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ABSTRACT An image analysis-based two-stage process parameters tuning and Surface Roughness (SR)
estimation algorithm is proposed for the laser cleaning application. A Cartesian coordinate robot is utilized
to collect image and implement cleaning. Before cleaning, in order to tune the proper laser parameters,
first, the environment lighting is controlled for the metal image collection. Second, lots of classification
features are computed for the images above. The Gray-Level Co-occurrence Matrix (GLCM) texture
features, the concavo-convex region features, the histogram symmetry difference feature, and the imaging
thermophysical property features are computed. Third, the initial laser parameters are created randomly and
an iteration computation is performed: a Support Vector Machine (SVM) is used to forecast the cleaning
effect; its inputs include the classification features and the initial laser parameters; its output is the cleaning
effect degree. If the SVM output cannot fulfill user’s demand, the laser parameters will be updated randomly.
This iteration will be implemented constantly until the SVM output becomes valid. Then the laser cleaning
will be performed. When estimating SR for the cleaned metal, multiple image features are calculated for
the images after cleaning. The features include the Tamura coarseness, some GLCM features, and the
convex region feature. To improve the prediction precision, different feature combinations are used for
different cleaning effects. The linear function and the 3-order polynomial function are considered for the
SR estimation. After tests, the accuracies of SVM, the SR prediction function, and the integrated SR control
and estimation algorithm can be 90.0%, 80.0% and 80.0% approximately.

INDEX TERMS Laser cleaning, process parameters, surface roughness, image feature, thermophysical
property.

I. INTRODUCTION
The laser cleaning can remove the reminders in the surface
of workpiece by the principles [1] of mechanic resonance,
thermal expansion, or evaporation and gasification processes,
etc. Comparing with other cleaning techniques, such as the
mechanical cleaning [2], the chemical cleaning [3], or the
ultrasonic cleaning [4], the laser cleaning has lots of mer-
its such as the small contamination, the convenient control,
and the comparable low application cost. Generally speaking,
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approving it for publication was Utku Kose.

the laser cleaning includes the dry cleaning [5] and the
steam cleaning [6]. The former eliminates the reminders
by changing the physical states of particles on the surface
of workpiece and conquering their adhesive forces; while
the latter removes the reminders by gasifying the injected
surface liquid which can take away the redundant particles.
Because of the advancements of the optoelectronics and the
computer techniques, the laser cleaning has met its great
developments [7] in recent years.

Many indices can be used to evaluate the processing
effect of laser cleaning, the Surface Roughness (SR) [8] is
one of them. The SR can reflect the smoothness degree of
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FIGURE 1. The 2D and 3D image samples of a kind of carbon steel: (a) is
the 2D gray image of carbon steel; and (b) is the colored 3D profile of (a).

material surface. It can affect the fitting property, the weara-
bility, or the contact stiffness among workpieces. Manymeth-
ods have been developed to measure SR including the contact
technique and the noncontact measurement. The contact tech-
nique uses a probe [9] to percept the surface topography
change of the workpiece; while the noncontact measurement
employs the optic approach together with some mathemati-
cal or physical models [10] to estimate the SR. Obviously,
the latter method has lots of advantages including the high
precision, the low possibility of substrate destructiveness, and
the excellent measurement stability and repeatability. As a
kind of noncontact method, the image analysis-based SR
estimation [11] gets great notice in recent years.

Regarding the laser cleaning, it will be helpful if the SR
after cleaning can be estimated by the analysis result of 2D
image automatically and precisely. Fig. 1 shows the 2D and
the 3D images of a carbon steel. In Fig. 1, (a) is the 2D
gray image, and (b) is the colored 3D profile of (a) which
is measured by a white-light interferometer. Comparing with
the 3D profile, many factors will affect the measurement
precision of 2D image. First, the metal color and texture will
create apparent influences on image analysis. For example,
some white islands can be observed: parts of them come from
the small hole or salient in substrate; while others are the
texture colors of metal itself. Second, the photography condi-
tions, including the environment light [12], the camera perfor-
mance, and the observation distance, etc. will also affect the
imaging results. Third, the corrosive components [13] which
cover the surface of substrate are another factor.

Many studies have been done to solve the image
analysis-based SR estimation. In [14], the Gray-Level
Co-occurrence Matrix (GLCM) was employed to estimate
the SR of brittle graphite. In [15], five image edge detection
methods were considered to evaluate SR. The Laplacian of
Gaussian method was found to be the best solution. In [16],
the RGBD camera was used for materials recognition and
SR estimation. After the survey of lots of related works,
it can be found the current researches can realize the SR
estimation by using the observed image directly; however,
it will be great useful if the SR can be controlled and esti-
mated [17] before laser cleaning. That means even a cor-
rosion layer covers the substrate we hope to control and
estimate SR of substrate before the exfoliation of corrosion
layer. Clearly, to achieve that target, both the control of laser

process parameters and the analysis of cleaned image should
be implemented.

In this paper an image analysis-based two-stage processing
algorithm is developed to control and forecast the SR for
laser cleaning application. A Cartesian coordinate robot [18]
is used to implement the cleaning and photography tasks.
Our procedures include the laser process parameters tun-
ing before cleaning and the SR prediction after cleaning.
When realizing the former procedure, after the environment
lighting control, the Support Vector Machine (SVM) [19] is
employed. Its inputs include the laser process parameters,
some traditional and new defined image features, and the
imaging thermophysical property features [20]. Its output is
the cleaning effect degree, i.e., the classification degree of SR.
An iteration computation is carried out to find the proper laser
parameters. When carrying out the latter estimation, different
image features are used for the images with different cleaning
effects. Both the linear function and the 3-order polynomial
function are used for the SR estimation.

The main contributions of this paper include: first, an inte-
grated control and estimation algorithm of SR for laser
cleaning is developed. In contrast to the traditional SR mea-
surement methods which can only be used after cleaning, our
proposed technique can control the SR before and during the
cleaning. Second, a kind of intelligent tuning algorithm of the
multiple laser process parameters is proposed. A SVM-based
iterative computation is developed to search the proper laser
parameters. Third, lots of new imaging features are defined.
The concavo-convex region features, the histogram symmetry
difference feature, and the imaging thermophysical property
features are all designed for this application.

In the following section, first the laser cleaning issue will
be presented. Second the proposed computational method
will be shown. Third some experiment results will be
given.

II. LASER CLEANING TECHNIQUE AND ITS
EFFECT ON SURFACE ROUGHNESS
A. APPLICATION DEFINITION AND ITS
PROPOSED HARDWARE SOLUTION
This paper focuses on the laser cleaning application of a kind
of marine carbon steel which works in a stable nature state.
Here the ‘‘stable nature state’’ means this carbon steel will not
be pressed, worn, or scrubbed during its service period. It will
not experience the extreme high or low temperature. Only the
seawater, the sun light, and the nature wind affect it. Thus
the main effect result of external environment on its surface
is the metal corrosion problem [21]. Another assumption is
that the material stability [22] of carbon steel is comparable
high after it leaves its manufacturing factory. After all the
manufacturers have to guarantee their product qualities [23].
That indicates the thermophysical property parameters and
the surface performance of carbon steel are stable. Finally,
regarding the laser cleaning issue, we suppose the SR is
mainly related to its initial metal corrosion state and the
corresponding laser cleaning effect.
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FIGURE 2. The schematic diagrams of the Cartesian coordinate robot and
its working path: (a) is the schematic diagram of the Cartesian coordinate
robot; (b) shows its working path.

FIGURE 3. The metal corrosion schematic diagrams and examples: (a) to
(e) are the schematic diagrams of the metal corrosion problem; (f) to (h)
are the practical photos of the corrosive metal.

A Cartesian coordinate robot is used to implement the
laser cleaning. Fig. 2 shows its structure and working path
schematic diagrams. Currently, because of the limited work-
ing space, a camera and a laser output end can be fixed in this
system alternately. When it works, first, a workpiece will be
put under the robot. Second, this system will take the camera
to implement the image capture task along the red path: the
solid lines mark its working path; while the dash lines show
the motion but non-working path of that camera. The black
grids present the photography regions. Third, after the image
capture, a series of imaging features will be computed and the
laser process parameters will be created intelligently. Fourth,
this system will take the output port of laser to carry out the
cleaning task. The same working path in (b) will be used.
Finally, the camera systemwill be used again to collect image
after cleaning and estimate the SR.

B. METAL CORRSION AND ITS EFFECT ON SR
The corrosion will affect the SR definitely. Fig. 3 shows the
examples of metal corrosion: (a) and (b) may come from the
integrated erosion of rain, wind, and sun light; (c) may be

FIGURE 4. The infrared thermography samples of laser cleaning: (a) and
(b) are the infrared thermography images before laser cleaning; (c) and
(d) are the corresponding images after cleaning.

derived from the sustained drops of water; (d) and (e) may be
created by the high salinity seawater; (f) to (h) are the actual
gray images of the corrosion metal. Many indices [24] have
been proposed for SR computation, such as the mean surface
height index Sa or the root mean square height index Sq, etc.
In this paper we only consider the index Sa; its computational
formula is shown in (1). From Fig. 3, the image can surely
represent the SR to some extent. Although lots of colors and
textures exist in the metal surface; however, some gullies and
humps can still be observed from the image: the gully may
behave as a black region; while the hump may present as
a white block in image. Thus the effective image features
should be designed when estimating the SR.

Sa =
1

nxny

nx∑
i=1

ny∑
j=1

∣∣η (xi, yj)∣∣ (1)

where nx and ny are the amounts of sample point in the user
defined x and y coordinate axes in workpiece, respectively;
η(xi, yj) represents the centered height in position (xi, yj),
where the mean height calculated on the definition area has
been already subtracted from that height.

C. THERMAL EFFECT AND ITS INFLUENCE ON SR
In this paper, a pulse fiber laser is used to carry out the
cleaning task. Its cleaning principle is mainly related to the
thermal effect [25]. Fig. 4 shows the infrared thermography
samples of laser cleaning. In Fig. 4, (a) and (b) are the images
which do not experience the laser cleaning; (c) and (d) are the
results which have went through the cleaning. The rectangle
cleaning regions are shown here. From Fig.4, the infrared
images do not have too many differences in imaging intensity
before cleaning; however, if the laser acts on the metal sur-
face, the diversities of surface profile can be observed clearly:
the uneven thermal effect can be identified from these images
because of the metal corrosion. The differential equation of
thermal field [26] is shown in equation (2). From (2), the
material thermophysical properties can influence the process-
ing effect of laser cleaning; thus it is necessary to build some
computational indices for them from the image processing
point of view.

ρc
∂T
∂t
= kx

∂2T
∂x2
+ ky

∂2T
∂y2
+ kz

∂2T
∂z2
+ w (x, y, z; t) (2)

where ρ is the material density; c is the specific heat capac-
ity of material; kx , ky, and kz are the thermal conductivity
of material in x, y, and z directions; T is the temperature;
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FIGURE 5. The proposed implementation flow chart of the laser process parameters tuning and the SR estimation algorithm.

w(x, y, z; t) is a heat source function, and t is the observation
time.

III. PROPOSED SURFACE ROUGHNESS
CONTROL AND FORECAST ALGORITHM
A. PROPSED PROCESSING FLOW CHART
Fig. 5 shows the proposed processing flow chart of the laser
process parameters tuning and the SR estimation.
• First stage: the laser parameters tuning before cleaning

Before cleaning, the process parameters of laser should
be estimated to fulfill the cleaning effect demand of user,
i.e., the expected SR scope. First, the environment lighting
will be controlled to get the proper images. Second, both
the image [27] and the imaging thermophysical property
features will be computed for the captured images. Third,
the initial laser parameters will be set randomly and an iter-
ation computation [28] will be carried out. A SVM is used
to predict the cleaning effect: its inputs include the image
features, the imaging thermophysical property features, and
the initial laser parameters; its output is the cleaning effect.
If its output cannot fulfill the user requirement, the new laser
parameters will be created randomly. This iteration will be
repeated constantly until the SVM output becomes valid.
• Second stage: the SR estimation after cleaning

After the implementation of the controlled laser cleaning,
the metal surface attribution will approach to the expected
processing effect, then the SR will be estimated. Multiple
image features, such as the GLCM features or the Tamura
coarseness [29] will be computed for the image after cleaning.
The environment lighting control will also be performed.
Then the SR can be predicted by using the features above.
To improve the prediction precision, different feature combi-
nations are used for the images with different cleaning effects
which are gotten in the first stage. Both the linear and the
polynomial functions are utilized for SR prediction.

B. ENVIRONMENT LIGHTING CONTROL METHOD
Multiple image features will be computed in this paper to
control the laser process parameters and estimate the SR. It is
well known the photography effect of visible light camera
will be influenced by the environment light seriously. Thus to
decrease the negative effect of environment light, a lighting
compensation method is designed. Both a standard color card

and a Light Emitting Diode (LED) light source are used to
provide a reference and make the light compensation [30] for
our system. The distributed surface light source or the ringing
shape light source can be used. The light source should realize
the continuous intensity tuning function. The color card is
used here to provide a reference for the environment light
identification of metal surface. For the sake of simpleness,
the white color card is used. It also should be emphasized
that the color card is needed to have the low light reflection
attribution; otherwise the high light reflection region can be
observed in the camera vision field which will influence the
color perception effect of our system seriously.

The specific implementations of lighting compensation are
presented below. First a white color card is put near the
corrosion metal. Second, the camera will take photos of both
the corrosion metal and that color card. Third, the camera
will read the pixel intensity of that color card and compare
it with the standard intensity of white color card which is
stored in the memory of our system in advance. The standard
intensity of white color card indicates a proper environment
light condition for the image capture; and it also represents a
valid pixel intensity response. Clearly, the computed image
features will be qualified under this standard environment
light. Fourth, if the offset between the collected pixel intensity
and the standard pixel intensity of white color card is large
than a threshold, a traversing outputs of LED light source will
be performed until the offset becomes small enough. Then
the image features will be computed. Lastly, this environment
lighting control method can guarantee the computational sta-
bility of image feature to some extent.

C. PRELIMINARY CONTROL OF CLEANING EFFECT
The SVM is used to search the proper laser parameters. Its
inputs have the image features, the imaging thermophysical
property features, and the laser parameters. Table 1 shows
the list of them. The image features include the GLCM
feature vector, the concavo-convex region feature vector, and
the histogram feature. Regarding GLCM, the angular second
moment MGLCM_ASM , the entropy MGLCM_ENT , the contrast
MGLCM_CON , the inverse differential moment MGLCM_IDM ,
and the correlation MGLCM_COR are computed; the direc-
tions of 0◦, 45◦, 90◦, and 135◦ are all investigated. The
concavo-convex region feature vectorMCCR has the concavo
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TABLE 1. Training Data List of SVM.

region featureMCCR_0 and the convex region featureMCCR_1.
The histogram feature is the histogram symmetry difference
MHSD. The imaging thermophysical property feature vector
MITP can reflect the material characteristics. It includes the
typical corrosion gray intensity MITP_GI and the maximum
cleaning temperatureMITP_TEM . The laser parameters are the
powerMLPP_P, the linear velocityMLPP_LV , and the line space
MLPP_LS .
Regarding the image features, first, the GLCM fea-

tures [31] are computed. Obviously, they can represent the
texture information of corrosive metal. Second, the concavo-
convex region features are defined. They can indicate the
typical texture spots in metal surface. Equations (3) and (4),
(5) and (6) show their computational methods. The concavo
regions mainly are some holes or crevices. They appear in
the surface of workpiece as pixel bunches with deep color.
The convex regions may be some corrosion parts or burrs in
metal surface. They can be looked on as some pixel bunches
with light color. When designing the computational method
of them, the threshold segmentation technique is considered.

MCCR_0 =
1
fsum

N∑
i=1

M∑
j=1

fb_0(i, j) (3)

fb_0(i, j) =

{
1 f (i, j) < T0
0 else

(4)

MCCR_1 =
1
fsum

N∑
i=1

M∑
j=1

fb_1(i, j) (5)

fb_1(i, j) =

{
1 f (i, j) > T1
0 else

(6)

where f (i, j) is the pixel intensity in image position (i, j); M
and N are the image width and the height; fsum is the pixel
intensity sum of whole image; fb_0(i, j) and fb_1(i, j) are the
segmentation results of original image f (i, j); T0 and T1 are
the segmentation thresholds.

Third, a histogram feature is designed. Fig. 6 shows the
histograms and their sketch maps before and after clean-
ing. In Fig. 6, (a) and (b) are the actual histograms before
and after cleaning; and (c) and (d) are the sketch maps
of (a) and (b), respectively. From Fig. 6, the symmetry of

FIGURE 6. The histograms and their sketch maps before and after laser
cleaning: (a) and (b) are the actual histogram samples before and after
laser cleaning; (c) and (d) show the sketch maps of (a) and (b),
respectively.

FIGURE 7. The original Raman spectrum example before laser cleaning.

histogram is good before cleaning; however an offset happens
after cleaning. This is mainly because the corrosion is almost
uniform-distributed in the metal surface before cleaning;
while the non-uniform metal texture can be observed after
cleaning. Equation (7) shows its computational method. The
maximum value point of histogram can always be found
easily; however the positions of its two intersection points
are difficult to estimate because of the histogram variety.
To solve that problem, first the points (the blue points
in Fig. 6 (c) and (d)) near the maximum value point in certain
direction are selected randomly, then the fitting method of the
polynomial function is used to find their interaction point (the
yellow points).

MHSD = |dl − dr | (7)

where dl is the width between the perpendicular line of the
maximum value data and the left intersection point; dr is the
width between the perpendicular line of the maximum value
data and the right intersection point (see Fig. 6 (c) and (d)).

When designing the imaging thermophysical property fea-
tures, both the typical corrosion color and the maximum
cleaning temperature are considered. When computing the
typical corrosion color, first, the Raman spectrum [32] is
used to estimate the main components and their contents
of corrosion layer. Fig. 7 shows the examples of Raman
spectrum. Second, the multiple oxides, such as Fe2O3 and
Fe3O4, are mixed together to generate the typical corrosion
components. Clearly, the mixture components and their con-
tents are derived from the analysis results of Raman spec-
trum. Third, the mixtures above are scattered in a polished
metal substrate randomly; then lots images can be captured.
Lastly, the image gray intensity distributions of mixtures will
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be computed. This kind of distribution can be regarded as an
imaging thermophysical property feature. The gray intensity
of corrosion component can be computed by (8); and its
image featureMIPT_GI can be defined by (9).

MITP_AVE =
1
MN

N∑
i=1

M∑
j=1

f (i, j) (8)

MITP_GI =


1 MITP_AVG ∈ [T 0

ITP,T
1
ITP]

2 MITP_AVG ∈ [T 1
ITP,T

2
ITP]

... ...

n MITP_AVG ∈ [T n−1ITP ,T
n
ITP]

(9)

where MITP_AVE is the intensity average of image
f (i, j), M and N are the image width and the height;
T kITP (k = 0, 1, . . . , n) is the intensity threshold which is
decided by the Raman spectrum; and n is the type token of
typical corrosion color.

Regarding the maximum laser cleaning temperature, a
simulation-based method is used to estimate its value. First,
a 3D model of corrosion metal is built. This model has
a corrosion layer and a metal substrate layer. Before the
implementation of simulation, the thermophysical property
parameters of both the corrosion and the substrate layers
should be set properly. Second, a pulse fiber laser is simulated
to clean the corrosion layer for the model above. A series of
laser process parameters can be set in this simulation includ-
ing the linear velocity, the power, the frequency, the pulse
width, the single pulse energy, the focal length, and the line
space. Third, the cleaning temperature can be estimated by
equation (10). The finite element analysis method [33] can
be utilized here. Because the temperature simulation will be
carried out consecutively in both the time dimension and the
space dimension; its global maximum value can be selected
during that simulation. Then the maximum cleaning temper-
ature will be defined by (11).

ρCp
∂T
∂t
+ρCpu · ∇T+∇ · (−k∇T )=Q (10)

MITP_TEM = max
i∈[1,NTEM ]

{Ti} (11)

where ρ is the material density; Cp is the heat capacity at
constant pressure; T is the cleaning temperature; t means the
simulation time; u is the laser scanning speed; k is the heat
transfer coefficient; Q is the laser heat flux; ∇ is the gradient
operator; Ti is the ith observation of the consecutive cleaning
temperature T ; NTEM is the maximum observation times; the
function max{∗} realizes the maximum value computation.

After the input vector of SVM is calculated, its output data
should be defined. In this paper, the cleaning effect is looked
on as the supervising data. Currently, the cleaning effect is
defined by the SR, i.e., the Sa. Without loss of generality,
the cleaning effect is classified into 3 degrees. That means
the Sa should be segmented into 3 independent intensity
regions. After the definition of SVM, an iteration computa-
tion is used to find the proper values of laser parameters: the
initial parameters of laser are given randomly, then the SVM

TABLE 2. The image features and the prediction methods for SR
estimation under Different Cleaning Effects.

will compute a prediction result of the cleaning effect. After
that a distance will be computed between the user expected
output and the predicted cleaning effect above. Equation (12)
shows the computational method. If the distance is smaller
than a threshold, the SVM computation will be terminated;
otherwise the new random values of laser parameters will be
created. Regarding the SVM, the polynomial kernel function
in (13) is used because of its good computational effect.

OSVM =

{
1 abs

(
OcomSVM − O

user
SVM

)
≤ T SVMO

0 else
(12)

K
(
xi, xj

)
=

(
γ xTi xj + r

)d
(13)

where OcomSVM is the predicted result of SVM; OuserSVM is the
expected output of user; T SVMO is a threshold; OSVM is the
output of our system; K (∗) is the kernel function; xi and
xj are the training data; γ is a weight; r and d are control
parameters, and γ = 0.9, r = 0.0, and d = 3 in this paper.

D. ELABORATED ESIMATION OF SR
After the tuning of laser parameters the practical cleaning
operation will be performed. Then the SR can be controlled to
approach the cleaning requirement of system user. Because of
the existence of corrosion layer, it will be unreliable to use the
image data before cleaning to predict the SR after cleaning.
Clearly, it is almost impossible to estimate the corrosion
thickness and its accurate distribution just using the visible
light image [34]. Thus the image capture after cleaning and
the corresponding image feature analysis are necessary. Since
three types of cleaning effect can be achieved, our following
mission is to design the image features and their prediction
methods for the images which have different cleaning effects.

Table 2 shows the image features and the prediction meth-
ods of SR estimation under different cleaning effects. Lots
of image features are compared, including the GLCM fea-
tures, the Tamura feature, the Local Binary Pattern (LBP)
features [35], etc. Table 2 shows the best results in our
experiment. First, regarding the cleaning effect in rank 1,
both the Tamura coarseness and the convex region feature
are used. The computational method of Tamura coarseness
is shown in (14) and (15). Second, as for the cleaning effect
in rank 2, the average of the GLCM correlation MGLCM_COR
is computed. Its definition can be found in (16). Before
estimating the GLCM, a preprocessing is performed: after the
histogram equalization we compute the intensity sum of the
whole image and use the intensity of each pixel to divide that
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sum to get a new image. Third, when it comes to the cleaning
effect in rank 3, the featureMAVE

G_COR is used again.

MT_Coa =
1

M × N

M∑
i=1

N∑
j=1

Sopt (i, j) (14)

Sopt (i, j) = 2k (15)

MAVE
G_∗ =

1
4

(
MG_∗_0 +MG_∗_45
+MG_∗_90 +MG_∗_135

)
(16)

where Sopt (i, j) is an optimal function of each pixel in (i, j)
when k can maximize the average intensity difference in the
horizontal and the vertical directions, k = 3;M and N are the
width and the height of image block; and symbol ‘‘∗’’ can be
set by ASM, ENT, CON, IDM, and COR (see Table 1).
Table 2 also shows the prediction methods of SR under

different cleaning effects. In Table 2, regarding the cleaning
effect in rank 1, both the linear and the 3-order polyno-
mial functions can get the same prediction result for their
respective image features [MT_Coa] and [MCCR_1]. As for the
cleaning effects in rank 2 and rank 3, the 3-order polynomial
function can get the best prediction result. Equations (17)
and (18) show the computational methods of the linear func-
tion and the 3-order polynomial function. Other prediction
methods, such as the Support Vector Regression (SVR) [36]
and the n-order (n6=3) polynomial functions etc., are also
considered here. However, we do not use them for their
limited computational effects in our experiment in the end.

y = ax + b (17)

y = c0 + c1x + c2x2 + c3x3 (18)

where x represents the input image feature; y is the estimation
result of SR; a, b, c0, c1, c2, and c3 are estimated parameters.

IV. EXPERIMENTS AND DISCUSSIONS
A series of experiments are performed to evaluate the cor-
rectness of our method. All the programs are developed by C
code on our PC (4.0 GB RAM, 1.70GHz CPU).

A. EXPERIMENTAL SYSTEM AND DATA
Fig. 8 shows the proposed experiment system and the cor-
responding image data. In Fig. 8, (a) is the photo of the
Cartesian coordinate robot; (b) and (c) are the photos of
the visible light camera and the laser output end, respec-
tively; (d) and (e) are the photos of the captured image sam-
ples before and after cleaning. When this system works,
the camera and the output port of laser will be installed
in the Cartesian coordinate robot alternatively. In Fig. 8, a
coordinate system is defined in the Cartesian coordinate robot
(the red coordinate axes in (a)): the same electric motors
are used for this robot, thus the motion speeds of camera
or laser output end in both the x axis and the y axis are
same. From Fig. 8, the imaging appearances before and after
laser cleaning have the distinct differences in both the pixel
intensity and the texture feature. Thus it is possible to use

FIGURE 8. The experiment system and the image samples: (a) is the
photo of the Cartesian coordinate robot; (b) presents the photo of the
visible light camera; (c) shows the photo of the laser output end; and (d)
and (e) illustrate the photos of the captured image samples before and
after cleaning.

TABLE 3. The basic parameters of cartesian coordinate robot.

TABLE 4. The basic parameters of visible light camera.

TABLE 5. The basic parameters of laser.

TABLE 6. The components of a kind of carbon steel.

these information to control the laser output effect and fore-
cast the SR. Tables 3, 4, and 5 show the basic parameters of
the Cartesian coordinate robot, the visible light camera, and
the laser, respectively. Table 6 also presents the carbon steel
components in this research.

B. EVALUATION OF LIGHTING CONTROL METHOD
Fig. 9 shows the examples of the LED light source and the
corrosive metals with the color cards under different light-
ing conditions. An experiment is performed to evaluate the

20910 VOLUME 8, 2020



H. Liu et al.: Automatic Process Parameters Tuning and SR Estimation for Laser Cleaning

FIGURE 9. The application examples of LED light source and color card:
(a) is the photo of the LED light source; (b) and (c) are the photos of the
corrosive metals with the color cards under different lighting conditions.

TABLE 7. The image feature comparisons before and after the application
of lighting compensation method.

effect of lighting compensation method. Table 7 shows the
results. A best and a worst results are shown here. In Table 7,
the image data A and B show the same workpiece captured

FIGURE 10. The photos of the oxide ponders and their typical corrosion
mixtures: (a) is the photos of the typical iron oxides; (b) presents the
examples of the typical oxide mixtures of (a); and (c) illustrates the gray
image of (b).

under different environment light conditions. Data A′ and B′

are the lighting compensation results of A and B, respectively.
And C is the standard imaging result of that workpiece whose
environment light is best. Thenwe compute the feature offsets
between the imaging results of A and C, A′ and C, B and C,
and B′ and C. The values of |A-C| and |A′ -C|, and the results
of |B-C| and |B′ -C| are compared. The smaller ones in |A′ -C|
and |B′ -C| are marked by bold italics. After the light compen-
sation, among 23 features, the dataset A′ can get 22 smaller
offsets than A; and the dataset B′ can get 13 smaller results
than B. The dataset B′ is the worst compensation effect in our
experiment. Clearly, even the processing effect of dataset B′

is limited, it still can improve the computational stability than
dataset B (i.e. 13>10). That can indicate the effectiveness of
our method to some extent.

C. EVALUATION OF CLEANING EFFECT CONTROL
A series of image features are computed to evaluate the corro-
sion state and control the laser output. The first feature vector
is the GLCM texture vector. The angular second moment,
the entropy, the contrast, the inverse differential moment, and
the correlation are computed. These features can reflect the
uniformity, the chaos degree, the depth, the regulation degree,
and the orientation consistency of image texture, respec-
tively. The second image feature vector is the concavo-convex
region vector. It can assess the distribution state of the spot
with small size or the pixel clump with big size in metal
surface. In this paper, regarding the equations (4) and (6),
T0 = T1 = 125. The third image feature is the histogram
symmetry difference. It can distinguish the texture granularity
degree before and after cleaning. Some computational results
of these features are shown in Table 11. Regarding equa-
tion (7), the 3-order polynomial function is utilized to find
the edge points of the histogram.

The imaging thermophysical property features include the
typical corrosion gray intensity and the maximum cleaning
temperature. When estimating the gray intensity, the analysis
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TABLE 8. The definitions of the typical corrosion type, the typical
corrosion component and content, and the typical image gray distribution.

FIGURE 11. The simulation interface samples of the maximum cleaning
temperature estimation: (a) shows the 2D model of the corrosion layer
and the carbon steel substrate; (b) is an amplification image of (a); and
(c) presents the 3D sketch map of the laser cleaning process.

results of Raman spectrum and some practical iron oxides are
utilized. The Raman spectrum can analyze the typical corro-
sion component and content. And the iron oxides are used to
create the typical oxide mixtures. Fig. 10 shows the powders
of typical iron oxide and their mixtures. In Fig. 10, (a) is the
photos of the typical iron oxides, they are α-FeOOH, Fe3O4,
α-Fe2O3(deep brown), and α-Fe2O3(brown); (b) shows the
examples of typical oxide mixtures of (a) which are scattered
in a polished carbon steel substrate; (c) is the gray image
of (b). Table 8 presents the definitions of the typical corrosion
type, the typical corrosion component and content, and the
typical image gray distribution (see equation (9)). The gray
distribution results come from the statistic calculations of the
typical corrosion images.

To estimate the maximum temperature of laser cleaning,
the COMSOL software [37] is utilized. Table 9 presents its
main simulation parameters. From Table 9, only the laser
power, the laser linear velocity, and the laser line space can

TABLE 9. The simulation parameters of COMSOL software.

TABLE 10. The thermophysical property parameters of typical corrosion
components.

be tuned, while other parameters are set by the constants.
Table 10 shows the corresponding measurement results of the
thermophysical property parameters of the typical corrosion
components in Table 8. Fig. 11 presents the main simulation
results: (a) is the 2D model of the corrosion layer and the
carbon steel substrate; (b) is an amplification image of (a);
and (c) is the 3D sketch map of the laser cleaning process.
Some assumptions are used in this simulation. First, the laser
energy distribution fulfills the Gaussian type. Second, only
the laser thermal effect is considered when carrying out our
simulation. That means the thermal absorption effect of metal
is neglected. Third, the boundary condition of thermal insula-
tion is adopted for the thermal convection. Fourth, the thermal
radiation during laser cleaning uses the Stephen-Boltzmann
model [26]; and its thermal radiation rate of material is set by
0.68.

Some laser process parameters can be tuned in our pro-
posed system. From Table 5 it can be seen that the laser
has 7 process parameters; however, the practical situation
is only few of them will be tuned. This is because: on one
hand, most of the commercial lasers do not open their laser
control interfaces; on the other hand, the laser service life and
its working stability will become low if too many process
parameters are tuned simultaneously during the cleaning.
As a result, only three process parameters, i.e., the power,
the linear velocity, and the line space, are tuned dynamically.
Other parameters are set by some constants. For example,
the laser frequency is set by 20kHz and the pulse width
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TABLE 11. The data samples of image features, imaging thermophysical
property features, and laser process parameters.

TABLE 12. The selection methods of SVM supervising data.

is 60ns, etc. Finally, the input data samples of SVM can
be presented in Table 11. They include the image features,
the imaging thermophysical property features, and the laser
parameters. In Table 11, the original input data are shown.
The data normalization should be performed before the SVM
training.

After the computation of the input data, the supervising
data of SVM can be defined. In this paper, the supervis-
ing data use the cleaning effect, i.e., the analysis results
of SR after cleaning, to carry out the SVM training.
The SR is measured by a ZYGO NewView white-light
interferometer. Its resolution in the horizontal direction is
0.36µm∼9.5µm; and the resolution in the vertical direction
is about 0.1nm. Table 12 presents the corresponding distri-
butions and descriptions of SR. In Table 12, we can classify
the cleaning effect into 3 degrees, i.e., the SVM supervising

TABLE 13. The experiment result comparisons using different training
data combination modes.

data can be set by 1, 2, and 3. From Table 12 it also can be
seen that the SR distribution of our application is comparable
small. This is mainly because the carbon steel substrate has
that similar SR distribution. In engineering, there are 14 or
15 degrees in SR grading [38]. Their specific scopes can dis-
tribute from 0.012 to 100. When evaluating the classification
effect, the threshold T SVMO in equation (12) is set by 0.1 in this
paper.

To assess the computation effect of SVM, a series of
comparison experiments are performed. Table 13 shows the
comparison results of SVM classification precision using
different feature combinations. In Table 13, we almost tra-
verse all the possible combination modes of the features
presented in Table 1. The features or the feature combinations
which are not illustrated in Table 13 indicate that their clas-
sification accuracies are too low. The training data amount
in Table 13 is 300 and the test data amount is 30. From
Table 13, our proposed feature combinationmode can achieve
the best classification precision. The corresponding result is
illustrated in bold. Some other image features are also tested
in this experiment including the Gabor wavelet features [39],
the LBP features, and other GLCM texture features [40], etc.;
however, the practical experiment results show their poor
performances. For example, the classification precisions of
them are always lower than 60%.

Some other machine learning methods [41] are also tested.
For example, the prediction accuracy of the neural net-
work [42] cannot be large than 60% in our experiment. This
is because the training data amount is limited currently. In our
past research works [43], the SVM has been successfully
applied in designing the multiple-input and single-output
prediction model. A Monte Carlo and SVM iteration algo-
rithm [28] has also been developed. Thus the SVM is consid-
ered in this paper. To test the performance of SVM further,
a comparison experiment is implemented: different kernel
functions are used to evaluate the prediction effect of SVM.
The data amounts of the training data and the test data are
300 and 30, respectively. And after the test it can be found
that the prediction accuracies of the linear kernel function,
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FIGURE 12. The comparisons of cleaning result photos using the
traditional cleaning process and our proposed method: (a) to (c) are the
original corrosion metal images; (d) to (f) present the cleaning results
using the traditional method; and (g) to (i) show the results of our
method.

the polynomial kernel function, the radial basis kernel func-
tion, and the sigmoid kernel function of SVM are 56.7%,
90.0%, 43.3%, and 26.7%, respectively. Lastly, the polyno-
mial kernel function is selected for the SVM.

An iteration computation is used to find the proper laser
parameters. Fig. 12 shows the corrosion images and the
cleaning results which use the traditional process and our
method. The traditional process uses the artificial experience
to build the cleaning regulation: if its processing effect can
fulfill most of the user’s demands, it will become a standard
for the industrial department. The laser parameters of the
traditionalmethod in this experiment are: the linear velocity is
1000mm/s, the power is 120W, and the line space is 0.05mm.
In Fig. 11, (a) to (c) are the corrosion metal images; (d) to
(f) are the cleaning results of traditional method; and (g) to
(i) are the results of our method. The measured SR are 2.452,
1.987, 2.246, 2.508, 2.318, and 2.138 from (d) to (i), respec-
tively. Because the corrosion degrees are different, the clean-
ing effects will vary a lot if the changeless laser parameters
are used. Clearly, the results of our method can position SR
in the same SR degree (see Table 7); while the result of the
traditional method cannot achieve it.

D. EVALUATION OF SR PRIDICTION
After the cleaning effect prediction and the laser cleaning, the
specific value of SR can be forecasted by the new captured
images. Fig. 13 shows some image samples after cleaning.
In Fig. 13, the data in (a), (b) and (c) are the images with
the SR degrees 1, 2, and 3, respectively. From Fig. 13, it can
be seen that the image features of different SR degrees are
apparent: the metal texture information become clearer from
(a) to (c); and the laser motion trace can even be observed
in (c). From Fig. 13 it can be deduced that more corrosion
components exist in (a); after the exfoliation of corrosion
layer, more original metal textures can be exposed in (b);
and a comparable serious laser ablation happens in (c). From

TABLE 14. The computation results of image feature for SR prediction
under different cleaning effects.

these results above, it can be concluded that: comparing with
the image data in Fig. 8 (d) which are covered by the corrosion
layers, it is possible to use the classification degree of laser
cleaning effect and the corresponding image features of the
cleaned metal to predict the SR precisely.

A series of image features are computed for the SR pre-
diction. Table 14 shows the computational samples of them.
The features in Table 14 give out the best features for SR
prediction in our experiment. Regarding the images under the
SR degree 1, because the existence of the metal corrosion
layer, the thin texture and the small corrosive spot can be
observed here and there in the metal surface; as a result, the
Tamura coarseness and the convex region feature can be used
to represent these image features. As for the images under
the SR degree 2, the irregular textures can be observed. Parts
of them come from the corrosion component and parts of
them belong to the metal texture. Thus both the convex region
feature and the GLCM correlation feature are considered to
compute these thin and coarse textures. And when it comes
to the images under the SR degree 3, the coarse textures
can be observed; and these textures also have the apparent
orientation consistency; therefore the GLCM correlation are
calculated again. In Table 14, the original feature data are
illustrated.

A series of comparison experiments are implemented
to assess the prediction effect of proposed method.
Table 15 shows the corresponding results. Many features and
feature combination modes are employed to test the predic-
tion accuracy of SR. The GLCM features, the Tamura texture
feature, the Gabor wavelet features, and the LBP features
are all considered here. After the experimental tests, the best
combination results are illustrated in Table 15. In Table 15,
if the SR offset between the actual value and the forested
value is less than 0.1, it is thought the predicted result is
correct. From Table 15 it can be seen that different feature
combination modes are used for the image data with different
cleaning effects. The SVR, the n-order polynomial function,
and the linear regressionmethod are all utilized to perform the
SR forecasting computation. Regarding the SVR, the amount
of training data is 100, and the amount of test data is 30. As for
the n-order polynomial function and the linear regression
function, the amounts of fitting data are both 30.

E. THE PRACTICAL APPLICATION ISSUE
OF PROPOSED SYSTEM AND METHOD
In this paper, an iteration computation is utilized to find
the proper laser process parameters. The SVM is in charge
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TABLE 15. The prediction accuracy comparisons of SR using different
image features and feature combinations.

with the cleaning effect classification. The random number
generation method is employed to create the laser process
parameter candidates for SVM. In the practical terms, the ran-
dom number is not a real random number; in fact we build a
table of the typical laser process parameters for the marine
corrosion metal cleaning. In this table, the selected values of
the laser process parameter are not continuous. In the practi-
cal computation, we only need to select the corresponding
process data randomly from this table and implement the
SVM prediction. If the SVM fails to forecast a proper laser
process parameters after traversing all the data in this table,
the user has to use his or her own experience to tune the laser
parameters. And if the cleaning effect can fulfill the request
of user, then the corresponding experience data will be added
and saved into that table.

In Tables 1 and 2, almost all the features can be computed
from image directly, only the features MHSD and MITP_TEM
are the exceptions. Regarding MHSD, because we cannot get
the real histogram after cleaning, lots of typical histograms
after cleaning are saved in our system in advance. When
carrying out the practical computation, we use the result of
MITP_GI to judge the typical corrosion type firstly, and then
call the typical histogram above according to its correspond-
ing laser process parameters. As for MITP_TEM , it is also not
realistic to use COMSOL to estimate its maximum clean-
ing temperature online. Like the solution above the similar
measurement is utilized. To evaluate the proposed method
further, both the laser parameters tuning and the SR prediction
are performed. If the user defines his or her expected SR
output scope as [SR1, SR2] (|SR2-SR1| ≤0.2), we can use the

middle value of this scope to set the expected output of SVM.
Its computation method is shown in (19). After some tests,
the final control and prediction accuracy of SR can approach
80.0%.

OuserSVM = (SR1 + SR2)
/
2 (19)

where SR1 and SR2 are the boundaries of the user expected
SR output.

F. DISCUSSIONS
A new laser cleaning process for the marine corrosion metal
is investigated in this paper. The marine corrosion belongs
to a kind of electrochemical corrosion. Generally speaking,
the corrosion creation experiences a complex process. In its
early stage, the corrosion mainly is the pitting corrosion. The
corresponding components include α-Fe2O3 and γ -FeOOH,
etc. Their colors are faint yellow and tan. In the second
stage, the corrosion becomes the rust spots, the multi-layer
corrosion appears. The corrosion components in the surface
layer are α-FeOOH or γ -FeOOH, etc.; while the corrosions
in the inner layer include α-Fe2O3 and Fe3O4, etc. The color
of corrosion layer is redish brown or brown. In the third stage,
the corrosion becomes a thick layer. Its components include
α-FeOOH and Fe3O4, etc. Their colors include black and
dark brown. In this paper we mainly consider the corrosion
issue of the second stage. That is because if the corrosion
layer is too thick the carbon steel will be replaced directly
and no laser cleaning is needed.

The SR estimation is necessary when implementing the
ship maintenance task. In the past, the laser cleaning-based
maintenance flows are: first lots of laser cleaning experiments
will be performed to get the experience values of process
parameters. Second, a process standard will be built. Once
this standard ismade, the laser parameters will not be changed
any more during the whole cleaning process. Third, when
carrying out the laser cleaning, the workers will judge the
metal corrosion state and perform the cleaning operation
according to their individual experiences and the guidance
of process regulation. Fourth, the SR will be measured after
cleaning. If the SR is not qualified, the further processing
will be performed. Clearly, the operation processes above are
passive: we only can assess SR after the surface processing.
If the SR after laser cleaning can be controlled and estimated
before and during the cleaning, that will be real meaningful
for the practical ship maintenance.

The artificial intelligence technique can be used to improve
the automatic level of our system. Recently, there are some
similar intelligent methods [44] which have been proposed
for the laser precision machining applications. In [45],
the artificial neural networkwas utilized to predict the process
parameters of laser cutting. In [46], the deep neural networks
and the reinforcement learning were considered to improve
the intelligence degree of laser welding. After the extensive
studies of the similar technique, it can be found the intelli-
gence technique is not widely used for the laser-related appli-
cation currently for two reasons. On one hand, the diversity
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FIGURE 13. The image data samples after laser cleaning: (a) shows the
images with the SR degree 1; (b) presents the photos with the SR degree
2; and (c) illustrates the results with the SR degree 3.

of the practical working condition and the huge requirement
of the training data limit the application scopes of most of the
intelligence methods. On the other hand, the constant tuning
of laser parameters during cleaning will also decrease the
lifetime and the stability of laser. Thus after the researches
of the image features [47] and the laser cleaning effect [48],
a two-stage algorithm is developed.

Lots of imaging features are utilized in this paper. Except
for the GLCM texture features, other imaging features are
the new developed ones. First, the concavo-convex region
features are proposed. These features can describe the texture
spot information in the metal surface. Second, a feature of
histogram symmetry difference is defined. It can measure the
ratio difference between the metal texture and the corrosion
texture. Third, the imaging thermophysical property features
are also designed. They can represent the gray intensity dis-
tribution of typical corrosion component and the correspond-
ing maximum cleaning temperature. Clearly, the maximum
cleaning temperature is related with the analysis result of
the imaging gray distribution of typical corrosion. Hence
it can be looked on as a kind of special imaging feature.
Many other image features, such as the LBP features or the
Gabor wavelet coefficients etc., are also tested; however they
are not considered in the practical application for their poor
performances.

When estimating the imaging intensity feature MITP_GI
of the typical corrosion, the Raman spectrum is used to
determine its main components and contents. To get the
analysis results of Raman spectrum, the Gaussian distribu-
tion function is used to estimate the area of Raman peak
after the baseline correction [49]. Then the peak area can be
regarded as an important reference for the typical corrosion
content estimation. Fig. 14 shows the example of the baseline
correction and the peak fitting of Raman spectrum before
cleaning. In Fig. 14, (a) is a sample of the original Raman
spectrum and its result of baseline correction; (b) is the result
of Raman peak fitting. Table 16 shows the component and the

FIGURE 14. The example of Raman spectrum data processing: (a) is the
sample of the original Raman spectrum and its result of the baseline
correction; (b) presents the result of Raman peak fitting.

TABLE 16. The example of corrosion component, Raman shift, and
Raman peak area.

content analysis results of Fig. 14. Clearly, comparing with
the final component ratio which is illustrated in Table 8,
the results in Table 16 are more complex. To decrease the
analysis complexity, and we also consider that the colors of
some iron oxides are similar, lastly only the content ratios
in Table 8 are used. The computational effect of SVM has
proofed its effectiveness.

In this paper we partition one big workpiece into several
small rectangle blocks; and in each block the particular laser
cleaning will be carried out. Since the laser parameters are
unchanged during the cleaning of each small block, there is no
processing time limitation for our algorithm because the cor-
responding computation has been finished before cleaning.
A kind of SVM-based iteration computation is proposed to
find the proper laser parameters. The inputs of SVM include
the random numbers of laser parameters and the imaging
features. As we have stated, the laser parameters are not the
real random numbers. They are selected from a predefined
table. Comparing with other optimization methods [50], [51]
which can estimate the optimal results by updating their com-
putational strategies dynamically, our algorithm just selects
and tests the known parameters from a table. Strictly speak-
ing, our algorithm does not belong to a traditional optimal
computation [52], [53]. Then it is not necessary to consider
its convergence or efficiency.

When implementing our cleaning technique for the work-
piece with big size, the overlapping issue should also be
considered. The overlapping issue is to solve the laser
cleaning process regarding the neighboring cleaning blocks
(see Fig. 2 (b)). Fig. 15 shows the sketch maps and the actual
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FIGURE 15. The sketch maps and the actual images of the overlapping
process issue: (a) and (b) are the sketch maps of the overlapping
problem; (c) and (d) show the actual processing results.

applications of that issue. In Fig. 15, (a) and (b) are the sketch
maps of the overlapping problem; (c) and (d) are the actual
processing results of them. During the practical cleaning pro-
cess, a linear gap may appear between the neighboring clean-
ing blocks (see Fig. 15 (a) and (c)) because of the positioning
error of the Cartesian coordinate robot. To solve that problem,
we enlarge the size of the original cleaning region to some
extent (see the red and the blue rectangles in Fig. 15 (b)). For
example, the 1.05 times of the original cleaning size can be
considered in this paper. Clearly, the region of linear gap will
be cleaned for more than one times. If the output of laser is
set properly, the negative effect of the multi-times cleaning
can be omitted.

The proposed method at least has three advantages. First,
its intelligence degree [54] is high. Comparing with the tra-
ditional cleaning method, our method can control the laser
output intelligently and predict the SR automatically. Second,
its computation stability is good. The proposed method uses
the image features and the imaging thermophysical property
features to carry out the attribution analysis of the corro-
sion workpiece. With the assistances of both the environ-
ment lighting control and the Raman spectrum analysis, its
processing effect is stable. Third, the accuracy of proposed
method is also acceptable. According to the experimental
analyses, the computational accuracies of SVM and 3-order
polynomial function can be large than 90.0% and 80.0%
in many cases, respectively; and the integrated processing
accuracy of our system can also approach 80.0%. Clearly, our
proposed method also has some shortcomings. For example,
the processing speed of proposed method is comparable slow
than the traditional technique. And its processing accuracy
can be improved furtherly in future.

V. CONCLUSION
To fulfill the surface processing demand of user, a kind of
process parameters tuning and SR estimation algorithm for
laser cleaning application is proposed. Before the implemen-
tation of cleaning, the proper laser parameters are estimated.
A series of features, i.e. the GLCM features, the concavo-
convex region features, the histogram feature, and the imag-
ing thermophysical property features are computed. And a

SVM-based iterative computation is employed. After the
laser cleaning, the SR can be predicted. The image features,
such as the Tamura coarseness, the GLCM features, and
the convex feature are calculated for the image after clean-
ing. To improve the prediction precision, different feature
combinations are used for images with different cleaning
effect degrees. In future, more data will be accumulated and
some intelligent computational methods can be designed to
improve the processing effect of our system.
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