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Abstract

A new approach for tool wear identification in
metal milling is presented in this work. This ap-
proach evaluates two texture descriptors: LBP
and ALBP, both combined with the LOSIB en-
hancer descriptor (Local Oriented Statistical In-
formation Booster). Two datasets for tool wear
are considered: the first one contains images of
worn cutting edges in gray-scale (Cutting Edges
dataset), the second one consists of the crops of
the worn areas (Edge Wear dataset). Two dif-
ferent labelling approaches are applied in both
datasets: one with three classes (low, medium and
high wear) and another with two classes (low and
high wear). The descriptors were classified us-
ing Support Vector Machine with Least Squares
training method. In the Edge Wear dataset, our
approach obtains 74.05% of hit rate using ALBP8
with LOSIB(1,8) for two classes and 53.77% for
three classes in the labelling.

Keywords: LBP, texture description,
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1 INTRODUCTION

Development of on-line measurement systems to
detect the wear level of metal cutting inserts is an
issue of utmost importance for the control of au-
tomated production systems. These kind of mon-
itoring systems help to reduce production costs,
since supervision of an operator is no longer re-
quired. This subject becomes increasingly im-
portant in modern facilities where machining is
performed at very high cutting speeds, which re-
duces tool life significantly. Consequently, the cost
of tool replacement reduces the productivity in a
very competitive industry. The last decade has
witnessed a growing trend for extending produc-
tion benefits associated to the use of cutting tools
beyond their normal limits. Despite the many ef-
forts focused on this issue, finding a satisfactory
solution for on-line monitoring has not been yet
achieved due to the great difficulties implied in
tool wear measuring.

Metal machining operations such as turning,
milling or drilling are processes involved in the
manufacture of most of the goods. Although much
research has been focused on acquiring advanced
knowledge of the behaviour of these processes in
the last decades, the complexity of this work in
this field makes that this challenge is still alive
nowadays [2]. One aspect can be highlighted in
this context: the cost of cutting tools represents
a significant portion of the final cost, especially
in the context of unmanned production. Teti et
al. [23] and Weckenmann et al. [26] reported that
cost of cutting tools and their replacement account
3-12% percent of total production costs. So, it is
clear that in the case of cutting tools, a consider-
able amount of money can be saved when increas-
ing the efficiency of tool wear monitoring [12]. In
addition, about 20% of non-productive time is due
to tool failure [13] on modern machines. On-line
monitoring of tool wear may improve the decision
making process involved in tool replacement based
on objective facts, instead of relying on operator’s
subjective criteria. In particular, important re-
search has been focused in recent years on the use
of different sensors for monitoring the condition of
cutting tools. Some of the most recent works are
[19, 24, 20, 5, 4, 6, 14, 21]. Use of wear sensors
can reduce tool costs in 40% [15], a clear business
opportunity.

It is very important, therefore, to develop precise
and efficient methods to predict tool wear level,
its evolution and its remaining cutting life. A
machine control system should be able to provide
optimized strategies for tool replacement and for
adjusting tool correctors. In this field, the use of
computer vision and texture analysis is of interest
to determine the wear of cutting inserts.

Texture analysis is a challenging open problem in
computer vision which refers to a set of processes
applied to detect and describe spatial variations of
the gray level of all the pixels in an image. Nowa-
days, there are multiple fields that profit from au-
tomatic texture retrieval, as it makes processes
faster with no need of many qualified staff.

In the biological field, Alegre et al. [1] pro-
posed a texture and moment-based classification
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of the boar sperm acrosome integrity obtaining
very promising results. González-Castro et al.
[8] proposed an adaptive method with no need of
training for texture classification based on the pat-
tern spectrum descriptor. Other biological exam-
ples are, for instance, the method carried out by
Zhou et al. [27] who used gray level co-occurrence
features for breast cancer recognition, obtaining
a precision of 69% using the Tamaura dataset or
the experiment performed by Wang et al. [25] who
developed a texture retrieval method of the Thy-
roid Gland SPECT images based on the gray level
co-occurence matrix.

Haralick features, Wavelet transform and Local
descriptors are very well known techniques with
high performance in texture retrieval processes.
Local descriptors have become more and more im-
portant in the last few years. In particular, the Lo-
cal Binary Pattern (LBP) descriptor proposed by
Ojala et al. [16] and all the derived methods have
been widely used due to their simplicity and high
capability to extract the intrinsic features from
the textures. Garćıa-Olalla et al. [7] proposed an
adaptive LBP method for vitality assessment of
boar sperm. Guo et al. developed several mod-
ifications to LBP such as LBP variance (LBPV)
[11], complete LBP (CLBP) [9] or adaptive LBP
(ALBP) [10].

In fabric quality control processes several meth-
ods have been developed in the last years related
to texture description and LBP. Dutta et al. [3]
developed a technique based on the gray-level co-
occurrence matrix to measure tool condition. In
[22] a modified LBP variant is used to detect de-
fects in fabrics achieving an acceptable rate of de-
tection higher than 95%.

The aim of this paper is to estimate the wear of
cutting inserts with enough precision using tex-
ture descriptors based on LBP, applied both to the
complete cutting edge or just over the worn area.
So that, decision making about the right time for
tool replacement can be improved by means of ob-
jective reasons.

The rest of the paper is structured as follows. In
section 2 the methodology is described. Experi-
ments and datasets are shown in section 3. Fi-
nally, in section 4 conclusions are discussed.

2 METHODS

2.1 Local Binary Pattern

Local Binary Pattern (LBP) is an algorithm pro-
posed by Ojala et al. [17] that describes the
texture of gray-scale images extracting their lo-
cal spatial structure. A pattern code is computed

for each pixel of the image by comparing it with
the gray-scale value of its neighbors following the
equation (1).

LBPP,R =

P−1
∑

p=0

s(gp − gc)2
p

s(x) =

{

1 if x ≥ 0
0 if x < 0

(1)

where gc is the value of the central pixel, gp is the
value of its neighbour p, P is the number of neigh-
bours and R is the radius of the neighbourhood.

After LBP is obtained for each pixel, a histogram
is built in order to describe the whole image using
only the uniform patterns [18], yielding a feature
vector of P + 2 bins of the image. The pattern
extraction process for one pixel is shown in Figure
1.

Figure 1: Local Binary Pattern process for one
gray-scale pixel with P=8 and R=1. LBP code
assigned to the central pixel is calculated by mul-
tiplying the output of the threshold function by
the term 2p for each neighbor pixel and then sum-
ming all these values.

2.2 Adaptive Local Binary Pattern

Guo et al. [10] proposed an adaptive descriptor
based on Local Binary Pattern motivated by the
lack of information about the orientation in the
classical Local Binary Pattern algorithm. The
method that they presented takes into account the
mean and the standard deviation along different
orientations over all the pixels in order to make the
matching more robust against local spatial struc-
ture changes. To minimize variations of the mean
and standard deviation of the directional differ-
ences, Guo et al. proposed a scheme to minimize
the directional difference |gc − wp ∗ gp| adding to
equation (1) an extra parameter w.

The objective function is defined as follows:

wp = argw min







N
∑

i=1

M
∑

j=1

|gc(i, j)− w · gp(i, j)|
2







(2)
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where wp is the weight element used to minimize
the directional difference and N and M are the
number of rows and columns in the image, respec-
tively. Each weight wp is estimated along one ori-
entation 2pπ/P for the whole image.

Therefore, adding this extra parameter w the
ALBP method can be defined as:

LBPP,R =

P−1
∑

p=0

s(gp − wp · gc)2
p

s(x) =

{

1 if x ≥ 0
0 if x < 0

(3)

2.3 Local oriented statistical information
booster (LOSIB)

The main goal of the Local Oriented Statistical
Information Booster (LOSIB) is to enhance the
performance of texture descriptors. The principal
idea of LOSIB is to add local oriented statisti-
cal information computed along all pixels of the
image. This information is rarely taken into ac-
count when describing textures and it gives very
useful information about the image. In this work,
the combination of LOSIB with local binary pat-
tern modifications has been done by concatenating
both vectors.

One important factor in LOSIB extraction is the
number of neighbours in the neighbourhood. In
this sense, more neighbours means that a higher
number of different orientations are taken into ac-
count. If the texture is heterogeneous, the num-
ber of neighbours should be increased to capture
as much as variety in the image as possible. How-
ever, on homogeneous textures the use of exces-
sive orientations may cause loss of weight of the
important ones.

Another important factor is the neighbourhood
depth used to compute the statistical moments,
since information retained by LOSIB at each pixel
is less local. Depending on the image dataset,
very local or more loose global information can
achieve better performance. Nomenclature for
this method is LOSIB(R,P) being R the radius
of the neighbourhood and P the number of neigh-
bours.

Let c be a pixel at position (xc, yc) of the im-
age, p be a pixel of its neighbourhood (with p ∈
{0, 1, ..., (P − 1)}) with (xp, yp) coordinates, and
let gc and gp be their respective gray-level values.

The first step to obtain LOSIB is to extract the ab-
solute differences dp between the gray-level values
gc and gp, for all pixels c of the image, as shown
in equation (4). Figure 2 depicts an example of

this oriented difference extraction at three pixels.

dp(xc, yc) = |gc − gp| (4)

Figure 2: Extraction of the absolute difference
of gray-level values for three pixels to compute
LOSIB(1,8).

Given a pixel c, the coordinates (xp, yp) of its p-th
neighbor are obtained by means of equation (5).

(xp, yp) = (xc+R cos(2πp/P ), yc−R sin(2πp/P ))
(5)

Values of neighbours which are not in the grid
center can be estimated by interpolating their con-
nected pixels.

Then, the mean of all differences along the same
orientation is computed following equation (6),
where N and M are the number of rows and
columns of the image, respectively.

µp =

M
∑

xc=1

N
∑

yc=1

dp(xc, yc)

M ·N
(6)

At the end, all the mean values for each orienta-
tion yield to the LOSIB enhancer vector.

3 EXPERIMENTS AND

RESULTS

3.1 Image acquisition

3.1.1 Central region elimination

The gray-scale images of the inserts with masked
background are subjected to a pre-processing step
which results in four new images, one for each cut-
ting edge in horizontal position. The first step
consists of removing the central portion of the in-
sert, a circular masking region. Firstly, the center
and radius of the circle are determined. To deter-
mine the circle center, the image is binarized with
a threshold of 0.01, resulting in an image with in-
sert pixels set to 1 and the rest to 0. Then, the
centroid of the insert area is calculated and as-
signed as the circle center. Using this binarized
image, the length of the major axis is also ob-
tained. The circle radius is defined as 1/5 of the
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major axis length. After this process, we obtain a
gray-scale image of the insert with both its back-
ground and central region masked out. This image
will be used to extract the four cutting edges.

3.1.2 Edge extraction

This section describes the edge extraction just
only for the west edge. Rest of edges (north, east
and south) are extracted applying the same pro-
cedure on 90, 180 and 270 rotated version of the
original image, respectively. A vertical Sobel filter
is applied to detect the inserts contours using the
gray-scale image resulting from the previous step.
These contours are then dilated and opened, and
vertically projected on the horizontal axis. The
first element non-equal to zero in this projection
indicates the x coordinate of the image where the
cutting edge starts. Then, from this starting x co-
ordinate the image is cropped to a width of 100
pixels and the same height of the original image,
so that it contains the cutting edge. A parametric
margin is added to increase the cropped area, be-
cause experimental tests showed that some inserts
lost some edge pixels due to a tight crop.

3.1.3 Rotation to horizontal position

Once the four cutting edges have been extracted
and their crops have been rotated to horizontal po-
sition (edge facing to south), the edges need to be
aligned to horizontal position. Due to inserts are
not square-shaped but rhomboid-shaped instead,
their cutting edges are not aligned within the same
vertical and horizontal axis. Therefore, a rotation
is required to align edge image with regard to the
horizontal axis. To carry out this operation, a
horizontal Sobel filter is applied followed by a di-
lation. The resulting image is filtered in order to
remove smaller objects which results in a binary
image containing just the cutting edge. This edge
is inscribed in a ellipse whose major axis is ob-
tained. The orientation of this major axis is the
same as the orientation of the cutting edge with
respect to the horizontal axis. Later, the origi-
nal cutting edge image is rotated to compensate
this orientation, obtaining cutting edges aligned
to horizontal position and providing the Cutting
Edges dataset. An example of four images of this
dataset is shown in Figure 3.

3.1.4 Tool wear segmentation

In order to describe only the tool wear region of
interest instead of all the insert area, a manual
segmentation over the worn area was performed.
These images were considered as a new dataset
called Edge Wear dataset. An example is indi-
cated in Figure 4 for the same images shown in

Figure 3: Example of 4 of the 212 images belong-
ing to the Cutting Edge dataset.

Figure 3.

Figure 4: Example of 4 of the 212 images belong-
ing to the Edge Wear dataset.

3.2 Setup

To avoid biased results due to the random factor, a
cross validation algorithm was implemented using
kFold. First, all the descriptors were divided into
ten subsets randomly, assigning to each descriptor
an index between 1 and 10. Then, four Support
Vector Machine (SVM) models were trained with
Least Squares (LS) training algorithm. Nine of
the subsets were used for training whereas the last
subset was reserved to test the classifier.
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3.3 Results

3.3.1 Classification as low-medium-high
wear

This section analyses the results when using a
labelling with three levels of wear (low-medium-
high). The best results were obtained using ALBP
with LOSIB, both of them with 8 neighbours and
radius 1. For this case the hit rate was 53.77%
using the Edge Wear dataset. Although these re-
sults are quite low, they are helpful to demonstrate
the advantages of using LOSIB booster, which
improves the original results in all the evaluated
cases. Results are shown graphically in Figure 5.
Moreover, the Edge Wear dataset obtains in all
cases better results than the Cutting Edge dataset
due to the focus in the edge wear region. Another
important fact is the better performance of the
methods with 8 neighbours and radius 1 caused
by the narrowness of the edge wear and the preva-
lence of homogeneous areas in the insert.

Figure 5: Results using low-medium-high classifi-
cation over both datasets.

3.3.2 Classification as low-high wear

The results obtained using a binary classification
are better than those obtained in a three class clas-
sification. In order to perform this experiment, the
low and medium classes were merged into only
one class called simply low, while the high class
was kept the same. Figure 6 shows the results.
The best performance was achieved using ALBP
with LOSIB with 8 neighbours and the Edge Wear
dataset, as in the previous experiment with three
classes. However, in this case hit rate increases
up to 74.04%, which improves in 38.37% the three
classes results with the same configuration.

4 CONCLUSIONS

A new method has been presented to determine
the wear level of metal cutting tools in milling.

Figure 6: Results using the low-high classification
over both dataset.

The final goal is to implement a monitoring sys-
tem for unmanned machining facilities so that tool
life can be safely enlarged. The method is based on
computer vision techniques using texture descrip-
tors. Two types of dataset were used following two
different strategies. The first approach consisted
on a ternary classification with low, medium or
high wear labels. The second strategy was a bi-
nary classification between low and high wear la-
bels. In a first phase, complete edges were used
to describe their texture using ALBP, LBP com-
bined with LOSIB and using different neighbour-
hood configuration. The best results were ob-
tained using the binary classification with LBP
and LOSIB(1,8) achieving a 63.21% of hit rate.
For the ternary classification the best result was
43.40% of hit rate using ALBP with LOSIB(1,8).
In a second phase, texture methods evaluation was
done using the Edge Wear dataset, that is, focus-
ing only on the worn region. Best results here
were achieved in the ternary classification with a
53.77% of hit rate, which outperforms the first
phase results with the complete edge in 23.89%.
In the binary classification hit rate was 74.06%
using ALBP with LOSIB(1,8), that is, a 22.65%
of improvement with regard to the first phase.
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