edge of the milling tool, the secondary line, which
is due to the shape of the milling tool, and the contour of the tool. Generally, a
milling tool gets worn in this area earlier than in others and that is why it is so
important to control the wear in such region.

Fig. 1. Illustration of the method.

In order to localize the main line, we basically detect edges in the image and
apply Hough transform [10]. Speciﬁcally, we use Sobel ﬁlter [5] for edge detection.
Figure 3(a) shows an image sample of a milling tool after manufacturing 4 meters.
Figure 3(b) shows the edges detected using Sobel ﬁlter for the same image. We
also use Sobel edge map to deﬁne the contour of the milling tool. Then we apply
Hough transform to the binary edge map in order to look for straight lines.
Since the position of the milling tool and acquisition system do not vary, we
can delimit the possible degrees of the line. Experimentally in the training set,
we deﬁne the range of possible angles [a1,1 , a1,2 ], considering 0 degrees in the
vertical and measuring in clockwise direction. We take the highest peak of the
Hough transform as the main line, which is deﬁned by the parameters ρ and θ in
the parametric representation of a line, ρ = x cos(θ) + y sin(θ). ρ is the distance
from the origin to the line along a vector perpendicular to the line, and θ is the
angle in degrees between the x-axis and this vector. The automatically detected
main line for the image sample for angles [23, 29] appears overlapped to the edge
map in Fig. 3(c).
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Fig. 2. (a) Area of interest. (b) The main line is marked in orange and the secondary
line in green (color ﬁg online).

The detection of the secondary line is similar to the main line. The gradient
magnitude of the secondary line is lower than the one in the main line. For
this reason, we use Canny method [2] for edge detection with a relatively low
sensitive threshold, t1 , that is computed when training the system. We use Hough
transform to look for straight lines in the edge map with a new set of possible
angles [a2,1 , a2,2 ]. The secondary lines always present higher slopes than the main
lines and therefore can be easily distinguished. Figure 3(d) shows the detected
secondary lines for angles [22, 23].
The contour of the tool using Sobel and the two lines are superimposed in the
same binary image, as seen in Fig. 3(e). Then, we ﬁll in the space delimited by
the two lines and the contour, this is the area of interest. To do so, we obtain the
middle point of the main line as reference point to indicate that the area on the
left of such point should be ﬁlled in. The red cross in Fig. 3(e) indicates the left
pixel neighbor of the middle point in the main line. Figure 3(f) shows the result
of ﬁlling in the area of interest. We utilize an opening morphological operation
to get rid of the pixels outside the area of interest. It consists of the dilation
of the erosion of the image by a disk-shaped structuring element with radius
10. The result of this operation is the extraction of the mask that deﬁnes the
area of interest. Figure 3(g) shows such mask for the example considered. The
Hadamard product of the mask by the original image produces the an image in
which the area of interest is visible and the background is black, see Fig. 3(h).
2.2

Delimitation of the Worn Area

The detection of the worn area is proposed and evaluated using three diﬀerent
approaches. Before, we pre-process the image to suppress horizontal features in
the images. We use an Anisotropic Gaussian ﬁlter [9] with higher standard deviation along the x axis. Figure 3(i) shows the result of applying the Anisotropic
Gaussian ﬁlter to the image example. Once the image is pre-processed, we deﬁne
the three diﬀerent approaches as follows:
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Fig. 3. (a) Micro milling tool after machining 1 meter. (b) Binary edge map with Sobel
operator. (c) Blue line indicates the main line. (d) Blue line indicates the secondary
line. (e) Main and secondary lines superimposed to the contour of the tool. The red
cross indicates the pixel of reference to ﬁll in the area of interest. (f) Filled in of the
area of interest. (g) Mask of the area of interest. (h) Area of interest. (i) Area of interest
after Anisotropic Gaussian ﬁltering (color ﬁg online).

(i) Morphological Operations. This approach is based on the use of morphological operations. First, we obtain the binary edge map of the image using Canny
algorithm. Then we ﬁll small gaps in the image using ﬁlledgegaps method [12].
We use it in an iterative way, increasing the edge gap size to ﬁll in each iteration
in order to not produce great deformations on the shape of the original edge
map. In these experiments, edge gap sizes of 21, 31 and 41 were selected –only
odd numbers are valid for the method–. Figure 4(a) shows the image sample after
ﬁlling gaps. After, we ﬁll in the worn area which is placed at the left of the middle
point of the main line, see Fig. 4(b). Then we extract the largest connected component (object) from the binary image with a connectivity of 4 pixels. In order to
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get a uniform mask, we ﬁll holes, considering a hole as a set of background pixels
that cannot be reached by ﬁlling in the background from the edge of the image,
and perform an opening morphological operation with a disk-shaped structuring element with radius 3. The resulting mask deﬁnes the worn area using the
approach (i). The resulting masks on the considered examples can be seen in
Fig. 4(c).

Fig. 4. Approach (i): (a) Image sample after ﬁlling gaps. (b) Filled in worn area.
(c) Mask of the worn area.

(ii) k -means and morphological operations This approach is based on kmeans algorithm and some morphological operations. First, we increase the contrast of the images by mapping the intensity values such that 1% of the data
in the original images is saturated at low and high intensities. Then, we apply
k-means with k = 4 clusters. We chose k = 4 at an experimentation stage using
only training samples. In order to reproduce a more stable result, we repeat three
times the clustering using new initial cluster centroid positions and keep the
solution with the minimum within-cluster sums of point-to-centroid distances.
Figure 5(a) shows the k-means labels obtained for the sample images. We select
the pixels of the k-means algorithm map that share the same label as the label of
the left neighbor pixel to the middle pixel in the main line, see Fig. 5(b). Then,
we perform an opening morphological operation with a disk-shaped structuring
element with radius 3. And we extract the largest connected component from
the binary image with a connectivity of 4 pixels. Finally, we ﬁll holes of the
binary image and obtain the resulting mask that deﬁnes the worn area using
the approach (ii). The masks of the worn area using approach (ii) are shown in
Fig. 5(c).
(iii) Otsu Multi Level Thresholding and Morphological Operations.
This approach is based on Otsu multi level thresholding algorithm and some
morphological operations. First, we increase the contrast of the images as in
approach (ii). Then, we apply Otsu multi level thresholding algorithm using 3
threshold values, therefore, obtaining 4 discrete levels in the image. Similarly
to k-means, we obtain an image map with pixels being clustered in 4 groups.
Figure 6(a) shows the Otsu multi level labels obtained for the sample images.
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Fig. 5. Approach (ii): (a) k-means map. (b) Pixels belonging to the same label as the
worn area. (c) Mask of the worn area.

Fig. 6. Approach (iii): (a) Otsu multi level thresholding map. (b) Pixels belonging to
the same label as the worn area. (c) Mask of the worn area.

We select the pixels of the Otsu multi level map that share the same label as the
label of the left neighbor pixel to the middle pixel in the main line, see Fig. 6(b).
The rest of the approach consists of the same steps as in the approach (ii):
opening morphological operation, extraction of the largest connected component
and ﬁll holes. The masks of the worn area using approach (iii) are shown in
Fig. 6(c).

3
3.1

Experiments
Dataset

Images of a micro milling tool are used in this work. The tool is symmetric
and contains two cutting edges. The milling tool was in its vertical position and
images were taken while the tool was in the resting position. The monochrome
camera is placed in the same horizontal plane as the tool, so images similar to
the ones shown in Fig. 7 are acquired. The milling tool is metallic and red LED
lights are used to avoid shines. The images were taken after 1, 2, 3 and 4 meters
of milling with diﬀerent micro milling tools. The micro milling machine does
not use lubricants, oils or other sources that may cause a ﬁlthy tool. Therefore,
marks in the tool are caused by wear and images are clean. Together with the
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Fig. 7. Sample images of a milling tool after milling (a) 1 meter and (b) 2 meters
(c) 3 meters and (d) 4 meters. (e–h) Ground truth masks of the worn areas for the
sample images in (a–d).

dataset, experts manually created ground truth masks of the worn areas. The
ground truth images are only used to check the performance of the proposed
method but not for training the system. Sample images for 1, 2, 3 and 4 meters
and their corresponding ground truth images are shown in Fig. 7.
3.2

Experimental Setup

We perform a hold-out validation in which half of the dataset was used for training and the rest for testing. In the training phase, the values of the parameters
were set up. The proposed method with the parameters obtained in the training
phase is applied to the test images and results are computed. We computed four
error metrics:
Area error is deﬁned as the rate of diﬀerence area between the ground truth
and the automatically deﬁned areas with respect to the ground truth area, as
deﬁned in Eq. 1.
Area error =

actual area − predicted area
actual area

(1)

We refer to worn pixels as pixels that are identiﬁed by the method to belong
to the worn area and we consider them as the positive class. Therefore, we deﬁne
a true positive (TP) as a pixel that belongs to the worn area and is identiﬁed as
worn by the method; a false positive (FP) as a pixel that does not belong to the
worn area and is identiﬁed as worn; and a false negative (FN) as a pixel that
belongs to the worn area and it is not identiﬁed as worn.
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We deﬁne the precision as the sum of pixels in the intersection area between
the ground truth and automatically detected worn areas, and it is deﬁned in Eq. 2.
Precision =

TP
TP + FP

(2)

We deﬁne the recall as the sum of pixels in the intersection area between the
inverse ground truth and automatically detected worn areas, and it is deﬁned in
Eq. 3.
TP
Recall =
(3)
TP + FN
We deﬁne the F-score as the harmonic mean of the precision and recall, Eq. 4.
F-score(%) =

4

2 · Precision · Recall
Precision + Recall

(4)

Results

We present the results of the three approaches of our method for the training
set in Fig. 8(a) and Table 1 and for the test set in Fig. 8(b) and Table 2. Figure 9
shows the visual results for two sample images.

Fig. 8. Results for the (a) training set and (b) test set.

Table 1. Average results and standard deviations, shown as percentage, for the training
images. Best results are shown in bold.
Approach Area error
(i)

Recall

Precision

F-score

6.29 ± 6.48 92.83 ± 2.95 91.63 ± 11.45 92.07 ± 7.45

(ii)

10.50 ± 9.56

91.85 ± 3.86

83.37 ± 11.84

87.68 ± 8.49

(iii)

10.69 ± 9.60

92.87 ± 3.79

83.20 ± 11.89

87.58 ± 8.53
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Table 2. Average results and standard deviations, shown as percentage, for the test
images. Best results are shown in bold.
Approach Area error
(i)

34.47 ± 41.36

(ii)
(iii)

Recall

Precision

F-score

88.73 ± 10.11

61.77 ± 40.60

67.00 ± 39.09

6.36 ± 2.47

93.30 ± 1.64

87.40 ± 3.76

90.24 ± 2.78

6.89 ± 2.26

93.52 ± 1.57

87.10 ± 3.54

90.18 ± 2.64

Fig. 9. Visual results for two images of the dataset. (a) Original image. In the original
image, areas out of the resulting masks are attenuated for approaches (i) (b), (ii) (c)
and (iii) (d).

Approach (i) obtains very good results for training but poor for testing.
Approaches (ii) and (iii) show highly similar results both in training and testing
sets, which leads to methods that generalize well for a wide range of machining
conditions. We achieved an area error of 6.36 (±2.47)% and a harmonic mean
of precision and recall equals to 90.24 (±2.78)%, with precision (87.40 ± 3.76%)
and recall (93.30 ± 1.64%). This is a very satisfactory result since experts ﬁnd
very diﬃcult to determine the exact ground truth areas to pixel precision.
Approach (i) is hand crafted and lacks generalization abilities, it is quite
sensitive to machining conditions and it is hard to ﬁnd parameters that suit for
diﬀerent kind of micro milling processes. On the contrary, approach (ii) and (iii)
are based on learning which provides better generalization abilities. Approach
(iii) is computationally faster than approach (ii).

5

Conclusions

In this paper we presented a method for the estimation and visualization of tool
wear in micro milling manufacturing. This method relies on machine vision techniques, in particular, we proposed three approaches based on: (i) morphological
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operations; (ii) k-means algorithm and morphological operations; and (iii) Otsu
multi level thresholding algorithm and morphological operations. Approaches
(ii) and (iii) yielded satisfactory results for the estimation and visualization of
tool wear. The presented system can be set up on-line and it can be applied
while the milling head tool is in a resting position. This system helps to model
and visualize tool wear in order to automatically decide the replacement of the
tool, which reduces the risk of tool collapse and assures a good quality of the
machined pieces. In future, we will evaluate other methods, such as DBSCAN
and Gaussian Mixture Expectation-Maximization. Morevoer, more views of the
tool will be analyzed using several vision sensors such as endoscopy systems.
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