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DESCRIPTION

Description

[0001] The present invention relates to the analysis of an object's surface to determine a
condition of the surface. In particular, but not exclusively, the present invention relates to a
method and apparatus for analysing and categorising a surface condition, e.g. roughness, of
an additively manufactured part.

[0002] Additive manufacturing (AM) is a process of joining materials to make objects from 3D
model data, typically layer-upon-layer, as opposed to subtractive manufacturing techniques,
such as milling or cutting. AM processes are generally classed according to the machines and
technologies used, e.g. laser or extrusion, and the state of the raw material used, i.e. liquid-
based, powder-based, or solid-based. The different processing conditions encountered in AM
produce different mechanical properties and surface finishes, particularly compared to
traditional manufacturing techniques. For example, the surface finish of injection moulding is
determined by the mould, whereas the outer surface of AM parts has a rough feel and is
visually dull as a result of the layer-upon-layer process. Such a surface finish is often
undesirable, particularly if the part is intended for an aesthetic application. Furthermore,
surface roughness may adversely affect the mechanical performance of the AM part, such as
tear strength, tensile and/or bending strength, Young's modulus of the material, and fracture
strain. Additionally, a rough surface finish may be difficult to clean, may stain easily, or may
cause undesirable damage to adjacent parts in use. As such, AM parts are often post-
processed after manufacture in an attempt to smooth the often undesirable rough outer
surface and sometimes also to remove support structures used in the manufacturing process.
It is therefore desirable to determine the roughness of an AM part, and in turn the amount of
smoothing required to achieve a desired finish for a particular application, before the part is
post-processed. Conventional surface measurement (e.g. roughness) methods require a
considerable amount of time to produce results, especially for AM parts due to their diverse
variety. Therefore, it is desirable to efficiently and accurately determine a surface condition of
AM parts, particularly AM polymer parts having applications ranging from aerospace and
automotive to consumer and medical, as part of an automated printing and/or smoothing
process.

[0003] It is an aim of certain embodiments of the present invention to provide a non-contact
system and method for efficiently, consistently and accurately determining a surface condition
of an AM polymer part relative to a reference surface condition.

[0004] It is an aim of certain embodiments of the present invention to provide a non-contact
system and method for analysing, recognising, and categorising a wide range of different
polymer surfaces.
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[0005] It is an aim of certain embodiments of the present invention to provide a non-contact
system and method for providing surface information to a controller during part manufacture,
such as AM part printing or post-processing.

[0006] According to a first aspect of the present invention there is provided a method of
determining a condition of a surface of an additively manufactured polymer part, as defined in
appended claim 1.

[0007] Optionally, the method further comprises:
calculating a test similarity value based on the test parameters; and

comparing the test similarity value with a predetermined reference similarity value to determine
the condition of the surface of the additively manufactured polymer part.

[0008] Optionally, the reference similarity value is a limit of a reference range of a plurality of
different reference ranges each corresponding to a different surface condition. Optionally, the
method further comprises analysing the test parameters to determine a reduced dimension
value.

[0009] Optionally, the reduced dimension value is between 2 and 54.

[0010] According to the invention, the method comprises normalising the captured image to
remove illumination geometry and colour effects.

[0011] Optionally, the similarity value is calculated based on an angle between two similarity
vectors or a Euclidian distance between the two similarity vectors.

[0012] According to a second aspect of the present invention there is provided a computer
program as defined in appended claim 9.

[0013] According to a third aspect of the present invention there is provided a method of
processing an additively manufactured polymer part, comprising:

determining a condition of a surface of an additively manufactured polymer part using the
method according to the first aspect of the present invention; and

controlling apparatus for processing the additively manufactured polymer part responsive to
the determined surface condition.

[0014] Optionally, the apparatus is for post-processing the additively manufactured polymer
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part.

[0015] According to a fourth aspect of the present invention there is provided a system for
determining a condition of a surface of an additively manufactured polymer part, comprising:

image capturing apparatus; and

a controller configured to receive image data from the image capturing apparatus and perform
the method according to the first aspect of the present invention.

Description of the Drawings

[0016] Certain embodiments of the present invention will now be described with reference to
the accompanying drawings in which:

Figure 1 illustrates a schematic of the system for determining a condition of a surface
according to certain embodiments of the present invention;

Figure 2a illustrates a first side view of the microscopy device of the system of Figure 1;
Figure 2b illustrates a further side view of the microscopy device of Figure 2a;

Figure 3 illustrates a schematic cross section through the microscopy device of Figures 2a and
2b;

Figure 4 illustrates a flow diagram showing steps of a method for determining a condition of a
surface according to certain embodiments of the present invention;

Figure 5 illustrates predefined surface condition types for Nylon-12 polymer samples;
Figure 6 illustrates predefined surface condition types for TPU polymer samples;

Figure 7 illustrates different grades/types of simulated surface images with different textures
generated for validation purposes;

Figure 8 illustrates surface classification results of different grade Nylon-12 surfaces;
Figure 9 illustrates surface classification results of different grade TPU surfaces;

Figure 10 illustrates surface classification results of the different grade simulation images of
Figure 7;

Figure 11 illustrates pixel sensitivity results; and

Figure 12 illustrates similarity dependence on noise results.
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Detailed Description

[0017] As illustrated in Figure 1, a system 100 according to certain embodiments of the
present invention includes a metrology device 102 in wired or wireless communication with a
controller 104, such as a desktop computer, laptop, tablet, and/or mobile phone configured to
receive information from the metrology device 102 and to display a graphical user interface
(GUI) to allow a user to interact with and control the metrology device 102. The metrology
device 102 includes two main modules; a microscope module 200 and an illumination module
300.

[0018] As illustrated in Figures 2a, 2b and 3, the microscope module 200 includes two infinity-
corrected objective lenses 202,203 to individually magnify an image of an AM part surface 106
and form the surface image at infinity. The objective lenses provide 4x and 20x magnification
respectively. The 4x objective lens 202 is used to capture high spatial wavelength features of a
surface (surface form) and the 20x objective lens 203 is used to capture low spatial wavelength
features of a surface (surface texture). Other suitable objective lens configurations, such as
10x magnification, can also be envisaged. The microscope module 200 further includes an
objective changer 204 to allow a user to select one of the objective lenses 202,203 based on
the surface being imaged and analysed. The microscope module 200 further includes a beam
splitter 206 coaxially located above the objective lenses 202,203 to direct light transmitted from
the illumination module 300 to the AM part surface 106 and then to pass the reflected light
from the surface to a camera 210 via a tube lens 208. The camera 210 includes a
Complementary Metal Oxide Semiconductor (CMOS) sensor configured to capture an image of
the AM part surface 106 and send the image to the controller 104 for processing as described
further below. The camera 210 aptly has a resolution of around 1280 x 1024 pixels and a
frame rate of around 30 fps, which can be increased to 200 fps with limited field of view. The
camera 210 is a colour camera with progressive scan capability. The camera 210 is USB 2.0,
or the like, configured for transferring data to the controller 104. The tube lens 208 has a focal
length, f, of 60mm to form the image from the selected objective lens 202,203 to the CMOS
sensor 210. A focal length of 60mm was selected to provide a relatively compact device with
an overall length of less than 250mm but other suitable focal lengths and overall device sizes
may be used depending on the desired application. The tube lens 208 is a doublet lens that
can reduce chromatic aberration from the white light source of the illumination module 300.
The tube lens 208 has a transmission spectrum from around 400 nm to around 700 nm. Other
suitable camera and/or lens configurations can be envisaged without detracting from the scope
of the present invention. The microscope module 200 also includes a coupler 212 to connect
the axial illumination module 300 to the beam splitter 206 of the microscope module 200. The
camera 210 and the tube lens 208 are each mounted in a respective cage block 214,216, and
cage bars 218 connect the blocks 214,216 and in turn fix a distance between the camera and
tube lens. The distance between the CMOS sensor and the tube lens is 60mm to correspond
to the focal length, f, of the tube lens.
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[0019] The illumination module 300 includes a white light source 302, e.g. an LED, to provide
axial illumination to the surface 106 being imaged. A suitable LED may have a total power

output of around 250mW with an intensity of around 3mW/cm?2. Aptly, the emission is filtered to
have a spectrum of around 400 nm to 700 nm. A diffuser lens 304 is provided between the
light source 302 and the beam splitter 206 to improve the distribution of light from the light
source so that the light has a uniform illumination intensity across the field of view. The
transmission spectrum of the diffuser lens 304 is around 380 nm to 1100 nm. The light source
302 and diffuser lens 304 are suitably mounted and coupled in a fixed spaced relationship to
the beam splitter 206.

[0020] As illustrated in Figure 3, two light paths exist when the device 100 is in use. The solid
lines 350 represent light passing from the light source 302 and into the beam splitter 206 to be
reflected 90 degrees and directed substantially perpendicularly on to the surface 106 to be
imaged. This light is then reflected back to the objective lens 202,203 and in view of the
objective being infinity-corrected, the light beam coming from the objective is plane parallel. To
form an image of the surface 106 from the parallel beam, the tube lens 208 is used to focus
the parallel beam to the CMOS sensor of the camera 210. The CMOS sensor is spaced apart
from the tube lens by 60mm since the focal length of the tube lens is 60mm. The back-focal
plane (BFP) of the objective is also placed 60mm away from the tube lens, i.e. the BFP is
coincident with the objective focal plane. The dashed lines 360 represent light that is reflected
in parallel from the object surface 106 to the objective lens 202,203, which is then focussed on
the BFP of the objective, and which is then made plane parallel to the CMOS sensor by the
tube lens 208 (the ray coming from the focal plane of the tube lens).

[0021] A key principle of the method according to certain embodiments of the present
invention is a machine learning approach where the controller is trained to recognise a
particular set of surfaces. That is achieved by analysing and categorising the surface texture
and patterns (surface descriptors). According to certain embodiments of the present invention,
the results are used to categorise the surfaces into types (e.g. type 1, type 2, type 3, etc) to
thereby determine whether or not the AM part has been processed (i.e. smoothed) or not, or if
it requires further processing/smoothing. The controller uses these types as a reference to
recognise a particular surface and assign that surface to an appropriate type.

[0022] A method of determining a surface condition of an AM part according to certain
embodiments of the present invention includes a machine learning approach. Machine learning
includes training and testing steps which are described further below.

[0023] Machine training is carried out to 'train’ the algorithm to recognise a particular surface.
The surface images used for the training process are taken at different locations across a
polymer AM part of a certain material, to ensure unbiased training. The training data is stored
and can later be referred to for recognition of that particular surface, i.e. machine training only
needs performing once.
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[0024] The testing procedure is surface recognition of the parts using already prepared
training data. The testing is done to confirm the training data is sufficient to recognise the
particular surface. From the testing step, a decision can be made whether the training process
is enough or needs more training process (with more training data or a different training
parameter, i.e. numbers of reduced dimension).

[0025] The machine learning calculations according to certain embodiments of the present
invention are carried out in the following way:

Firstly, the controller 104 is trained to recognise particular surfaces and/or particular surface
conditions: each of a plurality of descriptor parameters X (as listed below) is evaluated by its
variance (Eigen values A) and covariance (S). The averaged parameter X is first calculated,
followed by the matrix covariance:

N
— 1
X = R? Z xmn
n=1

N
1 - _ o
5773,’;*‘1': = -1;‘4'- Z (Xﬂm h Xm.‘i) (X’nm - Xml )T

n=1

[0026] After that, variance (Eigen values A) of the projected data is calculated:

1 N
E T T ¥ 2 T

'ﬁ' {umkxmn - umkxmi} = Wk SinmUmek
n=1

[0027] Hence:
«  Variance will be maximum
when the Eigen vectors
Syrm Winge =My /v corresponds to the largest
T o Eigen values A
Uy Sim Wink =A « Xisam x m diagonal matrix.
where N is the number of training data (the initial set of data used to train the machine, at least
100 training data is recommended), m is dimension of each data, S is variance-covariance

matrix, A is Eigen values of S, U, is Eigen vectors of S, and K is reduced dimension. The

o

latter parameter reduced dimension is the number of principal components (PC) that are to be
considered, therefore reduced dimension can be any number between 2 and 54 (see 54
surface descriptors listed below). The larger the number of the reduced dimension, the better
the learning process for the surface detection capability. However, the larger the number of the
reduced dimension, the longer the training time. It has been found that a reduced dimension of
around 10 is optimum.

[0028] After the Eigen values are calculated, the descriptors X are used to define the similarity
of the surfaces. Firstly, weight matrix w, is calculated:

Wy = u:{c,ﬁ (xwﬂ - Kml}
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[0029] Weight matrices of different parameters together form similarity vector
T
Pk

@f = [wy, gy ., 0]

[0030] Finally, the similarity of two surfaces can be calculated in two ways:

1. 1. Angle between two similarity vectors:
Do * Pr

lpoll@pl
Maximum value of cos @ = 1 for perfect match between two surfaces.
2. 2. Euclidian distance between two similarity vectors:

Similarity value = / (@, — @ )?

Minimum value is O for perfect match between two surfaces.

Similarity value = cos 8 =

[0031] After the above 'training’ steps, the controller saves files consisting of the Eigen values
and vectors of S matrix, and similarity values for each type of AM polymer surface and then
uses these training files to recognise and categorise surfaces.

[0032] The obtained similarity values are categorised according to the defined threshold value,
e.g. if the similarity value falls below the defined threshold, the surface is categorised to be the
same type with respect to a reference surface. The threshold value is defined as five times the
value of similarity value defined from the training process. Surfaces can also be categorised
according to the reference threshold value, e.g. a surface with a similarity of 0.4 - 0.6
compared to a 'Type 1' surface may be assigned to be a 'Type 2' surface; a similarity of 0.2 -
0.4 may be assigned to be a 'Type 3' surface; and a similarity of 0.05 - 0.2 may be assigned to
be a 'Type 4' surface, etc. wherein the different 'types' of reference surface may be
categorised with respect to their surface roughness, for example.

[0033] At this stage the testing step is done to confirm surfaces can be recognised from the
gathered training data. If needed, the training can be repeated with higher number of training
data .

[0034] In use, the machine learning process is as follows:

1. 1. The metrology device 102 is located such that the camera 210 is facing the AM
polymer part to be analysed at its focus position;

2.2. The focus of the surface image is adjusted by positioning the camera measured
surface at the focal distance of the objective lens 202,203 of the microscope 200 and the
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natural colour of the image is maximized by adjusting the camera setting via the
Graphical User Interface (GUI) provided on a display of the computing device/controller
104;

3. 3. A machine learning button is pressed via the GUI and the learning process starts:

1. a. The number of images to be learned is acquired from the user or as an input
signal from a control unit of a post-processing machine;

2. b. Images of the AM polymer surface 106 are captured,

3. ¢. Image normalization is performed;

4.d. Image parameters are calculated [machine learning parameter_1 (), machine
learning parameter_2 (),....] (see equations and list of parameters above);

5. e. PCA is performed and similarity values are derived (see equations above);

6. f. Similarity threshold is acquired from the user to define the limits for the surface
to be categorized as the same or different surface type compared to a reference
surface;

7. g. Average image and similarity threshold are saved to two different *.txt text files
[machine_learning_save_reference_data()] and [machine learning save
similarity_threshold()];

8. h. Once the required number of files (images) is produced (based on the number
acquired at step a), the machine learning is stopped; and

9.i. Optionally, an information message notifying the user that the process has
finished can be provided by the controller visually and/or audibly.

[0035] A method 400 of 'recognising' a surface condition of an AM part will now be described
in more detail with reference to Figure 4. At step 402, 2D image data of the surface 106 is
captured by the CMOS sensor of the metrology device 102 as illustrated in Figure 3. The
image data is sent to the controller by wired or wireless communication and, at step 404, is
normalized. Normalization is performed to remove the variation of illumination geometry and
illumination colour. Conventional normalization methods include histogram equalisation and
gamma illumination correction.

[0036] At step 406, a plurality of descriptors is determined based upon the normalized image
data. The controller and method are configured to detect and analyse 54 different parameters,
or “surface descriptors', which are correlated to different surface conditions (see machine
learning process described above). The parameters are divided into two groups: colour-related
(17 parameters) and texture-related (37 parameters). These are as follows:

Colour-related Parameters:

[0037]

1. 1. Mean of RED colour channel of the image
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. Mean of GREEN colour channel of the image

. Mean of BLUE colour channel of the image

. Standard deviation of RED colour channel of the image

. Standard deviation of GREEN colour channel of the image

. Standard deviation of BLUE colour channel of the image

. Mean of grey pixel value of the grey version of the image

. Standard deviation of grey pixel value of the grey version of the image
. Histogram entropy of the RED channel of the image

. Histogram entropy of the GREEN channel of the image

Histogram entropy of the BLUE channel of the image

Mean of HUE value of the Hue Saturation Value (HSV)-converted image
Standard deviation of HUE value of the HSV-converted image

Mean of SATURATED value of the HSV-converted image

Standard deviation of SATURATED value of the HSV-converted image
Mean of VALUE value of the HSV-converted image

Standard deviation of VALUE value of the HSV-converted image

Texture-related Parameters:

[0038]

—_ —_ -
N

—_
w

14.

15.
16.

=0 0N Ok b=

0 ~N O O A W N -~

[{e]

. Focus measure of the image

. Number of blobs element from the binary version of the image
. The biggest size of blob from the binary version of the image

. The smallest size of blob from the binary version of the image
. Mean of the area of all blobs

. Standard deviation of the area of all blobs

. Maximum diameter of the blobs

. Minimum diameter of the blobs

. Mean diameter of the blobs

.10
. 11. Maximum ratio between the pixel inside the blob and the pixel inside the bounding

. Standard deviation diameter of the blobs

box of the blobs

.12

. Minimum ratio between the pixel inside the blob and the pixel inside the bounding

box of the blobs

.13

. Mean ratio between the pixel inside the blob and the pixel inside the bounding box of

the blobs

14
bo
15
16

. Standard deviation ratio between the pixel inside the blob and the pixel inside the
unding box of the blobs

. Mean of the absolute value of the Fourier image

. Standard deviation of the absolute value of the Fourier image
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17. 17. Mean of the phase value of the Fourier image

18. 18. Standard deviation of the phase value of the Fourier image

19. 19. Mean of pixel value of the grey hue, saturated and value (HSV)-converted image

20. 20. Standard deviation of pixel value of the grey HSV-converted image

21. 21. Local edge descriptor: number of horizontal edge

22. 22. Local edge descriptor: number of vertical edge

23. 23. Local edge descriptor: number of 45° edge

24. 24. Local edge descriptor: number of 135° edge

25. 25. Local edge descriptor: number of other edge

26. 26. Binary local pattern: mean of symmetric covariance (SCOV) measure parameter
value

27. 27. Binary local pattern: standard deviation of SCOV parameter value

28. 28. Binary local pattern: mean of symmetric auto-correlation measure (SAC) parameter
value

29. 29. Binary local pattern: standard deviation of SAC parameter value

30. 30. Binary local pattern: mean of local variance (VAR) parameter value

31. 31. Binary local pattern: standard deviation of VAR parameter value

32. 32. Binary local pattern: mean of symmetric variance ratio (SVR) parameter value

33. 33. Binary local pattern: standard deviation of SVR parameter value

34. 34. Binary local pattern: mean of local binary pixel pattern (LBP) parameter value

35. 35. Binary local pattern: standard deviation of LBP parameter value

36. 36. Binary local pattern: mean of local binary pixel pattern rotation-invariant (LBPROT)
parameter value

37. 37. Binary local pattern: standard deviation of LBPROT parameter value

[0039] At step 408, the above descriptors are analysed according to the Principle Component
Analysis (PCA) method which is an unsupervised learning method which reduces the
dimensionality of data. The reduced data is plotted along its principal axes (as shown in Fig 8-
10). PCA maximises variance in data along their principal axes.

[0040] At step 410, the analysed data is compared against different stored training data and in
case of a match, the surface is "recognised” to be of a particular type.

Example

[0041] A method of analysing and categorising an AM polymer part will now be described by
way of example only to further describe certain embodiments of the present invention.

[0042] Nylon-12 and thermoplastic polyurethane (TPU) parts having different surface grades
(rough to smooth: Type 1, Type 2, Type 3, Type 4 and Type 5, see Figures 5 and 6) are used,
wherein the Type 5 surface is used as a reference.
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[0043] First, the machine learning process is carried out as described above to produce
similarity values with respect to the reference surface (Type 5 in this example). The obtained
parameters are stored as a .txt file named "Material_learning_data”, for example
"Polyamide12_learning_data".

[0044] After the parameters representing the different surface conditions are stored, in for
example a memory of the controller 104, the system 100 can then be used to recognise the
surfaces of an AM part made from the same material as the part used during learning process:

1. 1. Stored reference learning data, including reference similarity values, is retrieved by
the controller;

2. 2. A signal is received from the user or a control unit of a post-processing machine to
start the surface detection process;

3. 3. The focus of the image is adjusted by the user via the Graphical User Interface (GUI)

of the controller;

4. Images are captured by the CMOS sensor and received by the controller;

5. Image normalization is performed,;

6. Image parameters are calculated (see parameter list above);

7. PCA is performed;

8. Similarity values for the obtained images are calculated;

9. The similarity value is compared to the reference similarity values of the retrieved

reference learning data. If the similarity value falls below a certain threshold level, then

the controller recognizes the surface and assigns it to the predefined category (Type 1,

Type 2, etc. see Figures 8 and 9 for Nylon-12 and TPU respectively); and

10. 10. The controller informs the user via the GUI, or the control unit, on the assigned

surface category. Optionally, the assigned surface category may be logged/stored.

© 0N O

[0045] The system and method according to certain embodiments of the present invention
may aptly be used on an AM polymer part after or during a controlled post-processing, e.g.
smoothing, operation to determine the surface condition of the AM part and in turn the amount
of processing required to achieve a desired surface condition. For example, if the desired
surface roughness has not been achieved, the processing parameters of a controlled post-
processing operation may be adjusted responsive to feedback from the controller 104 of the
system 100 to a control unit of the post-processing apparatus and the AM part/s may be
processed again until the desired surface condition is achieved. Such feedback may also allow
the post-processing apparatus to learn and improve in terms of efficiency and automation.

Validation

[0046] For validation and calibration purposes, four different simulated surfaces representing
surfaces with different features, and in turn different surface conditions, were generated and
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analysed (see Figure 7). This demonstrates that different surfaces can be distinguished by the
surface describing parameters in the PCA space according to certain embodiments of the
present invention. Type 1 surface was considered rough (non-processed), whereas Type 4
was considered smooth (processed). Type 2 and Type 3 surfaces fall in between Type 1 and
Type 4. Type 4 surface was taken as a reference surface to be compared to all other surfaces.
The results of the surface classification are shown in Figure 10. The spatial difference along
the parameter axis allows a user and/or the controller to distinguish between the surfaces. It
can be seen in Figure 10 that by using PC3 and PC1 (see algorithms above) the surfaces can
be well distinguished.

Sensitivity

[0047] Testing of the pixel noises of the CMOS sensor was done to understand the impact of
such noises on the measurements. Each CMOS sensor pixel can have a value between 0 and
255, and the aim is to monitor the noise of each pixel. The pixel intensity on the CMOS sensor
was recorded overtime. In total 100 pixel intensities were recorded successively. The results of
the sensitivity test are illustrated in Figure 11. It can be seen that the pixel noise is around +4
pixel value (95% confidence interval).

[0048] The effect of pixel intensity noise on the calculation of the similarity value was also
measured. Such a test was carried out by selecting Type 4 image (see Figure 7) and applying
varying levels of noise on the image pixels. The results are illustrated in Figure 12. A
considerable increase in similarity value (decrease in image similarity) can be observed at a
pixel noise of around 50. Therefore, pixel noise of around 4 pixel value does not significantly
impact similarity value and also the measurement results.

[0049] The method according to certain embodiments of the present invention uses unique
parameters associated with different surface conditions of a wide variety of AM polymers to
recognise and categorise the surface. Such polymers include, for example, Polyamide 6,
Polyamide 11, Polyamide 12, Thermoplastic polyurethane (TPU), Polycarbonate (PC),
Acrylonitrile butadiene styrene (ABS), Acrylonitrile styrene acrylate (ASA), Polypropylene (PP),
Polyvinylidene fluoride (PVDF), Polyphenylene sulphide (PPS), Polyether ether ketone (PEEK),
Ethylene propylene rubber (EDPM), Nitrile rubber (NBR), and Thermoplastic elastomers (TPE),
or the like.

[0050] Certain embodiments of the present invention therefore provide a system and method
for efficiently, consistently and accurately determining a surface condition, such as surface
roughness, of an AM polymer part in a non-contacting manner. The determination of the
surface condition may be used as a feedback signal for improved control of a printing and/or
post-processing operation such as controlled smoothing of an AM part. The controller of the
system may also be self-learning to promote improved part surface detection and
categorisation over time. The system and method are able to identify various surfaces of
materials without requiring any knowledge about a specific feature/s of the surface to detect.
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The surface condition of a part can be determined within 3-4 seconds and the system can be
integrated into additive manufacturing apparatus for in-line surface condition monitoring during
pre- or post-processing operations for improved part manufacture, finishing and quality.
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Patentkrav

1. Fremgangsmade til bestemmelse af en tilstand af en overflade af en additivt
fremstillet polymerdel, omfattende:
optagelse af et billede af en overflade af en additivt fremstillet polymerdel;
normalisering af det optagede billede for at fjerne belysningsgeometri og
belysningsfarve;
ekstraktion af en flerhed af testparametre, hvor testparametrene omfatter
farveparametre og teksturparametre, der henholdsvis relaterer til en farve
0g en tekstur af overfladen af den additivt fremstillede polymerdel fra det
optagede billede; og
bestemmelse af tilstanden af overfladen af den additivt fremstillede
polymerdel baseret pa testparametrene ekstraheret fra det optagede
billede, hvori testparametrene hver evalueres ved anvendelse af principal
komponentanalyse.

2. Fremgangsmaden ifglge krav 1, yderligere omfattende:
beregning af en testlighedsvaerdi baseret pa testparametrene; og
sammenligning af testlighedsvaerdien med en forudbestemt
referencelighedsveerdi for at bestemme tilstanden af overfladen af den
additivt fremstillede polymerdel.

3. Fremgangsmaden ifglge krav 2, hvor referencelighedsvaerdien er en graense for
et referenceomrade af en flerhed af forskellige referenceomrader, der hver svarer
til en forskellig overfladetilstand.

4. Fremgangsmaden ifglge krav 2, hvor lighedsvaerdien beregnes baseret pa en
vinkel mellem to lighedsvektorer eller en euklidsk afstand mellem de to
lighedsvektorer.

5. Fremgangsmaden ifglge et hvilket som helst af de foregdende krav, yderligere
omfattende at analysere testparametrene for at bestemme en reduceret

dimensionsveerdi.
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6. Fremgangsmaden ifglge krav 5, hvor den reducerede dimensionsvaerdi er
mellem 2 og 54, og fortrinsvis hvor den reducerede dimensionsveerdi er ca. 10.

7. Fremgangsmaden ifglge et hvilket som helst af de foregdende krav, hvor

overfladetilstanden er ruhed.

8. Fremgangsmaden ifglge et hvilket som helst af de foregdende krav, hvor
billeddataene er 2D-billeddata, og fortrinsvis hvor 2D-billeddataene opnas ved

anvendelse af en CMOS-sensor.

9. Computerprogram, der kan eksekveres pa en computerindretning til at udfgre
fremgangsmaden ifglge et hvilket som helst af de foregdende krav, hvor

computerindretningen omfatter et billedoptagelsesapparat (210).

10. Fremgangsmade til behandling af en additivt fremstillet polymerdel,
omfattende:
bestemmelse af en tilstand af en overflade af en additivt fremstillet
polymerdel ved anvendelse af fremgangsmaden ifglge et hvilket som helst
af kravene 1 til 8; og
styreapparat til behandling af den additivt fremstillede polymerdel i
overensstemmelse med den bestemte overfladetilstand.

11. Fremgangsmaden ifglge krav 10, hvor apparatet er til efterbehandling af den

additivt fremstillede polymerdel.

12, System (100) til bestemmelse af en tilstand af en overflade af en additivt
fremstillet polymerdel, omfattende:
billedoptagelsesapparat (210); og
en controller (104) konfigureret til at modtage billeddata fra
billedoptagelsesapparatet (210);
hvor systemet er konfigureret til at udfgre fremgangsmaden ifglge et
hvilket som helst af kravene 1 til 8.
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DRAWINGS

Drawing
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