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Abstract

This paper proposes a novel method for in situ localization of multiple inserts
by means of machine vision techniques, a challenging issue in the field of tool
wear monitoring. Most existing research works focus on evaluating the wear of
isolated inserts after been manually extracted from the head tool. The method
proposed solves this issue of paramount importance, as it frees the operator from
continuously monitoring the machining process and allows the machine to con-
tinue operating without extracting the milling head for wear evaluation. We use
trainable COSFIRE filters without requiring any manual intervention. This train-
able approach is more versatile and generic than previous works on the topic, as
it is not based on, and does not require, any domain knowledge. This allows an
automatic application of the method to new machines without the need of specific
knowledge on machine vision. We use an experimental dataset that we published
to test the effectiveness of the method. We achieved very good performance with
an F1 score of 0.9674, in the identification of multiple milling head inserts. The
proposed approach can be considered as a general framework for the localiza-
tion and identification of machining pieces from images taken from mechanical
monitoring systems.
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1. Introduction

We have witnessed many works during the last decades on the implementation
of tool wear monitoring (TWM) systems that aim at improving the quality, speed
and manufacturing costs. This should not be a surprise considering that the impact
of cutting tool failures due to wear and breakage on total production costs ranges
from 3% to 12%. Along with this cost, 20% of non-productive time is due to tool
failure and, moreover, tool wear is found to have a direct impact on the quality of
surface finish and dimensional precision of the finished product [1].

Given these facts, the development of measurement systems to localize tool
inserts and evaluate their wear level in milling processes is an issue of high im-
portance.

In this paper we focus on the preliminary stage of tool wear monitoring by
means of digital image processing techniques: the identification of multiple inserts
in an image of the milling head. Figure 1 shows the milling machine object of this
study, Tecoi TRF cutting machine, and a close-up of the milling head tool. Most
of the existing works relying on image processing techniques evaluate isolated
inserts [2, 3, 4, 1] rather than first localizing the inserts and their cutting edges on
the milling head. Therefore requiring the extraction of the cutting head and the
continuous presence of an operator during the machining process. On the contrary,
this paper presents an automatic identification procedure that takes place in situ
and does not interfere in the machining process: no human operator, no cutting
head extraction, no stop during process. Other works evaluate tool condition in
turning [5, 6, 7] or branching [8] rather than in milling and they do not need a
precise localization of inserts.

To the best of our knowledge, two works deal with the localization of multiple
inserts in milling heads with high number of inserts. In [9] we used a circular
Hough transform to detect the screws that fasten the inserts. That method, how-
ever, suffered from insufficient ability to detect skewed screws which are typically
found at the sides of the images. That approach is highly specific to solve this par-
ticular problem since it is only valid for inserts fastened by circular screws. And
more importantly, it required a lot of domain knowledge to set up the parame-
ters of the system and could not be directly reproducible on another machine.
As an improvement to the shortcomings of that previous work, the present paper
proposes a more versatile and generic method that can be automatically tuned to
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(a) (b)

Figure 1: (a) Milling machine. The green ellipses mark the two milling head tools of Tecoi
TRF cutting machine. (b) Milling head tool. Inserts are fastened with circular screws.

localize multiple inserts in a milling machine. In another study [10] the authors
used a basic template matching approach and obtained a low F1 score (harmonic
mean of precision and recall) of 86%.

After localizing the inserts, methods to determine which inserts are broken (if
any) or wear level of the inserts should follow. In [11], we presented an efficient
machine-vision-based method that detects broken inserts in milling heads. In [11]
the localization of inserts was done using the domain knowledge-based method
introduced in [9].

The approach that we propose in this paper makes use of a set of trainable
COSFIRE (Combination Of Shifted FIlter REsponses) filters [12] that are selec-
tive for inserts in different poses. Their capability to localize patterns similar to a
prototype based on the arrangement of edges makes this approach very appealing
for this application. COSFIRE filters enable us to have a generic approach, where
no domain knowledge is required, since they can be automatically configured to
be selective for any shape. The proposed approach can, therefore, be useful for
other applications. In this paper, we present a method to efficiently use the base-
line COSFIRE filters for the identification of inserts in machining processes.

COSFIRE filters have proved to be very effective in other fields for the detec-
tion of patterns based on the geometrical arrangement of lines and edges: vessel
delineation [13], vascular bifurcations [14], handwritten digits recognition [15],
detection and recognition of traffic signs in complex scenes [12] and object recog-
nition [16, 17]. This is the first time that an approach based on COSFIRE filters
is used in the mechanical field.
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Figure 2: Schema of the capturing system.

2. Milling head images

To the best of our knowledge, there was no public repository that contains
images of cutting heads from milling machines. Therefore, we created a collection
comprising 144 of these images, which was originally published in [9]. Interested
researchers have free access to this dataset1.

Six milling heads, each containing 30 cutting inserts screwed on 6 flutes along
the tool perimeter, were captured. These inserts are rhombus-shaped with four 90
degrees indexable cutting edges. The flutes overlap vertically so that the last and
first inserts of consecutive flutes are aligned. For this configuration, the camera
and the milling head must be aligned on just 24 equally spaced positions. The
number of inserts per image varies from 8 to 10.

We took the images with a monochrome camera, model Genie M1280 1/3′′,
with an active resolution of 1280× 960 pixels. A fixed lens (AZURE-2514MM)
with focal length of 25 millimeters and 2 mega pixel resolution was used. In order
to enhance [18] the grayscale images capturing capability, we used two compact
bar shape structures with high intensity LED arrays (BDBL-R(IR)82/16H). Figure
2 illustrates the schema of the capturing system.

Along with the dataset, we provide ground truth information. It comprehends
a list of coordinates localizing the center of the screws fastening the inserts and
a black background mask with 40-pixel radii white circles centered around the
concerned positions2. For the definition of the ground truth, we have discarded

1The dataset can be downloaded from http://www.computervisiononline.com/dataset/edge-
milling-heads

2An insert is considered correctly detected if it is localized within the given bounds of its screw
in the ground truth.
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(a) Image no. 0067 (b) Image no. 0100 (c) Image no. 0142

(d) Groundtruth of image no.
0067

(e) Groundtruth of image no.
0100

(f) Groundtruth of image no.
0142

Figure 3: Images from the dataset (a-c) and their corresponding ground truth masks (d-f).

partly visible inserts on each image. Figure 3 illustrates some milling head images
and their corresponding ground truth masks.

3. Method

3.1. Overview
We first apply the contrast-limited adaptive histogram equalization (CLAHE)

method [19] to improve the contrast of the images and facilitate the detection of
edges.

In order to detect a particular object in an image, COSFIRE filters are first con-
figured by using some training patterns, also referred to as prototypes. We obtain
a prototype pattern by extracting a delimited area —region of interest (ROI)—
containing one of the inserts in a representative image, Fig. 4. The ROIs are only
needed in the training phase and they are used to configure COSFIRE filters. The
center points of these ROIs are given in the ground truth, while their heights and
widths are defined as fixed pre-calibrated values. At testing phase, the COSFIRE
filters are then able to localize the inserts without information about the ROIs.

COSFIRE filters [12] combine the responses of 2D Gabor filters at specific
locations around a given point. Gabor filters [20] are selected by establishing
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Figure 4: Selection of the region of interest: (a) Input image. (b) Prototypical insert. (c)
Selection of the ROI. (d) Mask that mark out the area of the ROI.

their characteristic directions and the locations at which their responses are taken.
Consequently, the resulting COSFIRE filter only responds to inserts similar in
local spatial arrangement to that of the prototype. In this case, the most dominant
edges are found on the sides of the insert, around the screw and on the top right
crack, Fig. 4.

3.2. Gabor filters
We denote by hλ ,θ (x,y) a Gabor function with a given wavelength λ and ori-

entation θ :

hλ ,θ (x,y) = e

(
− u2+γ2v2

2σ̂2

)
cos
(

2π
u
λ
+ζ

)
(1)

u = xcos(θ)+ ysin(θ) (2)
v = −xsin(θ)+ ycos(θ) (3)

where γ = 0.5 is the aspect ratio that specifies the ellipticity of the support of the
Gabor function; σ̂ determines the size of the support, and ζ = π/2 is the phase
offset that determines the shape of the Gabor function3.

We denote by gλ ,θ (x,y) the response of a Gabor filter to a grayscale input
image I:

gλ ,θ (x,y) = I ∗hλ ,θ (x,y) (4)

3For more details about Gabor filters and the use of their parameters such as the aspect ratio or
the standard deviation of the Gaussian envelope, we refer the reader to [21, 22, 23, 24, 25, 26].
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Gabor functions are normalized in such a way so all positive values sum up to
1 whereas all negative values sum up to -1. In this way, the response to a local
pattern of constant intensity is 0 even for symmetrical filters (ζ ∈ {0,π}) and the
largest response to a line of width w is achieved using a symmetrical filter with
λ = 2w. We threshold the responses of Gabor filters at a fraction t1 = 0.1 of the
maximum response of gλ ,θ (x,y). In this way, we eliminate negative and small
positive responses that are produced due to noise.

3.3. Configuration of COSFIRE filters
A COSFIRE filter is configured by determining the geometrical properties of

the lines and edges in the neighbourhood of a specified point of interest, which
in this case is the centre of a screw. The neighbourhood is defined by a set of
concentric circles of given radii. We first superimpose the responses of a bank
of Gabor filters with one scale (λ = 6) and 16 orientations (θ = {0,π/8, . . .}).
For each local maximum Gabor filter response along these circles we consider the
Gabor filters that give a response greater than a fraction t2 = 0.75 of the maximum
Gabor filter response at that position. We then create a 4-tuple (λ ,θ ,ρ,φ ) for
every Gabor filter that satisfies the mentioned criterion: the wavelength λ and
orientation θ of the Gabor filter define the characteristics of the concerned Gabor
filter, while the distance ρ and polar angle φ define the position with respect to
the center.

We denote by S f a COSFIRE filter with a set of 4-tuples (λi,θi,ρi,φi) that
characterize the properties of the involved contour parts:

S f =
{
(λi,θi,ρi,φi) | i = 1, · · · ,n f

}
(5)

The subscript f stands for the pattern of interest (in this case an insert) around the
screw and n f stands for the number of involved contour parts.

For the ROI shown in Fig. 4, taking 25 concentric circles with equally spaced
radii from 0 to 150 (the maximum radius of 150 pixels is half the diameter of
the prototype insert), this method results in a COSFIRE filter with 127 tuples.
Fig. 5(a-b) illustrates the consideration of Gabor filter responses along the circle
with radius ρ = 107. The white cross in Fig. 5a indicates the point of interest
and the white circle represents the locations of the Gabor filter responses consid-
ered around the point of interest for a given radius ρ = 107. The gray-level of a
pixel represents the maximum value superposition of the responses of the bank of
antisymmetric Gabor filters at that position. For that circle the automatic configu-
ration determines 3 tuples; one for each point marked with labels a, b and c with
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(a) (b) (c)

Figure 5: Configuration of a COSFIRE filter: (a) Superposition of the response maps of a
bank of Gabor filters. (b) The maximum Gabor filter responses along the depicted circle
in (a). (c) Structure of the COSFIRE filter.

Table 1: Set of tuples that describe three contour parts of the prototype shown in Fig. 4
for a circle with radius ρ = 107 pixels.

i λi θi ρi φi
1 6 15π/8 107 0.7
2 6 5π/8 107 1.22
3 6 π 107 4.08

parameter values specified in the set shown in Table 1. The three local maxima in
the plot of Fig. 5b are respectively labelled and marked with pink dots in Fig. 5a.
The third tuple (λ3 = 6,θ3 = π,ρ3 = 107,φ3 = 4.08) describes a contour part with
a wavelength of (λ3 = 6) and an orientation of θ3 = π . These properties indicate
that the concerned contour part is vertical and that it can be detected by a Gabor
filter with preferred wavelength λ3 = 6 and orientation θ3 = π , at a position of
ρ3 = 107 pixels to the bottom-left (φ3 = 1.29π) from the support center of the
filter. This location is marked by the label c in Fig. 5a. In Fig. 5c we illustrate
the structure of the resulting COSFIRE filter with 127 tuples. Each of the ellipses
represent a tuple of the set of contour parts. Their size and orientation represent
the scale and orientation parameters of the Gabor filters. The green enumerated
ellipses represent the three contour parts along the circle with radius ρ = 107:
ellipse 1 corresponds to the local maximum a, ellipse 2 to b and ellipse 3 to c.
The bright blobs are intensity maps of the Gaussian functions that are used in the
application step for blurring the responses of the Gabor filters.
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3.4. Application of COSFIRE filters to milling head images
We apply a COSFIRE filter to an input image by first computing the responses

of Gabor filters defined in the set of tuples. Then, for each position in an image,
we combine the Gabor filter responses whose locations are specified by the po-
lar coordinates in the set of tuples, and combine them with a multivariate output
function.

3.4.1. Blurring and shifting
Before computing the output function of a COSFIRE filter, we first blur the

Gabor filter responses in order to allow for some spatial tolerance of the in-
volved contour parts. The Gabor filter responses are blurred by centering a Gaus-
sian function map with standard deviation σ around every pixel and taking the
weighted maximum. The standard deviation is a linear function of the distance ρ

from the centre of the COSFIRE filter [12]:

σi = σ0 +αρi (6)

We use the default parameter values σ0 = 0.67 and α = 0.1 as suggested in
[12]. The blurred response for the tuple (λi,θi,ρi,φi) is defined as:

bλi,θi,ρi(x,y)
def
=== max

x′,y′

{
gλi,θi(x− x′,y− y′)×Gσi(x

′,y′)
}

(7)

where −3σ ≤ x′, y′ ≤ 3σ .
Instead of retrieving the Gabor filter responses using the polar coordinates

specified in tuples of the filter with respect to each pixel in the image, we shift
the blurred responses of each Gabor filter by a distance of ρi in the opposite
direction to φi. In polar coordinates, we can express this shift as (ρi,φi + π),
whereas in Cartesian coordinates it is described as an increment (∆xi,∆yi) where
∆xi =−ρi cosφi and ∆yi =−ρi sinφi. We denote by sλi,θi,ρi,φi(x,y) the blurred and
shifted response of the Gabor filter specified by the tuple (λi,θi,ρi,φi) in the set
S f :

sλi,θi,ρi,φi(x,y) = bλi,θi,ρi(x−∆xi,y−∆yi) (8)

3.4.2. Response of a COSFIRE filter
In the work published in [12] the response of a COSFIRE filter is defined as

the geometric mean of all blurred and shifted responses of the involved Gabor
filters as defined in Eq. 9. This is a hard AND-type function as the absence of
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only one of the preferred contour parts suppresses completely the response of
the COSFIRE filter, onwards named Hard Geometric Mean (HGM). Here, we
experiment with two other softer output functions, namely Arithmetic Mean (AM)
and Soft Geometric Mean (SGM), defined in Eq. 10 and Eq. 11, respectively.

rS f (x,y)
def
===

∣∣∣∣∣∣
(|S f |

∏
i=1

(
sλi,θi,ρi,φi(x,y)

))1/|S f |
∣∣∣∣∣∣
t3

(9)

rS f (x,y)
def
===

∣∣∣∣∣ 1
|S f |

(|S f |

∑
i=1

(
sλi,θi,ρi,φi(x,y)

))∣∣∣∣∣
t3

(10)

rS f (x,y)
def
===

∣∣∣∣∣∣
(|S f |

∏
i=1

(
sλi,θi,ρi,φi(x,y)+ ε

))1/|S f |
∣∣∣∣∣∣
t3

(11)

where |.|t3 means that the response is thresholded at a fraction t3 of the maximum
across all coordinates (x,y). The parameter ε in Eq. 11 is a very small value in
order to avoid complete suppression by omitted contour parts. In this work, we set
ε = 10−6. In this way a COSFIRE filter that uses a SGM output function always
gives a response greater than zero. As for the AM function, the omission of a
contour part has a lower effect in the response of a COSFIRE filter than SGM or
HGM.

From the COSFIRE response map rS f (x,y), we first choose the local maxima.
Then, if two local maxima are within a Euclidean distance of 130 pixels, we only
keep the point with the strongest response. Due to the shape of the milling cutting
head and the conditions of the image capture, inserts are always separated by at
least 130 pixels. We call these points, positive responses.

Figure 6 shows a demonstration example of the application of a COSFIRE fil-
ter to detect inserts. In this example, the COSFIRE filter is applied with the SGM
function and has 127 tuples. The blurred and shifted response maps correspond
to the tuples in the configured set. The filter responds in locations where there is
an identical pattern or a pattern similar to the prototypical insert. In this example,
the maximum response -marked with a red ‘×’- is reached in the center of the
prototype insert that was used to configure this COSFIRE filter and the other four
local maxima correspond to similar inserts.

Although COSFIRE filters can achieve tolerance to rotation, scale and reflec-
tion [12], in this application it was not necessary to apply any invariances to such
geometrical transformations.
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Figure 6: (a) Input image. The framed area shows (top) the pattern of interest selected for
the configuration and (bottom) the structure of the COSFIRE filter that is configured with
this pattern. (b) Responses of the Gabor filters that define the contour parts found along
the circle with radius ρ = 107. (c) Blurred and shifted Gabor responses. (d) Binary output
of the COSFIRE filter computed with SGM and t3 = 0.15.

4. Experiments

The dataset is split in two subsets, training and test. The training set is formed
by the images of the dataset separated by 13 snapshots with numbers 0001, 0014,
0028, 0042, 0056, 0070, 0084, 0098, 0112 and 0126. The other 134 images form
the test set. The flowcharts of the training and test experimental setups are shown
in Fig. 7.

We configure filters in an iterative process by using inserts from the training
images. We start by choosing a random insert from the training images to be the
first prototype f1 and use it to configure a COSFIRE filter S f1 . Then, we apply
this filter to all the images in the training set. We set the value of the parameter t3
in such a way to produce the highest number of correctly detected inserts and no
false positives, therefore achieving 100% precision. Figure 8 shows the detected
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(a) (b)

Figure 7: (a) Pipeline of the procedures applied to the training set for automatic training.
(b) Pipeline of the procedures applied to the test set for method evaluation.

inserts with functions AM, HGM and SGM using the filter S f1 for the prototype
insert shown in Fig. 4b. We automatically set the threshold t3 to 0.0776, 0.0135
and 0.0137 for the AM, HGM and SGM output functions, which results in 48,
22 and 56 correct detections, respectively. In total, there are 86 inserts in the 10
training images. Thus, this COSFIRE filter detects 65.12% of the inserts using
SGM, and no false positives.

In the second iteration, we randomly choose one of the inserts that was not
detected by the first filter S f1 and we call it prototype f2. We use this prototype
to configure a second COSFIRE filter S f2 . Then, we apply this filter to the 10
images of the training set and determine the t3 parameter values that yield to 100%
precision. Filter S f2 detects a number of inserts, some already detected by filter
S f1 and some new detections. For example, S f2 with SGM correctly detects 52
inserts, of which 34 coincide with the inserts detected by S f1 and 18 are newly
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j)

Figure 8: Detection results on the entire training set with the COSFIRE filter that is con-
figured with the prototype insert shown in Fig. 4b. Above each rectangle, a colored square
indicates by which output function the insert is detected; red denotes SGM, yellow HGM
and green AM.

detected ones. At this point, we have detected a total of 74 inserts out of 86.
The process successively continues until all the 86 inserts in the training set are

detected. The number of filters needed for each output function in each experiment
are reported in Table 2. Figure 9 shows the set of inserts that was configured in
the first experiment for each output function.
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Table 2: Results of five experiments for the different output functions: Arithmetic Mean
(AM), Hard Geometric Mean (HGM), Soft Geometric Mean (SGM). The sixth and sev-
enth rows of each method show the means and standard deviations (SDs) of the corre-
sponding columns, respectively. The heading #F stands for the number of filters, #T
stands for the total number of tuples configured in all filters in the corresponding exper-
iments, while F1 is the harmonic mean of precision and recall. TM stands for template
matching.

Exp # #F #T Precision Recall F1

AM

1 13 2026 95.34 93.58 94.45
2 11 1639 95.99 92.61 94.27
3 14 2127 94.88 94.81 95.02
4 13 2009 95.23 96.31 94.16
5 12 1830 94.26 95.25 94.75

Mean 12.6 1926.2 95.14 94.15 94.64
SD 1.14 192.92 0.006 0.010 0.003

HGM

1 9 1378 98.98 94.63 96.76
2 11 1721 98.45 94.99 96.81
3 9 1377 98.90 94.82 96.81
4 10 1539 98.73 95.69 97.19
5 10 1497 98.17 94.37 96.23

Mean 9.8 1502.4 98.65 94.90 96.74
SD 0.84 141.73 0.003 0.005 0.003

SGM

1 7 1052 97.16 96.130 96.64
2 7 1089 96.42 96.92 79.67
3 7 1118 95.52 97.54 96.52
4 8 1188 97.50 95.87 96.68
5 7 1097 97.15 95.87 96.51

Mean 7.2 1108.8 96.75 96.47 96.60
SD 0.447 50.29 0.008 0.007 0.001

TM [10] 1 - - 82 89 86
Hough [9] 1 - - 100 67.03 80.26

We apply the set of configured COSFIRE filters to the test set and compute
the results in terms of precision, recall and their harmonic mean, also known as F1
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f1 f2 f3 f4 f5 f6 f7 f8 f9 f10

f11 f12 f13

f1 f2 f3 f4 f5 f6 f7 f8 f9

f1 f2 f3 f4 f5 f6 f7

Figure 9: Set of prototypical inserts that was needed to detect all inserts of the training
set with 100% precision and 100% recall with AM (first two rows), HGM (third row) and
SGM (forth row) output function in the first experiment.

score:

F1 = 2
Precision ·Recall

Precision+Recall
(12)

Recall is the percentage of true inserts that are successfully detected, Recall =
T P/(T P+FN). Precision is the percentage of correctly detected inserts from all
positive response points, Precision = T P/(T P+FP). T P, FP and FN stand for
true positives, false positives and false negatives, respectively.

We execute five experiments for each kind of output function in order to com-
pensate for the random selection of prototypes and we compute average results.

5. Results

We evaluated the performance of the detection of inserts by a set of COS-
FIRE filters and we compared results using different output functions. Results are
shown in Table 2. With AM, we configured an average of 12.6 COSFIRE filters
that we applied to the test set yielding an average F1 score of 94.64%. We config-
ured a set of 9.8 filters for HGM reaching an F1 score of 96.74%. SGM required
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Figure 10: Precision-recall curves of the results obtained for each of the COSFIRE output
functions: Arithmetic Mean (AM), Hard Geometric Mean (HGM) and Soft Geometric
Mean (SGM) by varying the threshold t3.

only an average of 7.2 filters and it achieved 96.60% F1 score. We can conclude
that the output functions based on geometric mean are more appropriate than the
arithmetic mean for detecting inserts. The difference between HGM and SGM
lies in precision and recall results and the number of filters used. SGM requires
less computational resources since it needs less filters to reach a similar F1 score.
SGM is more appropriate when a high recall is needed. On the contrary, HGM is
more convenient when a high precision is craved.

We changed the values of the parameter t3 in order to investigate its effect.
For each COSFIRE filter, we added to (or subtracted from) the corresponding
learned threshold value t3 an offset value in steps of 0.01. Precision increases
and recall decreases with an increasing offset value (Fig. 10). For all the studied
function outputs, the maximum F1 score was reached at values of the threshold
parameter t3 with 0 offset. This demonstrates the generalization ability of our
training procedure.

In Fig. 11, we show examples of the yielded results. Particularly, we show
some inserts that have not been detected (false negatives) and some localized in-
serts that do not actually correspond to any insert (false positives). All inserts
that were not detected are localized on the sides of the images irrespective of the
output function evaluated. False positives are due to the similarity of the shape
of same parts of the background of the milling head in relation to the shape of an
insert.
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(a) Image no. 0009 (b) Image no. 0011 (c) Image no. 0025

(d) Groundtruth of image no.
0018

(e) Groundtruth of image no.
0031

(f) Groundtruth of image no.
0043

Figure 11: Examples of false positives (a-c) and false negatives (d-f). True positives are
marked with white crosses, false positives with red crosses and false negatives with red
rectangles.

6. Discussion

The proposed computer-vision-based system is designed to take the images
while the machine is in its resting position, without interfering normal operation.
The machining process studied in this research is performed in a single pass across
very thick and long plates (up to 12 centimeters and 42 meters, respectively) and
then the head tool rests for periods ranging from 5 to 30 minutes while a new plate
is prepared to be machined. Regular times for localizing the inserts using Matlab
on a personal computer with a 2 GHz processor and 8 GB RAM are inferior to a
minute in all cases. The time required for a later evaluation of tool wear is below
three minutes [11]. Thus, the method proposed effectively uses the resting period
to perform all the calculations. The training phase takes around 10 minutes and is
done just the first time that the system is introduced to a new machine. There is
no need of training after the replacement of inserts. The setting-up of the system
is an automatic process that does not need specific knowledge of computer vision,
in contrast to previous works [9].

In a previous work [10] we applied template matching to this problem and
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obtained lower performance (F1 score 86%, precision 82% and recall 89% on the
same dataset, Table 2) than those obtained with the approach reported in this pa-
per. In that work, first the authors preprocessed the images by applying Canny’s
algorithm to the input image followed by a dilation of the edge map with a flat
diamond-shaped structuring element of size 1 pixel. Then they performed a nor-
malized cross-correlation to measure the correspondence between each template
and the considered window in the input image. The response of the template
matching was considered as the two best correspondences per input image and
template. The same test and training sets as in this work were used for obtaining
the experimental results.

We also used the circular Hough transform to localize the screws that fasten
the inserts in [9]. In that case we used the knowledge that an insert is characterized
by a screw in the middle and used circular Hough transform to detect such screws.

The approach that we propose is far more versatile as it can also be applied
to identify any tool or part without using domain knowledge. This is particularly
important in other machine vision applications with objects of interest that might
be very different than the inserts in the concerned application.

The presented approach achieved better results than those achieved in [10]
and [9] as shown in Table 2. In particular, it showed better precision, which is of
outstanding importance for this case study. The precision obtained with template
matching [10] was 82% and with Hough transform [9] was 67.07% while in this
paper we achieved 98.65%.

Given the characteristics of the dataset, the same insert appears in 7 to 10
images in different positions and poses due to the rotation of 15o of the head tool
from one snapshot to the following one. Notable is the fact that all unique inserts
have been correctly localized at least once with all output functions.

7. Conclusions

In this paper we presented a versatile method for the localization of inserts
in a milling head tool that contains a high number of inserts. This method relies
on machine vision techniques, in particular, trainable COSFIRE filters. We auto-
matically configured a set of COSFIRE filters with a small training set of only 10
images. We computed and compared results with three different output functions,
hard geometric mean, soft geometric mean and arithmetic mean.

The proposed approach achieved very good performance in the identification
of multiple milling head inserts with an F1 score of 96.74% using hard geometric
mean output function. That performance could not be achieved with alternative
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methods based on template matching or circular Hough transform. The approach
proposed is more versatile and generic as it does not use domain knowledge, but
rather it determines the geometrical features of a prototype pattern of interest in
an automatic configuration procedure. The trainable character of the proposed
approach makes it suitable to other visual quality inspection applications.
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