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Abstract
In the metal parts manufacturing industry, maximising the throughput, manufacturing
on time and on budget, and ensuring zero-defect products are among the most significant
aspects of the production chain. The purpose of Quality Control is to prevent defects,
i.e, ensure that the parts are made to comply with design specifications and will function
properly as part of larger assemblies, such as a car transmission, engine, car body, just to
cite some. Quality Control also contributes to product safety and prevents reliability issues,
which can often increase costs, lead to product recalls, or trigger issues that endanger final
consumers.
This thesis reports on the design and experimental assessment of reliable dimensional
control using laser based optical devices. Modeling and calibration of such systems, as well
as the filtering of the delivered data, has been one of the primary motivations. In particular,
modern AI-based algorithms such as Deep Learning and Machine Learning have made
these processes faster and easier. Two scenarios were chosen to validate experimentally this
work. The former consists of an in-line inspection where complex warm forged revolution
parts for automotive propulsion systems are measured. The latter computes the flatness
and the surface quality of metal sheets produced by a cut to length production line, where
the entire process of unwinding, fattening, cutting and stacking metal sheets takes place.
Keywords:
Optical Laser Sensor, Calibration, 3D Reconstruction, Depth Data Denoising, Convolutional
Neural Networks, Deep Learning, In-line Dimensional Inspection, Warm Forming, Roll
Levelling, Flatness Inspection.
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CHAPTER

Introduction
Quality control can be traced back to medieval Europe, when craftsmen formed guilds in
the late 13th century. They were in charge of establishing stringent criteria for quality
of products and services. Inspection committees enforced the standards by affixing a
distinctive mark or symbol to faultless items. Initially, this identifier was used to track the
source of defective products. However, the symbol evolved to indicate the craftsman’s high
quality across time. Customers throughout medieval Europe relied on inspection seals and
master craftsmen markings as guarantee of quality.
Until the Industrial Revolution in the early nineteenth century, this method to manufacturing quality was prevalent. The emphasis on product inspection, began in the mid-1750s
in Great Britain and during the Industrial Revolution in the early 1800s. Quality procedures
emerged throughout the 1800s as a result of changes in manufacturing techniques. The
skill of the labourers, complemented by audits and inspections, ensured quality in the
production system. Defective products were either reworked or discarded. Late in the
nineteenth century, the main goal was to boost productivity without having a large number
of qualified workers. This increased focus on mass production had a detrimental impact on
quality. To address this deterioration, managers organised quality inspection departments
to avoid faulty items from reaching customers.
The introduction of "processes" in quality practices began around the turn of the
twentieth century. A "process" is defined as the set of actions that beginning with an
input, adds value to it, and ends with an output. In the mid-1920s, manufacturers began
to focus on process control, making quality crucial not just for the completed product
but also for the processes that produced it. Quality control departments realised that all
industrial processes produce data, and this data could be analysed statistically to determine
if a process is stable and under control, or whether it was altered by specific factors that
must be addressed. As a result, quality was assessed using statistical sample techniques,
and the production processes were monitored using quality control charts, setting the
groundwork for modern-day quality control [1, 2, 3].
In today’s intelligent manufacturing era, new technologies have completely overthrown
conventional manufacturing processes. With the arrival of Industry 4.0, a significant part
of industrial processes are now carried out by smart machines, production systems are
1
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1. Introduction
interconnected, and so all manufacturing operations, including quality control. This fact
implies that every single process has to be designed as intelligent as possible in order
to operate with minimum human interaction. Therefore, intelligent technologies and
digitisation approaches have resulted in significant improvements in quality control.
Machine vision and artificial intelligence, for instance, are widely used for quality
control in a wide range of applications [4, 5, 6, 7, 8]. It is well known that automated
machine vision systems are able to analyse geometrical and aesthetic aspects to assess
product quality. These systems minimise human intervention, which leads to subjectivity
and fatigue resulting from performing repetitive tasks that may result in human errors,
ensure a higher grade of accuracy, repeatability, optimise operational efficiency, and reduce
quality control downtime increasing enterprise profits. However, in some scenarios such as
industrial harsh environments, there exists undesirable conditions (high temperatures, dust,
mechanical vibrations, high-speed manufacturing lines, etc.) making image-base quality
control challenging.
In this thesis, we deal with two particular scenarios of mass production. The former, is
a high-speed forging press producing warm metal parts (600-800 ºC) for the automotive
industry, that must be inline inspected with respect to several dimensional parameters and
the absence of surface defects have to be verified. The latter, is about a Cut To Length
Line (CTL) for the uncoiling, levelling, measuring, cross-cutting to length and stacking
work of metal sheets. Both are examples where quality control processes strive against the
aforesaid demanded conditions.
Imaging-based sensing tries to overcome the aforementioned challenges. Among the
existing technologies, laser-based optical sensors are one of the most commonly used for
dimensional measuring. They offer a useful balance between resolution and precision,
can be used in high-speed applications, and they are robust and reliable under varying
conditions. These sensors are based in the laser triangulation principle, i.e., they use a laser
light source and a camera to obtain 3-dimensional measurements. The laser beam and the
camera are both focused at the inspection object, thus, depth variations are measured using
trigonometry, given a known angular distance between the laser plane and the camera
sensor plane. Theses sensors, combined with machine vision algorithms [9, 10, 11, 12,
13], have received considerable attention. Recently, advances in this field have benefit
from improvements in artificial intelligence. Particularly, Convolutional Neural Networks
(CNNs) have been widely used for image processing, pattern recognition, and classification,
achieving outstanding results [14, 15, 16, 17]. Nevertheless, innovative technologies and
improvements in laser-based sensors for quality control processes in harsh industrial
environments are required.
Therefore, this thesis tackles the challenge of optical laser-based sensors in quality
control processes and intends to enhance this field, managing complex and mass production
aspects, in particular in industrial harsh scenarios. This works reports on the design and
experimental assessment of reliable dimensional quality control methods, the devising of
laser-based optical sensors for industrial harsh environments, and the modelling, calibration
and filtering of data provided by such devices.

2

CHAPTER

Foundation and Context
This chapter explains the theoretical concepts, which have been the guiding light throughout
the work of this thesis. Therefore, the following subsections are concerned with the most
commonly used camera calibration model, namely the pin-hole camera, laser triangulation
principle and the Scheimplug condition, and finally we close by presenting some data
filtering techniques used in this thesis.

2.1

Camera Model

In this section, we will go through the geometry and image acquisition of a single camera.
More precisely, we begin with a description of the projective transformation. Next, the
so-called pin-hole camera model is introduced. Finally, we address the computation of
the extrinsic and intrinsic parameters, and also the most common type of camera lens
distortions coefficients, i.e., radial and tangential.
Any image acquisition system, whether human or computer-based, performs a transformation of real 3D space into 2D space. Identifying the parameters of this transformation
is essential to characterise the system. The most basic design of real camera consists of a
pin-hole and an imaging sensor (image plane). This camera, also named "camera obscura"
or pin-hole camera, was first used by the arabic scientist Alhazen around 1000 AD as a
roughly approximation to the human eye [18]. Light rays enter a pin-hole camera through
a narrow aperture and generate an image on the camera sensor also known as the image
plane. The image is generated upside down, much the same as the human eye. The image
plane in the pin-hole model used for calculations is rotated 180 degrees around the vertical
axis and the optical axis, leaving the image plane in front of the pin-hole aperture and
with an image perceived the same manner as the original. Because this configuration is
physically impossible, it is referred to as the virtual image plane. However, this formulation
in the pin-hole camera model simplifies the concept of projection calculations.
This results to the pin-hole camera model’s basic formulation, as seen in Equation
2.2, where x and y are the image coordinates on the image plane, X, Y and Z are the
world coordinates of the observed object, and f is the focal length which corresponds to
image plane distance. A mathematical model of the simple pin-hole camera is illustrated
3
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Figure 2.1: Schematic diagram of image sensor’s imaging model

in Figure. 2.1. Two coordinate systems are of special relevance for understanding how
points in the real world are mathematically related to points on the image plane. First, the
world coordinate system, here with a subscript W . Second, the camera coordinate system
here with a subscript C. These two coordinate systems are related by a translation and a
3D orthonormal rotation, represented by T and R. Point Oc , also called principal point
or a focal point, where the axes Xc , Yc and Zc define the camera coordinate system. The
point Oc projected on the image plane in the direction of Zc determines the principal point
coordinates O = (Cx , Cy ) in pixels.
Coordinates of the points P and p in camera coordinate systems are as follows:

T

T
Pc = Xc , Yc , Zc
pc = xc , yc , f

(2.1)

Because of the optical axis being perpendicular to the image plane, and by similarity of
triangles, we obtain the formulation of the pin-hole camera model as follows:
xc = f

2.1.1

Xc
Yc
, yc = f ,
Zc
Zc

(2.2)

Intrinsic Parameters

The intrinsic parameters of a camera can be summarised as the parameters of the projective
transformation, i.e, the focal length f , the mapping relation between camera and image
coordinate systems, and the geometric distortions.
The mapping relation between image and camera coordinate systems, i.e, between u, v
and xc , yc is described by:
u=
4

xc
yc
+ Cx , v =
+ Cy
hx
hy

(2.3)

2.1. Camera Model
where xc and yc are related to the camera coordinate system, and u, v to the system of
the local image plane in pixels. Pixels dimensions, hx and hy , are usually expressed in µm
in both sensor plane directions.
The geometric distortions produced by the optical elements of the camera are due to
the non-linearity nature of these elements. In most practical scenarios, we can characterise
these distortions as radial and tangential distortions, the magnitude of which increases as
points move away from the image centre. These distortions can be modelled by a nonlinear
correction adding a polynomial model firstly introduced by by Brown [19, 20], based on
earlier work by Conrady [21]. The undistorted point is computed by:
 


xu
2
4
2
2
2
  = xd (1 + K1 r 2 + K2 r 4 + ...) + P1 (r + 2xd ) + 2P2 2 xd y2d (1 + P3 r2 + ...) ,
yd (1 + K1 r + K2 r + ...) + 2P1 xd yd + P2 (r + 2yd )(1 + P3 r + ...)
yu
(2.4)
where xd and yd are the distorted coordinates of the projected point in the camera, xu
and yu are the undistorted coordinates as projected by an ideal pin-hole camera, Kn is
th radial distortion coefficients, P is the nth tangential distortion coefficients, being
the nq
n
r=

2.1.2

x2d + yd2 . These parameters model the non-linear influence on the optical system.

Extrinsic Parameters

The extrinsic parameters are all the geometric parameters required to transform a point
from the camera coordinate system to the world coordinate system and backwards. As a
result, the extrinsic parameters of a camera are easily introduced as an orthonormal 3D
rotation matrix R and a translation matrix T between Oc and Ow coordinate systems
For a given point P , its coordinates in the camera and world coordinate systems are
related by the following equation:
Pc = RPw + T ,

(2.5)

where Pc stands for a point Pc in the camera coordinate system, Pw is its the same
point expressed in world coordinate system. These matrices can be expanded as follows:


r11 r12 r13

T
R = r21 r22 r23  , T = Ow − Oc = tx ty tz
r31 r32 r33

2.1.3

(2.6)

Projective Transformation

By substituting Equations 2.5 and 2.3 into 2.2, and not taking into account the distortions
2.4, we get the linear equation corresponding to the pin-hole camera model.
m̃ = H P̃w ,

(2.7)

where m̃ are the homogeneous coordinates of the projected imaged point expressed in
pixels. P̃w are the homogeneous coordinates of the point P in world coordinate system.
5
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Finally, H is the pin-hole camera transformation, also called projection matrix which can
be expressed as the product of the following two matrices:
H = K [R|T ]

(2.8)

Matrices R and T are given in Equation 2.6. K defines the intrinsic parameters, and
corresponds to Equations 2.2 and 2.3 expressed in homogeneous transformations form.
Thus, Equation 2.7 above can be written as follows:
  f
u
 hx
m̃ = s v  =  0
1
0

0
f
hy

0

 

 X
Cx
r11 r12 r13 tx  
Y

Cy  r11 r12 r13 ty  
Z 
r11 r12 r13 tz
1
1

(2.9)

where s is a nonzero scalar implying that matrix H is defined only up to a known scale
parameter.

2.2

Laser triangulation

In this section, we address some fundamental aspects of the sheet-of-light triangulation
principle, optical design considerations, the use of peak image intensity detector techniques,
and the calibration of the camera and laser line sensor.

2.2.1

Basic Principle

The sheet-of-light technique is based on the principle of triangulation [22], performing a
three-dimensional reconstruction of the surface of an opaque and diffuse reflecting solid
by using area scan cameras and laser light projectors. Although sheet-of-light techniques
are the most commonly used for surface reconstruction, other laser projected patterns like
multiple laser stripes, patterns like circles [23, 24, 25], concentric multiple circles, and grids
may be used.
In a typical laser triangulation sensor, the camera and the laser line projector must
be mounted so that their main axes form an angle for triangulation. The value of this
triangulation angle is typically between 30◦ and 60◦ . The projected light line defines a plane
in 3D space. This plane intersects the surface of the solid under measurement, creating a
profile of the surface that is visible to the camera. By moving the solid surface in front of
the laser line projector, it is possible to record the whole surface of the solid. In order to
increase the measurement range, a Scheimpflug configuration is used, where the detector
plane has a tilted angle with respect to the imaging plane[26].
The measurement principle of the sheet-of-light technique is illustrated for a single laser
line triangulation setup in Figure 2.2, where Pw = [Xw , Yw , Zw ]T is a point in the world
0
coordinate system and Pw = [xw , yw , zw ]T is its projection in the image plane expressed
in the world coordinate system. Equations 2.10 and 2.11 show how the 3D point Pw can be
computed knowing its projection on the camera image plane. Equation 2.10 corresponds
to the projected line of the observation of point Pw by the camera, and Equation 2.11
6
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corresponds to the laser plane. Their intersection provides the desired world coordinates
Pw .
Pw = λv + P0w



Px
0
nT (Pw − P0w ) = [a b c]  Py  + d = 0
Pz

(2.10)

(2.11)

where P0w is the camera optical centre in world coordinate system, v is the unitary vector
0
between P0w and P0w , n = [a, b, c]T is the plane’s definition vector, and P0w is any point
lying on the laser plane [27].

Figure 2.2: General configuration of a laser triangulation system.

The accuracy of a 3D reconstruction using laser linear illumination is significantly
determined by the accuracy of the line identification in the image. Since the pattern of
image intensity in the normal direction to the line has a Gaussian profile. Finding the
centre of the line in the image corresponds to detecting the point of maximum intensity
in the normal direction, also known as the laser peak, which can be detected by different
algorithms using the intensity distribution along a column of the sensor image, e.g., finding
the position of maximum intensity, finding thresholding points, or finding the centre of
gravity with subpixel accuracy [28, 29, 30]. Among the different algorithms, Savitzky–Golay
[31, 32] finite impulse response (FIR) differential filter is one of the most applied to the
image intensity profile of the laser line for computing the zero-crossings with sub-pixel
accuracy [33, 34, 35].
7
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2.2.2

Sensor Calibration

The purpose of sensor calibration is to identify the camera intrinsic parameters and the
mapping between the laser plane and the camera. Since the sensor consists of a laser
projector and a camera, camera modelling and calibration become an integral part of the
sensor calibration procedure. The conventional approach consists of using first a standard
camera calibration technique [36, 37] to estimate the camera parameters, then the laser
plane parameters are estimated by capturing the correspondences of 3D known points and
applying the least squares method [38, 39, 40]. The calibration methods are dependent
on the form of calibration target, the method for extracting control points for camera
calibration and laser plane calibration, and the calibration algorithms used. For instance,
the 2D plane with controlled movement [41], and the 3D target with the invariance of
the cross ratio [42, 43] could be used. An alternative sensor calibration approach consists
of finding the mapping function between the image plane and laser plane, treating the
sensor as a black box carrying out a plane mapping function. This approach requires the
estimation of at least eight parameters [44] by the plane constraint methods [45] or a least
squares polynomial fitting method [46].
2.2.2.1

Calibration Method

In the pinhole camera model, from equation 2.7 and 2.8, the mapping between a 3D point
in the world coordinate frame to the image coordinate frame is:
(2.12)

m̃ = K [R|T] P̃w .
This equation can be rewritten as it follows:


Xw
u

  Yw
s  v  = K R1 , R2 , R3 , T 
 Zw
1
1





 ,


(2.13)

where R1 , R2 , and R3 are the columns of rotation matrix R. Assuming that all the
calibration points are placed on a plane with Yw = 0 then,





u
X
w


s  v  = K R1 , R3 , T  Zw  .
1
1

(2.14)

m̃ = Hl P̃l

(2.15)




T

T
Defining Hl = K R1 , R3 , T , m̃ = u, v, 1 , and P̃l = Xw , Zw , 1 ; we
obtain the following expression for the mapping between the 2D image points and the 3D
calibration planar points:

Given a set of calibration points and their corresponding image coordinates, the transformation matrix Hl , also known as Homography between the laser and image planes,
can be estimated by solving the previous linear equation. Let us assume that the laser plane
8
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XZ is our reference coordinate system. Let Pli = [Xli , Zli ] be a point in the laser plane
and Pci = [Xci , Yci ] the corresponding image plane point. The mapping between these
two planes is given by:


 


Xci
h11 h12 h13
Xw
s  Yci  =  h21 h22 h23   Zw 
1
h31 h32 h33
1

(2.16)

Carrying out the correction of the lens radial distortion, the mapping from the image
plane to the laser plane becomes a linear function. The mapping transformation Hl can be
estimated by minimal linear least squares:
sXci = hl11 Xli + hl12 Zli + hl13
(2.17)

sYci = hl21 Xli + hl22 Zli + hl23
s = hl31 Xli + hl32 Zli + hl33



For a set of corresponding points Pli = [Xli , Zli ] i and Pci = [Xci , Yci ] i , rearranging Equation 2.17, we get a linear system A · Hl = 0, where A and Hl are given
by Equation 2.18 and 2.19. The solution to this system is the least eigenvector of AT A
or the eigenvector corresponding to the smallest singular value of the Singular Value
Decomposition (SVD) of A [47].
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2n×9

(2.18)

(2.19)

1×2n

In most cases, for the identification of Hl parameters, planar patterns with easily
identifiable imaged points are used [48, 49]. In some cases planar targets are not a feasible
solution (for example, in an arrangement where the planar pattern cannot be seen by all
cameras simultaneously), so a 3D calibration target is used instead. These 3D calibration
objects are specific to each application and can be of different shapes and sizes, such as a
stepped [50] or creased [51] gauge, a 3D cube with a white mark in the middle [50], a 3D
sphere [52], or a 3D cone [53], among others.
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2.2.3

Scheimpflug Condition

It is widely known that by tilting the lens with regard to the image plane, an arbitrary plane
in the world coordinate system space can be imaged sharply in the sensor plane [54]. This
technique is typically attributed to Theodor Scheimpflug, who submitted a series of patents
during 1902 and 1904 [55, 56, 57, 58]. The principle, however, was originally established by
Jules Carpentier [59].
The Scheimpflug condition enables us to handle the focusing challenges that arise in
systems such as stereo vision setups, where the camera image planes must be tilted, fringe
projection systems, and sheet-of-light devices such as the one depicted in Figure 2.2. In the
latter devices, the Scheimpflug condition has to be necessarily fulfilled to obtain a sharp
image of the laser line over the whole measurement range.
Lens’s plane, image plane, and the plane of focus of a camera are generally parallel.
As a result, if a planar object is parallel to the image plane, this will coincide with the
plane of focus and the entire object will be focused. However, if the object plane is not
parallel to the image plane, this will be in focus only across a line intersecting the plane of
focus. However, when a lens is tilted, an oblique tangent extends from the image plane and
another extends from the lens plane intersecting at a line through which the plane of focus
also passes, as shown in Figure [2.3].

Figure 2.3: Schematic of an imaging system with the Scheimpflug principle in a 2D view.

Scheimpflug principle states that the object plane, the lens’s plane, and the image plane
must all meet in a single line [59]. This intersection line is also called the Scheimpflug line
[60, 61]. With minor changes, this principle could be applied to both thin and thick prims
models.
The rotation that maps the ideal untilted image plane to the tilted one can be expressed
as successive rotations around Xc and Yc axes as follows [62]:
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cosβ 0 sinβ
1
0
0
1
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(2.20)
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Thus, the pixel coordinates in the tilted image pt = (ut , vt ) are computed using
Equation 2.8 from P = (X, Y, Z) in the world coordinate system. Assuming the pin-hole
model, disregarding the distortions, and taking into account the tilt effect of the Scheimpflug
condition, the projection pt can be modeled as:
 
 
X
ut




Y 
s  vt  = K · Λ · RT
S · R|T   ,
Z
1
1

(2.21)



cosα · cosβ
0
sinβ
0
cosα · cosβ −cosα · sinβ 
Λ=
0
0
1

(2.22)

where Λ is the so-called Scheimpflug array:

In cases where the tilted angle is small (Scheimpflug angles smaller than 6 degrees) the
tangential distortion parameters compensate the Scheimpflug angle effects [63]. Thus, a
pin-hole standard calibration with radial and tangential parameters can be used in order to
calculate the Scheimpflug distortion map. However, many lenses with large focal lengths
present almost no image distortion. In such cases, a direct laser-camera homography
estimation without the calculation of the Scheimpflug parameters can be used [64].

2.3

3D Surface Data Denoising

Geometric measurement based on 3D surface reconstruction via optical sensors is a key
feature for various disciplines such as computer-aided design, manufacturing, and industrial
metrology for monitoring quality in production processes, just to cite some [65, 66, 67, 68,
69]. In particular, industrial metrology systems are capable of analysing the surface, shape
and dimensions of workpieces during the production process, during the final inspection or
in the measuring room. In order to adquire a 3D model, techniques such as laser scanning
and structured light approaches, have been predominantly used, providing high accuracy
even though they require specialised and expensive equipment.
However, these optical sensors are particularly prone to different noise sources that
can significantly alter data. Some common sources include vibrations caused by mechanical processes, transporting systems, varying light conditions, optic defects, atmospheric
turbulence, among others [70, 71, 72]. Formulating some of these noises is particularly
challenging and, in consequence, removing their influence is not an easy task. Thus, highquality optical measurement systems strongly depend on the quality of data denoising
methods applied in order to extract the most accurate surface information.
In digital data processing, there are numerous noise reduction algorithms [73]. Therefore, when selecting a noise reduction algorithm, several factors must be taken into account.
Some of these considerations are, a) the available computational power and cycle-time, b)
whether losing some real data is acceptable when enables the system to remove additional
noise, c) TUNING, and d) the noise characteristics and the amount of data detail that should
be preserved.
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The following subsections will present different data denoising techniques for optical
3D laser based sensors that have been used in this thesis.

2.3.1

Piecewise Cubic Hermite Interpolation Denoising Filter

The approximation of surface profiles by splines allows the detection of surface defects
as regions of the surface that show a high distance relative to the approximating spline
functions [74]. Specifically, the transform based on Hermite splines has a very convenient
property, namely that the coefficients of a function corrupted with Gaussian noise follow
a Gaussian distribution [75]. This property allows us to efficiently denoise the surface
profile by simple thresholding of the coefficients. A cubic Hermite interpolator is a third
order parametric polynomial curve specified in Hermite form, that is, by its values and first
derivatives at the end points of the corresponding domain interval 2.23 that can operate
efficiently in the form of filter implementation.

Z(t) = T · MH · GH ,

being



T = t3 t2 t 1


2
1 −2 1
−3 −2 3 −1

MH = 
(2.23)
0
1
0
0
1
0
0
0

T
GH = ρ(0) ρ0 (0) ρ(1) ρ0 (1)

where t ∈ [0, 1], T is a row vector containing the coefficients of the third order
polynomial function, MH is the square matrix form composed of the four Hermite basis
functions, and GH is the column vector form composed of the interval endpoints values and
their derivatives, where ρ(0) and ρ(1) are the values at the boundaries of each interpolated
curve, which may correspond to a surface laser profile, and ρ0 (0) and ρ0 (1) are their
corresponding first derivatives with respect to t. A series of curve sampling intervals
{ρk , ρ0k }nk=1 can be interpolated by imposing boundary conditions such that the derivatives
are continuous at the endpoints of neighboring intervals. These boundary conditions yield
an interpolated curve consisting on cubic Hermite splines that is globally continuous and
differentiable in (t(1), t(k)), i.e., it belongs to C 0 and C 1 [76].
However, in order to use the piece-wise cubic Hermite interpolation method, several
considerations must be taken into account. On the one hand, the surface profile recovered
from the sensor must have a signal-to-noise ratio (SNR) high enough to allow data interpolation. On the other hand, according to the Nyquist–Shannon sampling theorem [77], the
gradient data sampling frequency must be at least twice that of the highest frequency of
the original signal.

2.3.2

Deep Learning Approaches

Artificial neural networks (ANNs) are computational networks inspired by the human
brain. ANN models, in particular, replicate the neuronal activity of the brain and central
nervous system. The first doors to the developmente of neural networks were open in the
late 1940s [78, 79]. Since then, these network structures have been evolved and have been
12
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able to solve complex real-world problems in a variety of scientific fields, ranging from
pharmaceutical research to finance.
ANNs are composed of artificial neurons (also known as perceptrons) that are interconnected with each other. Theses artificial neurons are typically structured in layers, and
multiple layers pilled together are called a multi-layer neural network. In an ANN, a neuron
may be linked to all or a set of neurons in the following layer, with these links mimicking
brain synaptic interconnections. Weighted signals arriving a neuron replicate the electrical
activation of a neuron and, as a matter of fact, data transfer within the artificial brain. Each
neuron in the ANN has weighted inputs, transfer function, and one output. An artificial
neuron model is shown in Figure 2.4. The input data to a neuron, in is multiplied by a
connection weight, wn,m , which imitates the reinforcement of neurological brain pathways. Learning is reproduced in ANNs through the adaptation of these synaptic weighted
connections.

Figure 2.4: Neuron model in Artificial Neural Network.

The aforementioned neuron interconnections arrangement and geometry are very
essential in ANNs. These arrangements always include two layers that are shared by all
network architectures: the Input layer and the Output layer, the input layer feeds the input
signal into the network, while the output layer produces the network’s output. In multilayer architectures, one or more additional layers known as Hidden layers are implemented.
These layers, in which neurons are not kept in either the input or output layers, are hidden
from the processes that interact with the network and behave as a black box to them. The
system’s computational and processing capacity can be increased by adding additional
hidden layers, but the system’s training phenomena become more complex at the same
time. Thus, the problem to be solved and the available data plays a significant role in the
ANN structure design. An example of a multi-layer ANN architecture with a single hidden
layer is depicted in Figure 2.5.
2.3.2.1

Convolutional Neural Network (CNN)

Convolutional neural networks (CNN) are a specific form of ANN in which convolutional
layers are used in the architecture design. A convolution layer is a fundamental component
of the CNN architecture. It performs feature extraction, which typically consists of a
combination of linear and nonlinear operations, i.e., convolution operation and activation
13
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Figure 2.5: Multi-layer ANN architecture.

function. CNNs are designed and constructed to learn feature spatial hierarchies automatically and adaptively using multiple elements such as pooling layers, convolution layers,
and fully connected layers. Thus, due to its hierarchical feature extraction ability CNNs
have grown in popularity in a wide range of computer vision applications, being one of the
most popular deep learning architecture.
CNNs were first used in LeNet [80] and demonstrated excellent performance in handwritten digit recognition and were ultimately used in image processing applications in the
following years. A decade after the publication of LeNet, Krizhevsky et al. [81] proposed a
novel CNN that can obtain a nearly 10% lower error rate int the ImageNet [82] benchmark
in comparison to state-of-the-art methods of that time. Since then, CNNs became a boon in
almost all image processing applications.
2.3.2.2

Autoencoder

An autoencoder is an unsupervised neural network architecture that is trained to reproduce
the input as its output. It has a typical structure as a pair of funnels attached by the short
end. The first funnel compresses the input data into a lower-dimension encoding, while
the second funnel decompresses the encoding trying to recover the original input data.
The encoder seeks to obtain a robust latent representation of the original data, which is
often used for other purposes, such as features for another classification module. Figure 2.6
shows the autoencoder model architecture where x̃ is one data sample of the dataset, x
is the output reconstructed version of x̃, z is the latent space, fθ is the encoding function
parameterised by θ, and gθ0 the decoding function parameterised by θ0 . The parameters θ
and θ0 are learned together to output a reconstructed data sample as similar as possible
to the original input, i.e., x̃ ≈ fθ (gφ (x)), or in other words, to learn an identity function.
Various metrics can be used to quantify the difference between the reconstruction error.
For image samples, generally, the MSE loss function is used.
Autoencoders have been a popular field of study in neural networks in recent decades.
14
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Figure 2.6: Schematic of an autoencoder model architecture.

The first applications of this type of neural networks date back to the 1980s [83, 84, 85, 86].
Autoencoders have been used for classification, clustering, anomaly detection, dimensionality reduction, and signal denoising [87]. Convolutional Autoencoders (CAEs) are a special
form of Autoencoders implemented using convolutional encoding and decoding layers.
2.3.2.3

Denoising Autoencoder

Proposed by Vincent et al. [88], the Denoising Autoencoders (DAEs) are an extension
of classic autoencoders where the model is taught to predict original uncorrupted data
from corrupted input data, i.e., the decoder attempts to reconstruct a clean version of the
corrupted input from the autoencoder latent representation.
The encoder function f takes a corrupted input x̃ and maps it to a hidden representation
y computed as:
y = fθ (x̃) = h(Wx̃ + b)

(2.24)

where h is a typically nonlinear transfer function, W and b are the encoder network
parameters, and θ = (W, b).
The output x’, having a similar form to x̃, is reconstructed from y by the decoder g
x’ = gθ0 (y) = h0 (W’y + b’)

(2.25)

where h0 is similar to h, W’ and b’ are the decoder network parameters, and θ0 =
(W’, b’).
The DAE training procedure consists on learning the parameters W, W’, b, and b’
that minimise the autoencoder reconstruction error between the groundtruth x and the
reconstruction x’ = gθ0 (fθ (x̃)), using a suitable cost function. Typically, the function is
minimised using Stochastic Gradient Descent (SGD) [89] for small batches of corrupted
and clean sample pairs. Figure 2.7 shows the denoising autoencoder model architecture.
Convolutional Denoising Autoencoders (CDAEs) are Denoising Autoencoders implemented using convolutional encoding and decoding layers. Because CDAEs use CNNs for
extracting high-order features from images, CDAEs differ from standard DAEs in that their
parameters are shared across all input image patches to maintain spatial locality. Different
15

2. Foundation and Context

Figure 2.7: Schematic of an autoencoder model architecture.

studies show that CDAEs achieve better image processing performance when compared to
standard DAEs [90, 91].
2.3.2.4

The U-Net Architecture

The U-Net is a convolutional network architecture originally design for fast and precise
segmentation of images. The U-Net [92] has a encoding-decoding architecture inspired in
the autoencoder with skip connections [93] that transfer the data from the encoder layers
to the decoding layers. Input-output pairs are images and their desired semantic pixel
labelling providing segmentation of the image in one shot.

Figure 2.8: Schematic of the U-Net model architecture.

The architecture of the U-Net model is shown in Figure 2.8. Each blue box corresponds
to a multi-channel feature map. White boxes represent copied feature maps. Blue and
yellow arrows denote 2D convolutional operations, red boxes stands for pooling operations,
green boxes denote upscaling 2D convolutional operations, and finally, gray arrows denote
copy copy and crop feature map operations
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This architecture has shown exceptional results for image segmentation and image
restoration tasks [94, 95, 96]. Depending on the architectural modifications made to U-Net,
it can be used to achieve different tasks beyond segmentation. Isola et al. [97] used U-Net
as a generator to perform image-to-image translation tasks such as in the case of aerial
images and their correspondence in maps or the conversion of gray-scale images to color
images through adversarial learning. Jansson et al. [98] investigated the use of U-Net as a
voice separator, using the magnitude of the spectrogram of the audio containing the mix of
different singing voices as the input. Zhang et al. [99] modified U-Net with a residual block
and proposed it as a tool for extracting roads from aerial maps.
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CHAPTER

Hypotheses and Objectives
The main goal of the thesis is to tackle the shortcomings of optical laser-based sensors in
quality control processes, in particular in industrial harsh scenarios. In these industrial
environments, different challenges arise as a result of the manufacturing processes. Just to
cite some, fast object motion during the acquisition process may lead to blurred images
and consequently an inaccurate surface reconstruction, extreme temperatures can cause
additional image noise hindering real data, complex material handling and transporting
produce vibrations and shocks that affect the measured surface profile, and imaging of
complex geometries sometimes require of tailor made optical laser-based sensors.
This thesis reports on the design and experimental assessment of reliable dimensional
quality optical laser-based sensors for two specific industrial harsh environments, a highspeed forging press where complex revolution parts are manufactured and in-line inspected
between 600 and 800 ºC, and a steel Cut to Length Line (CTL) where the uncoiling, levelling,
measuring, cutting to length and stacking work of metal sheets take place. The modelling
and calibration of the devised sensors together with the processing and filtering methods
for the data provided by such devices are addressed.

3.1

Hypotheses

The following list enumerates the hypotheses of this research work:
1. 3D surface reconstruction for in-line quality control inspection of hot highspeed forged complex revolution parts.
• A set of three cameras, featuring a Scheimpflug configuration, and two laser
planes, will provide the sufficient field of view (FOV), depth of field (DOF), and
accuracy to obtain in-line 3D surface reconstructions of hot forged complex
revolution parts.
• A simplified camera-laser calibration method based on homographies under
Scheimpflug conditions can be developed. If the right conditions exist, i.e.,
errors in the laser projections corresponding to the pixels on the border of the
19

3

3. Hypotheses and Objectives
image (those having largest distortions) with and without distortion are smaller
than the needed precision in the reconstruction, we can discard the calculation
of the accurate Scheimpflug compensation map. Thus, the calibration procedure
will be simplified and will offer an industrial high degree of automation.
2. 3D surface reconstruction and denoising of metal sheets for flatness computation in a high speed CTL processing line.
• Devising an optical sensor, composed of a CCD camera and two parallel laser
lines, will enable us instantaneous, robust, and quick estimation of the surface
height derivatives. Using Hermite cubic interpolation along the surface using
both height information and its derivatives will provide the background to
develop a real-time surface estimation and noise removal algorithm.
• The previous sensor’s 3D denoised surface reconstructions can be used to train
a CNN network. The trained CNN network will allow us to process surface
information from an simplified sensor, composed of a CCD camera and a single
laser line. It also will achieve sufficiently accurate results while simplifying the
development, complexity, calibration, and price of the required sensor.

3.2

Objectives

The following list enumerates the technical objectives to be accomplished to answer to all
the previously exposed hypotheses:
1. To implement a sensing setup that enables us to acquire the most accurate surface
information to carry out an effective industrial quality control assessment in the two
aforementioned scenarios.
2. To investigate and demonstrate the feasibility of a simple camera-laser calibration
method based on homographies under Scheimpflug conditions.
3. To investigate and develop methods and algorithms that enable us to improve the
quality of the surface data obtained from previous mentioned devices, filtering out,
when necessary, the undesirable effects of the inherent manufacturing processes
noise.
4. To design and implement the experiments that validate the feasibility of the proposed
devices and methods in both theoretical and real scenarios.

3.3

Brief description of the publications and contributions

The research work is assembled in a total of four articles. Each research article focuses
on accomplishing one or several technical objectives, answering the hypothesis listed
above. The first two articles tackle the 3D surface reconstruction and quality control of hot
high-speed forged complex revolution parts. The third and fourth articles address the 3D
surface reconstruction and denoising of metal sheets in a high speed CTL processing line.
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3.3.1

Article 1: A Multi Camera and Multi Laser Calibration Method for
3D Reconstruction of Revolution Parts.

(Accepted: 21 January 2021, Sensors, MDPI)
This paper describes the theoretical background for calibrating multi camera and multi
laser 3D triangulation systems, particularly for those using Scheimpflug adapters, which
have been implemented in the previous article. Our method uses a conical calibration object
whose intersections with the laser planes generate stepped line patterns that can be used
to calculate the camera-laser homographies. The calibration object has been designed to
calibrate scanners for revolving surfaces, but it can be easily extended to linear setups. The
experiments carried out show that the proposed system has a precision of 0.1 mm.

3.3.2

Article 2: Optical Dual Laser Based Sensor Denoising for Online
Metal Sheet Flatness Measurement Using Hermite Interpolation.

(Accepted: 19 September 2020, Sensors, MDPI)
This article presents an innovative system for real-time robust surface estimation of
flattened metal sheets composed of two line lasers and a conventional 2D camera. Laser
plane triangulation is used for surface height retrieval along the surface. The dual laser
configuration allows instantaneous robust and quick estimation of the surface height
derivatives. Hermite cubic interpolation allows us to retrieve real-time surface estimation
and high frequency noise removal. These noises arise from vibrations induced in the sheet
by its movements during the process and some mechanical operations, such as cutting
into separate pieces. The system is validated on synthetic surfaces that simulate the most
critical noise sources and on real data obtained from the installation of the sensor in a
production CTL line. In the comparison with conventional filtering methods, we achieve at
least a 41% of improvement in the accuracy of the surface reconstruction.

3.3.3

Article 3: Depth Data Denoising in Optical Laser Based Sensors for
Metal Sheet Flatness Measurement: A Deep Learning Approach.

(Accepted: 21 October 2021, Sensors, MDPI)
This paper presents a deep learning architecture for removing the specific kinds of noise
from the data obtained by a laser based range sensor installed in a CTL line, in order to allow
accurate flatness measurements from the clean range images. The proposed convolutional
blind residual denoising network (CBRDNet) is composed of a noise estimation module and a
noise removal module implemented by specific adaptation of semantic convolutional neural
networks. The CBRDNet is validated on both synthetic and real noisy range image data that
exhibit the most critical kinds of noise that arise throughout the metal sheet production
process. Real data were obtained from a single laser line triangulation flatness sensor
installed in a roll leveling and CTL line. Computational experiments over both synthetic
and real datasets clearly demonstrate that CBRDNet achieves superior performance in
comparison to traditional 1D and 2D filtering methods, and stateof-the-art CNN-based
denoising techniques. The experimental validation results show a reduction in error than
can be up to 15% relative to solutions based on traditional 1D and 2D filtering methods and
between 10% and 3% relative to the other deep learning denoising architectures recently
reported in the literature.
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CHAPTER

Results
This chapter presents and discusses the obtained results. First, the results concerning the
sensing setup and calibration methods for the quality control of hot high-speed forged
complex revolution parts are presented. A special attention is given to the proposed
calibration method and accuracy results. Afterwards, the results from the 3D surface
reconstruction and denoising of metal sheets in a high speed CTL processing line are
summarised, drawing attention to the filtering methods, specially to the proposed CNN
network that simplifies the initial hardware requirements and outperforms conventional
methods and more complex and expensive sensing setups proposed by other authors.

4.1

Multi camera and multi laser sensing setup and
calibration method for 3D reconstruction of forged
revolution parts

In this section we report on a calibration method for a complex laser triangulation setup
for industrial quality control. The following sections will provide an experimental evidence
of the usefulness of the methodology on a system comprised of three cameras and two
laser lines that are configured as shown in Figure 4.1 (a). This system is used to reconstruct
Warm-Die forged revolution parts that are fixed in a rotating stage.
It is noteworthy that, although some authors (e.g., [100, 63]) have applied standard
calibration methods based on planar objects in scenarios with Scheimpflug, it is not an easy
procedure. The main difficulty is to capture images of the planar calibration pattern in
which a large area of the pattern is focused, which implies that the calibration plate should
be placed almost parallel to the laser plane. Furthermore, there are situations where several
lasers or cameras are needed because of the geometry of the object being captured. This
configuration increases the complexity of the calibration since all laser and image planes
must be related to each other under the same reference system. This fact implies that the
control points of the calibration pattern have to be visible at the same time by the cameras
tied to the same laser. However, this may not be possible due to occlusions derived from
the convergence angles of the cameras with respect to the laser plane.
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(a) The proposed laser 3D triangulation
system with 3 camera-laser pairs plus a
motorized rotation stage

(b) Deployment of the optical system into the production
line of warm forming of motorcar stub axles. The
temperature of the workpiece is approximately 600◦ C

Figure 4.1: The proposed and deployed optical system for 3D Reconstruction of Warm-Die Forged
Revolution Parts

We propose a calibration method that uses a 3D calibration object with a conical shape
that can be used to determine the homographies [101] between laser and image planes as
is shown in Figure 4.2 (a). In order to estimate these homographies, the camera distortion
map under Scheimpflug conditions has to be identified, or sufficient conditions have to be
met in which the distortion map calculation can be discarded.

(a) Calibration pattern. Front (left), back (middle) and
top (right) views of the 3D model.

(b) Measured cylinders and planes for
each calibration execution during the repeatability experiments.

Figure 4.2: Calibration pattern and Measured planes and Cylinders during the repeatability tests

4.1.1

Scheimpflug Distortion

In our experiment an approximated Scheimpflug distortion map for the used cameras
(C5-4090-GigE cameras from Automation Technology Gmbh and Zeiss Planar T* 50 mm
lenses from Nikon) and the estimated homography were calculated resulting in maximum
errors of 2 microns. These errors comes from the fact that a similar camera but without
Scheimplug angle, i.e., perpendicular camera, has been calibrated with the same lens used
in the Scheimplug camera. A very precise dot calibration pattern with precision of about
2 microns has been used to calibrate the perpendicular camera, noticing practically no
radial distortion, with a re-projection error that comes from the errors of the calibration
plate. The Scheimplug distortion map, shows distortions of a similar magnitude that the
distortions of untilted camera.
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reconstruction of forged revolution parts
Real calibration of the laser-camera homography was made by projecting the laser
over a calibrated revolution pattern, assuming that the distortion map can be avoided. The
errors obtained in the homography estimation were smaller that 7 microns. The advantage
of this method resides on the fact that difficult and error-prone Scheimpflug calibration
procedures can be avoided, which can at the end be more costly and less precise than this
simpler method.

4.1.2

Calibration Repeatability and Accuracy

In order to demonstrate the repeatability of the proposed calibration method, we have
performed the calibration 10 times. Moreover, to introduce variability in the data, the
pattern has been placed in a different initial position for each calibration, providing a
different set of profiles as input. At each calibration execution we have calculated the
calibration data and the 3D reconstruction of two different objects: (1) the calibration
pattern, and (2) an object that is similar in shape to the calibration pattern, but with a small
change in the size (different height and different diameter lengths). The idea of introducing
this second object is to see results without the possible effects of overfitting due to the
usage of the same object for both calibration and test.
We have used these 3D reconstructions to perform some measurements and provide
a comparison between them. More precisely, we have measured the diameter of several
cylinders. Furthermore, the height of a plane at different locations has been estimated for
the calibration pattern as well (see Figure 4.2 (b) for a graphical representation of measured
cylinders and planes). In all cases we have used points of the inner and outer part of the 3D
model to estimate cylinders and planes of the outer and inner parts respectively. Table 4.1
shows the error (expressed in millimetres) of these measurements respect to the nominal
values, which have been obtained using a CMM (Mitutoyo Crysta-Apex S 9106, which
offers a high accuracy, ∼0.002 mm).
Measurement

Nominal

Mean

Stdev

Diameter_OUT
Diameter_OUT
Diameter_OUT
Diameter_OUT
Diameter_IN
Diameter_IN
Diameter_IN
Diameter_IN
Plane_OUT
Plane_IN

44.00
71.00
97.01
123.00
50.94
76.95
102.95
129.00
121.96
132.00

0.064
0.115
0.017
0.059
0.031
0.067
0.084
0.180
0.194
0.061

0.009
0.005
0.005
0.016
0.008
0.041
0.087
0.047
0.014
0.012

Table 4.1: Mean and standard deviation error (in mm) of some primitives (cylinders and planes) of
the calibration pattern respect to nominal values using different calibrations.

As a supplementary measure of accuracy, we have calculated the distance between
the 3D reconstructed model and its corresponding original 3D model for the object with
similar shape. We have compared each of the previous 10 3D reconstructions of this object
against its original 3D model. The mean and standard deviation of the errors of these 10
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comparisons has turned out to be 0.151 mm and 0.015 mm respectively. It is noteworthy
that these errors values accumulate the error of several sources (the laser, the decentering
of the object on the rotation axis, the quality of the calibration and the fitting algorithm).
Taking into account all the experiments presented above, we can point out that the system
offers an accuracy of tenths of a millimetre with a variability of hundredths of a millimetre.

4.1.3

Real Case

As an additional evidence of the validation of the proposed system, we have made experiments with an industrial part shown in Figure 4.1 (b) that is being used in a real production
enviroment. We have used it as a reference to validate the accuracy of the calibration.
Being a result of an industrial manufacturing process, this part undergoes a series of measurements (designed and defined by expert metrologists) at some key points to ensure that
the tolerances are met. These measurements are usually performed using a CMM, which
offers high precision results. Thus, we have considered several of these measurements and
we have calculated them using both the CMM and a metrology software which we have
provided as input the scanned and reconstructed 3d model of the part using the laser 3d
triangulation system described above.
Comparing the results of both alternatives, we observed that the errors are less than 0.1
mm, which indeed, is accurate enough to be used for this real application. The details of
the repeatability and reproducibility (RR) experiments that led to this value can be found
in [102].

4.2

Optical Laser based Sensor and Algorithms for Real
Time Surface Reconstruction and Flatness
Measurement in Metal Sheet Industries

In this section we present the results of an innovative system for real-time robust surface
estimation of flattened metal sheets.
With the advances in computer vision technology, optical flatness sensors have became widespread [103] allowing manufacturing line human operators to measure manifest
flatness, i.e., flatness not hidden by tension, at high line speeds, thus enabling real-time
monitoring as well as a high degree of automation in the production phase. Most optical
surface flatness inspection systems used in the metal sheet industry are based on the laser
triangulation principle [104, 69].
The large real-time inspection capabilities of these optical sensors are impeded by the
non-linear high-frequency fluctuations induced in the steel sheet surface by the mechanical
processes that take place in the manufacturing line, the juddering of the metal strip due
to forward traction, as well as the shearing processes that cut to length the sheet. Under
these circumstances, achieving a highly accurate flatness measurement requires a high
performance signal denoising method to be applied to the height profile captured by the 3D
sensor, removing the noise corresponding to such non-linear high-frequency fluctuations.
The literature [105, 106, 74, 107, 108] presents different sensors based on laser triangulation, requiring the use of two or more laser lines to filter out external noise sources and
reconstruct an accurate and smooth continuous 3D map of the metal sheet surface.
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In the following sections, first, we present the results coming from a noise removal
method based on Hermite polynomial interpolation. This method is applied to the surface
information acquired by an optical sensor featuring two parallel laser lines and a CCD
camera capturing the area illuminated by the lasers. Afterwards, we present the results
from our proposed CNN approach, allowing us to simplify the initially proposed sensor
configuration by using only a single laser line triangulation.

4.2.1

Dual Laser Line Sensor and Hermite Interpolations Results

In this section, we assess the initially proposed dual laser line sensor and Hermite interpolation method for denoising both synthetic sheet samples and real data from the 3D flatness
sensor.
4.2.1.1

Results on Synthetic Data

We created a synthetic surface showing two of the most common defects in CTL line
featuring a roll leveller. A set of different computational experiments were carried out over
the synthetic surface described above introducing different kinds of noise to simulate the
vibrations induced in the sheet metal as a result of the mechanical elements of the CTL line.
Additionally, we introduced a signal modelling the vibrations induced by a cutting station
located near the scanning area, and another noise source controlled by a single parameter
that simulates the triangulation error of the 3D sensor. The results obtained comparing the
reconstructed surface to the theoretical noise-free surface using our filtering method, were
of a maximum error of 1.15 mm and a standard deviation of 0.38 mm. These errors meet
the standards to measure flatness quality in roll levelled products.
These results show that the flatness sensor and the proposed filtering method are both
robust and accurate enough against different noises sources, in particular to localized high
amplitude noises produced by a simulated cutting station placed after the rolling leveler
and the devised 3D sensor.
For a quantitative evaluation of the improvement achieved by our proposal, we test our
method against the following approaches for surface denoising, a moving-average filter
featuring a sliding window of 33 samples in length, a third order low-pass Chebyshev Type
II filter [109], a third order Savitzky–Golay FIR smoothing filter [31, 32] and finally, a third
order Butterworth IIR digital filter [110, 111]
Table 4.2 presents the comparative results of the implemented denoising methods over
the synthetic surface discussed above. Improvements in MAE achieved by our approach
range from 45% relative to the Butterworth filter approach up to 50% relative to the Savitzky–
Golay approach. Regarding the RMSE, our approach improves by 41% over the second best
approach, and up to 49% over the Chebyshev filter.
4.2.1.2

Results on Real Industrial Data

During the experimental data acquisition, we used samples from two different kinds of
steel, S235JR steel coils and S500MC high yield steel coils. The coil specimens had a length
of about 800 m and width in the range [800, 2300] mm. The sensor took measurements
along 3000 mm in each measurement cycle. Flatness information was highly corrupted by
high frequency noisy vibrations from the cutting station and other mechanical processes
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Method
Hermite (ours)
Butterworth
Savitzky–Golay
Moving Average
Chebyshev Type II

MAE

MaxAE

STD

RMSE

0.413
0.760
0.842
0.801
0.828

1.150
4.423
6.436
5.463
5.040

0.380
0.735
0.779
0.928
0.828

0.459
0.781
0.853
0.865
0.903

Table 4.2: Comparative results of our approach with other conventional denoising approaches.
MAE = mean absolute error; MaxAE = maximum absolute error; STD = standard deviation of the
absolute error; RMSE = root mean squared error.

Figure 4.3: (a) Sensor raw data for a S235JR steel coil with observed high frequency transient noisy
waves and background noise. (b) Denoised sensor data using the proposed Hermite interpolation
filtering method.

that took place in the CTL line. Namely, the cutting station produced high amplitude/high
frequency noisy waves on the metal strip a fixed time interval depending on the cutting
length program, and the conveyor belt produced overall high frequency waves. The
resulting interference pattern had a rather complex spatial form of noise, hindering the
detection of flatness defects.
The proposed flatness measuring sensor succeeded at acquiring the surface information
at the real-time production speed of 30 m/min. The Hermite polynomial filtering procedure
manages to successfully retrieve the surface features of the material and the denoised
flatness measures, as shown in Figures 4.3b and 4.4b, depicting the smooth reconstructed
surface after the noisy waves have been removed. In Figure 4.4b, filtering unveils center
buckles, i.e., another kind of common flatness defect in which sinusoidal waves restrain
the central fibers of the metal sheet.

4.2.2

Single Laser Line Sensor and Deep Learning Approach Results

In this section, we assess the proposed CNN described in [112] for denoising both synthetic
sheet samples and real data from the 3D flatness sensor. The proposed denoising network
is employed to reconstruct both simulated and real data in order to test its ability to
remove non-linear noises caused by mechanical manipulation of the metal sheet during
the manufacturing process.
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Figure 4.4: (a) Sensor raw data for a S500MC high yield steel coil with with observed periodic
transient impulses and background noise. (b) Denoising results of the sensor raw data using the
proposed Hermite interpolation filtering method.

The dataset used for both training and testing of the proposed architecture is composed
of real production line and synthetic range image samples of steel coils from a roll levelling
and shearing line. The experimental data coming from the real production line consists
of 5500 samples from six different steel coils. The synthetic data are used as a kind of
data augmentation aiming to improve the network denoising performance because of the
difficulties faced collecting a real dataset comprising a wide range of representative samples.
Additionally, in real-world measurements the metal sheet is not free from tensile stresses
during the manufacturing processes causing its elongation. After cutting the metal strip
in single smaller sheets, the tensile stress release results in surface deformations. Thus,
measurements obtained by an offline precision measuring device like a coordinate measuring machine (CMM) cannot be used as a validation ground truth for online measurement
methods, whereas synthetic samples do. We generated 5500 synthetic noisy data samples
using the noise model described in Section 3 of [112]. Because we have these synthetic
ground truth surfaces, we can compute the performance of our denoising method against
others.
4.2.2.1

Results on Real and Synthetic Dataset Samples

To asses the performance of the proposed denoinsing CNN, we conducted three different
comparative analyses. First, we applied some traditional 1D filtering methods such as
Moving Average, Butterworth IIR [110, 111], Savitzky-Golay FIR [31, 32], Chebyshev Type
II [109], and piecewise cubic Hermite interpolation [113] filters. Secondly, we applied 2D
wavelet-based denoising methods. Specifically, we computed results using Daubechies,
Symlets, Meyer, Coiflets, and Fejer-Korovkin wavelets [114, 115, 116]. Finally, we compared
the performance of CBRDNet against some state-of-art 2D deep learning image denosing
methods, specifically NERNet [117], CBDNet [118], BRDNet [119], FFDNet [120], and
CDnCNN_B [121].
Table 4.3 shows the comparative results of the denoising tradiditional 1D filtering
approaches described above when applied to the synthetic surface. MAE improvements
achieved by our method range from three times better when compared to the Hermite
filtering approach to 6 times better when compared to the Chebyshev filter approach.
Similar improvements are achieved in term of RMSE.
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Method

MAE *

MaxAE *

STD *

RMSE *

CBRDNet-ReLu (ours)

0.140

0.376

0.136

0.147

Hermite
Butterworth
Savitzky-Golay
Moving Average
Chebyshev Type II

0.413
0.760
0.842
0.801
0.828

1.150
4.423
6.436
5.463
5.040

0.380
0.735
0.779
0.928
0.828

0.459
0.781
0.853
0.865
0.903

* Measurements are expressed in millimeters (mm).

Table 4.3: Comparative results of our approach with traditional 1D denoising approaches. MAE =
mean absolute error; MaxAE = maximum absolute error; STD = standard deviation of the absolute
error; RMSE = root mean squared error. Best results presented in bold font.

Aditionally Table 4.4 shows the comparative results of the conducted 2D wavelet-based
denoising experiments. MAE improvements achieved by our method range from 2.5 times
better when compared to the Fejer-Korovkin filtering approach to 1.3 times better when
compared to the Symlets filter approach. Similar improvements are achieved in term of
RMSE. For a graphical representation of these results refer to Section 7 in [112]

Method

MAE *

MaxAE *

STD *

RMSE *

CBRDNet-ReLu (ours)

0.140

0.376

0.136

0.147

Sym8
Coif4
Db8
Dmey
Fk8

0.176
0.180
0.181
0.256
0.390

0.543
0.591
0.622
0.942
1.998

0.170
0.179
0.179
0.282
0.588

0.188
0.190
0.201
0.291
0.390

* Measurements are expressed in millimeters (mm).

Table 4.4: Comparative results of our approach with traditional 2D denoising approaches. MAE =
mean absolute error; MaxAE = maximum absolute error; STD = standard deviation of the absolute
error; RMSE = root mean squared error. Best results presented in bold font.

Finally, we compared the proposed CNN architecture presented to the five earlier stated
CNN-based approaches. The aforementioned architectures were trained and assessed 100
times on the same dataset to obtain the statistical results listed in Table 4.5. Furthermore, for
a clearer graphical representation of denoising performance, we provide the outcomes of
these methods under Section 7 in [112]. When compared to the groundtruth the CBRDNet
results are very close to the real ones, MAE improvements range from 2.5 times better
when compared to CDnCNN_B and 1.2 times better when compared to CBDNet. Similar
improvements are measured in terms of RMSE.
4.2.2.2

Results on Real Production Environment

To evaluate the effectiveness of our CNN based denoising method in a real production
enviroment, we carried out a set of experiments in a CTL line where the sensor and Hermite
filtering method proposed by Alonso et al. [113] were deployed. Measuring results from a
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Method

Blind /Non Blind

MAE *

MaxAE *

STD *

RMSE *

Blind

0.140

0.376

0.136

0.147

Blind
Blind
Blind
Non Blind
Blind

0.172
0.184
0.198
0.224
0.312

0.520
0.499
0.659
0.501
0.840

0.162
0.175
0.184
0.201
0.308

0.185
0.195
0.212
0.252
0.342

CBRDNet-ReLu (ours)
CBDNet
NERNet
BRDNet
FFDNet
CDnCNN_B
* Measurements are expressed in millimeters (mm).

Table 4.5: Comparative results of our approach with traditional 2D denoising approaches. MAE =
mean absolute error; MaxAE = maximum absolute error; STD = standard deviation of the absolute
error; RMSE = root mean squared error. Best results presented in bold font.
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Figure 4.5: An instance of a longitudinal section of the surface reconstruction, the blue line
represents the raw 1D data, the red line shows the Hermite interpolation result, the yellow line
shows Symlet results, and finally the green line depicts the CBRDNet denoised result. The inset
provides a better detail of the results achieved by both Hermite and CBRDNet in the highlighted area.

specimen tested out of the roll levelling system with a CMM cannot be fairly compared to
those obtained by our method (Section 6 of [112]). Results obtained with the aforementioned
dual laser line sensor and the Hermite filtering method have been used as groundtruth in
order to evaluate the improvement of the proposed method.
Figure 4.5 depicts a longitudinal fibre, with unfiltered data collected directly from the
sensor in blue, Hermite filtering in red, 2D Symlet waveletbased filtering results in yellow,
and the results from the CNN proposed in this work in green. It can be seen that the method
is capable of reconstructing the sheet’s surface preserving the sinusoidal characteristics of
the metal sheet, specially in areas where the cutting effect occurs.
These result shows graphically that the proposed method is capable of accurately
reconstructing the surface of the metal sheet. When compared to state-of-the-art techniques,
it achieves equivalent or better visually appealing results, as a real ground truth is always
lacking in real experiments.
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CHAPTER

Conclusions and Future Work
This chapter summarises the main conclusions of this thesis, the contributions to knowledge and proposes future lines of investigation that could explore improvements over the
proposed methods. Special attention will be given to the hypotheses exposed in Chapter 3
in order to confirm them.

5.1

Conclusions

This thesis, is in essence, a step forward towards a reliable and robust laser based quality
control in harsh industrial environments where these optical sensors have to overcome
different challenges that affect the measured surface profile. The main focus of our thesis
was on the development of sensors and methods that address the difficulties of obtain an
accurate smooth and noise free 3D object surface map for quality control processes. The
following list enumerates the hypothesis of this research work and responds to each one of
them, based on the obtained results.
1. 3D surface reconstruction for in-line quality control inspection of hot highspeed forged complex revolution parts.
• A set of three cameras, featuring a Scheimpflug configuration, and two laser
planes, will provide the sufficient field of view, depth of field, and accuracy
to obtain in-line 3D surface reconstructions of hot forged complex revolution
parts.
Chapter 4 section 4.1 showed that it is possible with nowadays laser based optical
sensor to have enough precision to obtain a 3D surface reconstructions of hot forged
complex revolution parts. Sufficient field of view, and depth of field were successfully
achieved. We have reported an accuracy of few tenths of a millimetre, which could
be enough for several applications.
• A simplified camera-laser calibration method based on homographies under
Scheimpflug conditions can be developed. If the right conditions exist, i.e.,
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errors in the laser projections corresponding to the pixels on the border of the
image (those having largest distortions) with and without distortion are smaller
than the needed precision in the reconstruction, we can discard the calculation
of the accurate Scheimpflug compensation map. Thus, the calibration procedure
will be simplified and will offer an industrial high degree of automation.
Chapter 4 section 4.1.1 and 4.1.2 showed that the proposed calibration method provides both accurateness and automatising capabilities. This method runs in less than
1 minute and provides an accuracy of few tenths of a millimetre. In order to achieve
this high degree of automatism and speed in calibration, the effect of Scheimpflug
distortion has not been considered. Nonetheless, as shown previously, this has little
impact on accuracy when using 50 mm lenses (microns, according to our experiments). Finally, in cases where the Scheimpflug distortion cannot be avoided, simple
procedures for its calculation and the conditions were it can be avoided have been
also presented.
In fact, as an evidence of the potential use, this system is already being used in a
real factory to control the quality of the manufacturing process of an industrial part.
In this harsh industrial environment, conditions such as, the part high temperature,
vibrations from the forging process, and general dirt, make the maintenance of the
optical equipment a crucial factor that should be accomplished.
1. 3D surface reconstruction and denoising of metal sheets for flatness computation in a high speed CTL processing line.
• Devising an optical sensor, composed of a CCD camera and two parallel laser
lines, will enable us instantaneous, robust, and quick estimation of the surface
height derivatives. Using Hermite cubic interpolation along the surface using
both height information and its derivatives will provide the background to
develop a real-time surface estimation and noise removal algorithm.
Chapter 4 section 4.2 showed that the devised hardware-software system is capable to
carry out real time 3D surface computation of a metal strip in a CTL processing line.
Online quality inspection of the strip includes the detection of flatness anomalies
which are mainly low frequency variations in the height of the metal surface. The
mechanical manipulation of the metal, such as the jerking due to the strip pulling
and tugging, and the cutting process, induces high frequency variations that hinder
the surface height information. These noises are successfully removed by our surface
reconstruction system based on a Hermite interpolation approach.
Furthermore, we were able to assess the accuracy of the sensor against off-line
contact sensor measurements, reporting an average error of 0.25 mm within standard
industry accuracy requirements. The proposed sensor and surface reconstruction
method pave the way for online closed-loop control systems, low cost real-time
flatness quality inspection, and high efficiency and quality manufacture of rolled
steel products.
• The previous sensor’s 3D denoised surface reconstructions can be used to train
a CNN network. The trained CNN network will allow us to process surface
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information from an simplified sensor, composed of a CCD camera and a single
laser line. It also will achieve sufficiently accurate results while simplifying the
development, complexity, calibration, and price of the required sensor.
Chapter 4 section 4.2 showed that the proposed CBRDNet network is able to filter
out the non-linear noise components in the range images that hinder accurate surface
reconstruction and thus surface flatness measurements. Futhermore, using both real and
synthetic samples of steel coils from a roll levelling cut to length line in the training
process improved the network’s denoising capabilities. Result showed that this network
improves the 3D surface accuracy achieved with the Hermite-based method. An additional
comparative analysis with wavelet-based denoising techniques. showed similar results
with no clear improvement in terms of precision. However, these results must be taken
with a grain of salt, because whether an optimal wavelet class and order selection might
improve these results, we report results of a necessarily limited empirical exploration. To
this date we do not know of such a data driven optimal wavelet design process.

5.2

Contributions to knowledge

The following list enumerates the main contributions to knowledge of the thesis:
1. 3D surface reconstruction for in-line quality control inspection of hot highspeed forged complex revolution parts.
• A simplified calibration method for laser camera systems configured under
extreme scheimpflug conditions, allowing the scheimpflug distortion parameters
to be ignored in certain scenarios.
• A calibration procedure that relies on a conical-shaped target to simplify and
automate the calibration of multiple cameras and laser planes used for 3D
reconstruction of revolution parts..
2. 3D surface reconstruction and denoising of metal sheets for flatness computation in a high speed CTL processing line.
• An innovative surface reconstruction method based on Hermite cubic interpolation that uses range data from a dual laser based sensor as the one described
in [113], This method allows us to accomplish a real-time accurate surface
estimation filtering out the non-linear high-frequency fluctuations induced in
the steel sheet by the mechanical processes that take place in the manufacturing
CTL line.
• A novel 3D surface reconstruction method based on a deep learning architecture. This architecture uses the range image captured by a standard single laser
based sensor and the Hermite based output 3D information from the method
presented in [113] as training information. This deep learning based method
constitute an important step forward towards a more precise and cost-effective
3D reconstruction system. As the previous cited method, it is capable of remove
the non-linear noises that occur in the metal sheet surface during its processing
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in order to allow accurate flatness measurements for quality control. Furthermore, in terms of hardware complexity and costs, sensor calibration procedure,
scan rate, and processing speed, this method represent and major improvement.
• When comparing our methods and results to those of older studies [107, 108,
105, 106], it must be pointed out that our methods provide better and more
accurate 3D surface reconstruction. We have verified these results particularly
in surface regions where high amplitude noises are induced by the mechanical
processes carried out in the production line. In these regions previous proposed
works struggles to obtain the "real" surface of the metal sheet.

5.3

Future Work

This section suggests possible future lines of work based on the results of the thesis, that
can be summarised as it follows:
1. 3D surface reconstruction for in-line quality control inspection of hot highspeed forged complex revolution parts.
• The correct 3D alignment of the different laser planes required to process geometrically complex revolution parts is a challenging task, specially when high
accuracy result are demanded. Moreover, precise positioning of the multiple
laser planes is crucial in the 3D reconstruction process,as alignment accuracy
will directly affect the accuracy of 3D reconstruction. To align a laser beam, the
angular and translational displacement of the beam must be controlled. This
can quickly complicate the alignment setup by requiring multiple mechanical
and optical components. The above problem provide strong motivation for
investigate multiple plane alignment and error compensation methods that
simplify and ensure an accurate positioning of the laser planes.
2. 3D surface reconstruction and denoising of metal sheets for flatness computation in a high speed CTL processing line.
• One interesting continuation of the presented thesis would be to explore deep
denoising architectures in the frequency domain. Although in some cases it is
difficult to differentiate a signal from noise in the spatial domain, this task might
be easier in the frequency domain because noisy signals can be comprised of
a set of sine wave signals represented in the frequency domain with different
frequencies, phases, and amplitudes. We intend to implement and compare
these possible enhancements to the network outlined in this thesis in future
works.
• Some wavelet families have proven to be especially useful for noise reduction.
Denoising with wavelet transforms is achieved by transforming the processed
wavelet coefficients back into the spatial domain. However, most of these
methods still have difficulties identifying the appropriate wavelet family and
threshold parameters, which limits their capability. This opens a door for future
researches, such as developing an architecture that uses the learning advantage
of neural networks to select the optimal wavelet family and extract the wavelet
coefficients along with the optimal denoising threshold parameters.
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• Training data shortage represents a crucial issue in any deep learning project.
Since data is at the core of the network training, the size of a dataset is often
responsible for poor performance. To successfully train some models larger
data sets are needed, but sometimes the access to real data is restricted, for
example, when data becomes sensitive to its distribution, or simply, when access
to real data is challenging. Under this data scarcity scenario, the development
of tools capable of generating realistic synthetic data (data which contains the
same schema and statistical properties as its real counterpart) would provide a
solution to this data shortage. In this respect, to further our research, we plan to
explore the potential of using generative models that enable us to create more
realistic synthetic data samples that may be used as surrogates for real data.
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Abstract: This paper describes a method for calibrating multi camera and multi laser 3D triangulation
systems, particularly for those using Scheimpflug adapters. Under this configuration, the focus
plane of the camera is located at the laser plane, making it difficult to use traditional calibration
methods, such as chessboard pattern-based strategies. Our method uses a conical calibration object
whose intersections with the laser planes generate stepped line patterns that can be used to calculate
the camera-laser homographies. The calibration object has been designed to calibrate scanners for
revolving surfaces, but it can be easily extended to linear setups. The experiments carried out show
that the proposed system has a precision of 0.1 mm.
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1. Introduction
In the context of laser triangulation systems, the calibration of the different optical
elements is critical for the accuracy of the obtained reconstructions. These systems are
composed by a laser line that forms a plane that intersects with the object being measured,
and a camera that captures the produced laser line interception. The calibration of these
elements involves the characterization of the camera parameters and the relationship
between image and laser planes.
Standard calibration methods, usually referred as “sheet of light calibration”, are
based mainly on two methods. The former uses planar objects with chessboard or circular
patterns that are used to calculate all the calibration parameters simultaneously [1–5].
Detecting these control points in the image allows obtaining the camera parameters and
the pose of the calibration object with respect to the camera. At the same time, the detection of the projection of the laser plane in the calibration pattern enables us to estimate
its pose with respect to the camera, completely characterizing the triangulation system.
The latter employs a moving part whose geometry (usually a diamond shaped object) is
well known [6]. Nevertheless, the motion of the part has to be well controlled, e.g., by
means of an accurate stepper motor.
Besides that, the depth of field of standard cameras is centered on a world plane that
is parallel to the image sensor. However, laser camera systems should have the depth of
field focused on the laser plane. For these cases, the lens is usually tilted with respect to the
image plane through the use of an adapter (or analogously, the image sensor is tilted with
respect to the lens) to ensure that the desired world plane is correctly focused (Scheimpflug
principle [5]). It is noteworthy that, although some authors (e.g., [2,4]) have applied
standard calibration methods based on planar objects in scenarios with Scheimpflug, it is
not an easy procedure. The main difficulty is to capture images of the planar calibration
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pattern in which a large area of the pattern is focused, which implies that the calibration
plate should be placed almost parallel to the laser plane. Furthermore, there are situations
where several lasers or cameras are needed because of the geometry of the object being
captured. This configuration increases the complexity of the calibration since all laser and
image planes must be related to each other under the same reference system. This fact
implies that the control points of the calibration pattern have to be visible at the same time
by the cameras tied to the same laser. However, this may not be possible due to occlusions
derived from the convergence angles of the cameras with respect to the laser plane.
In this work, we address the calibration of a laser triangulation system composed by
three cameras and two laser lines that are configured as shown in Figure 1. This system is
used to reconstruct revolution parts that are fixed in a rotating stage.

Figure 1. The proposed laser 3D triangulation system with 3 camera-laser pairs plus a motorized
rotation stage. Two cameras and one laser have been placed at the top (to obtain the reconstruction
of the interior of the object), while the remaining camera and laser have been placed at the bottom
(to reconstruct the external surface of the object). The rotation stage ensures visibility throughout
360 degrees of the object.

Taking this into account, we propose a calibration method that uses a 3D calibration
object with a conical shape that can be used to determine the homographies [7] between
laser and image planes. In order to estimate these homographies, the camera undistortion
map under Scheimpflug conditions has to be identified, or sufficient conditions have to be
met in which the undistortion map calculation can be discarded.
In this paper, we present a more detailed investigation of camera-laser calibration
based on homographies under Scheimpflug conditions. Section 2 provides related work
in camera-laser triangulation. Section 3 explains an overview of the employed calibration
methodology. Section 4 summarizes the practical calibration of the real setup. Section 5
describes the usage of the 3D reconstruction system. Section 6 provides experiments and
discussion, and finally, Section 7 enumerates conclusions. Additionally, please refer to [8]
to see a complementary work that provides an industrial application of the presented
optical system.
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2. Related Work
A 3D triangulation system is composed of at least one laser and one camera. However,
it is common to find solutions that combine multiple lasers [9–12], lasers of different
colors [13] or multiple cameras [14,15] to extend the range of visibility and avoid blind areas.
Moreover, the 3D triangulation systems are generally combined with external actuators
such as linear stepper motors [10,12,13,15], turntables [9,10,15–17] or robotic arms [11,18]
to extend the scanning line to a wider regions.
There are several solutions in the literature to calibrate a 3D triangulation system identifying the relative pose between each of the devices forming the system. Although some
of them perform a self-calibration (no calibration object is required), these alternatives do
not recover the scale of the scene and are not of interest to this work (see [5] for an in-depth
explanation). The most common way to calibrate a 3D triangulation system is to use a
calibration target. Because of its simplicity and good performance, planar targets are very
popular, especially chessboards [10,12,14,16] and those with dot patterns [11,13]. In some
cases planar targets are not a feasible solution (for example, in an arrangement where the
planar pattern cannot be seen by all cameras simultaneously), so a 3D calibration target is
used instead. These 3D calibration objects are specific to each application and can be of
different shapes and sizes, such as a stepped [15] or creased [18] gauge, a 3D cube with a
white mark in the middle [15], a 3D sphere [17], or a 3D cone [9], among others. Regardless
of the calibration object, the overall calibration procedure is similar, cameras capture the
projection of the laser lines on the calibration target at different points of views (controlled
by the external actuators) to identify some control points with known 3D coordinates that
allow to extract the positioning of each device in a common global coordinate system.
Traditionally, this procedure implies solving equations using standard mathematical tools,
but with the evolution of the Machine Learning in recent years there is also a new trend
that combines traditional mathematical methods with compensation networks (to correct
errors and improve accuracy [15]).
Some of the laser 3D triangulation solutions assume that the cameras have already
been calibrated, i.e., that the camera intrinsic parameters are known before doing the
calibration of the whole triangulation system. The camera calibration is a standard and
well known procedure, except for those cameras with Scheimpflug. Thus, with these
adapters we are able to focus the laser projection in a wider range, which is a desirable
property for a 3D triangulation system. This improvement is specially noticeable when
dealing with objects of a considerable size, in which the laser beam hits the surface of the
object at different distances (depths) from the camera. Despite its benefits, it also increases
complexity, specially when doing the calibration of the camera (additional tilt parameters
need to be estimated [2,4,5,19]).
Compared to the existing solutions, this work describes a 3D triangulation system that
uses cameras with Scheimpflug adapters and proposes a calibration procedure that requires
a 3D calibration pattern that has been carefully designed for this application. Thanks to
the use of this specific 3D calibration pattern, the calibration process is quick and simple,
without requiring much intervention.
3. Methodology of the Calibration Method
Classical methods consider a laser triangulation system composed by the set of cameras C = {c1 , c2 , . . . , cn } and the set of lasers L = {l1 , l2 , . . . , lm }, each of them defining a
local coordinate system. Given a point Pj ∈ R3 that belongs to the plane defined by the laser
l j , its position Pi ∈ R3 in the coordinate system defined by camera ci can be obtained as:
Pi = Tij ( Pj )
where Tij ∈ SE(3) is the rigid transform relating the laser l j with the camera ci .

(1)
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This point can be expressed in a common reference frame by means of another rigid
transform Twi ∈ SE(3) that relates the camera ci to the world coordinate system:
Pw = Twi ( Pi ) = Twi Tij ( Pj ).

(2)

The main objective of the calibration is to find all the transforms T̂ ⊂ { Tij , Twi } where
Tij ∈ T̂ if the laser l j is visible by the camera ci . In order to calibrate the laser frames respect
to the observing cameras, most methods use planar checkboards [12] or even 3D calibration
boards [20], placed such that so that the laser lines cut across squares of the checkboard.
The drawacks to this type of calibrations is that the intrinsic parameters of the cameras
have to be estimated with high accuracy, especially in the case of Scheimpflug cameras.
Our method assumes that the images are undistorted (either computing Scheimpflug
distortion maps as calculated in the next subsections or that the distortion can be considered
negligible). Instead of computing the previous matrices, we use a calibration object that
can be easily detected in the images of the cameras, the method being similar to [21]. Given
that all the points Pj reflected by a laser are contained in the same plane, whose frame is
defined having the Z coordinate equal to zero, the calibration can be computed in P2 as the
homography relating points in the laser plane to their projections in the image plane, that
works both for regular and Scheimpflug cameras.
pi = Hij p j

(3)

where p j ∈ P2 is the point Pj expressed in the local reference system of the laser plane
l j , and pi ∈ P2 is the corresponding point in the camera plane ci in pixels. Note that the
intrinsic parameters of the camera are implicitly included in Hij if pi is expressed in pixel
coordinates, which makes the calibration simpler and less error-prone.
In the same way, if a laser is visible in two or more cameras they can also be related by
another homography, having as a result the relationship between all the reference systems.
In case that there are several lasers, the transformation between the local laser frames can
be derived by using calibration patterns that have a shape that favours the estimation of
this transformation (see Section 4).
These homographies are recovered using the Direct Linear Transform (DLT) algorithm [22] and the corresponding transforms in T̂ are finally extracted using the decomposition described in [23].
3.1. Scheimpflug Model
In this section, different methods to identify and correct the camera Scheimpflug
distortions are shown, as well as identification of the cases in which image distortion
correction is irrelevant.
3.1.1. Projection Model
As shown in Equation (3), the relationship between the laser and the image planes,
even in the case of different measurement units (e.g., millimeters in the laser plane and
pixel in the image plane) is a homography in the absence of the image distortion correction,
which also works for the case of Scheimpflug cameras. The camera projection in the case of
tilted cameras is given by the equation:
s( xt , yt , 1) T = KH p ( xcam , ycam , 1) T

(4)

where ( xt , yt , 1) T corresponds to the homogeneous coordinates of a point in the tilted
camera frame in pixels, ( xcam , ycam , 1) T corresponds to the homogeneous coordinates of
the observed laser point in the camera frame in normalized image coordinates (projection
of the observed point into a camera with focal distance equal to 1), K corresponds to the
intrinsic pinhole camera projection with principal distance c equal to the distance between
the optical center and the camera sensor. H p corresponds to the transformation of points
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between the untilted and the tilted image planes, whose origin is at a distance d = m p ∗ c
from the projection center and m p corresponds to the pupil magnification factor.
Note that in the case that the plane is no tilted, H p is a unit matrix, so that the above
equation corresponds to the standard pinhole camera projection. The transformation
H p of points in the camera frame to the Scheimpflug plane is given by the following
homography [5]:


r11 r33 − r13 r31 r21 r33 − r23 r31 0
H p = r12 r33 − r13 r32 r22 r33 − r23 r33 0 
(5)
r13 /d
r23 /d
r33

where rij is the i, j element of the matrix Rt that defines the rotation part of the transformation between the tilted and untilted frames.
The model described by Equation (3) remains valid since it can be expressed as a
composition of homographies:
pi = KH p CN ij p j = Hij p j

(6)

where CN ij is the normalized camera matrix with focal unit length [22], i.e., CN ij =


 Rij | Tij

= Rij Tij , and Rij , Tij are the rotation an translation part of
I | 0
0 | 1
the pose of the laser frame j relative to the camera frame i.
3.1.2. Distortion Model
The radial distorsion model of Brown [24] computes radial and decentering distortions
in the normalized plane (plane at a unit focal length). In case of untilted cameras, radial
distortions are accurate enough to model it. For the Scheimpflug model presented here,
the transformation of pixels from the tilted plane at distance d to the normalized untilted
unit plane is made with the transformation:
s( xu , yu , 1) T = H p−1 K −1 ( xt , yt , 1) T

(7)

with the matrix H p being the unit matrix, as the plane at distance d is untilted, and ( xu , yu , 1)
corresponds to the camera projection in the untilted plane in normalized coordinates. Thus,
the radial distortion calculation is made the same way as in a regular pin-hole camera.
In order to calculate the distortion map in the tilted plane (in pixels), first the coordinates
of the distorted point ( xd , yd ) T are calculated:


 

xd
xu (1 + K1r2 + K2r4 + . . .) 2
s
=
; r = xu 2 + yu 2
yd
yu (1 + K1r2 + K2r4 + . . .)

(8)

Then, the distorted point in the tilted image plane in pixels results in:
s( xdt , ydt , 1) T = KH p ( xd , yd , 1) T

(9)

As an example, one of our cameras with 50 mm focal length is tilted 25◦ with magnification ratio of 1. The untilted and tilted distortion map are shown in Figure 2. The Matlab
code for the calculation for these maps has been included in Appendix ??.
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Figure 2. Distortion map errors amplified 10 times for an untilted and tilted camera by 25◦ and magnification ratio m p = 1.

3.1.3. Distortion Model Calculation
There are different methods to calculate the Scheimpflug distortion:
•

•

•

Calculation of the distortion radial coefficients in case that a similar untilted camera is
available. In this case the lens can be fitted into this camera and a standard camera
calibration can identify the radial parameters. With this data, and the knowledge of
the tilted Scheimpflug angle as well as the magnification factor m p , the Scheimpflug
distortion map can be calculated as in the previous section.
Other alternatives consist of performing a Scheimpflug calibration as in [5], which has
already been implemented in the Halcon-Mvtec software [25]. The identified (radial
distortions and H p transformation matrix) allows one calculation of the Sheimplug
distortion map.
In cases where the tilted angle is small (Scheimpflug angles smaller than 6º), [4]
showed that the decentering distortion parameters (also called tangential parameters)
compensate the Scheimpflug angle effects. Thus, a pin-hole standard calibration with
radial and decentering parameters can be used in order to calculate the Scheimpflug
distortion map.

3.1.4. Usage of the Scheimpflug Distortion
Many lenses with large focal lengths present almost no image distortion. In addition
to this favorable scenario, in order to calculate the laser-camera homography without
Scheimpflug distortion compensation, but with a given accuracy, one of the following
procedures should be follow to ensure that the right conditions exist in order to discard
distortion compensations:
•

•

An initial approximated Scheimpflug distortion map can be estimated employing one
of the previous methods. With the initial estimation of the laser-camera homography,
the laser projections should be calculated for the pixels on the border of the image
(the ones having largest distortions) with and without distortion. If the error obtained
in the laser plane is smaller than the precision needed in the reconstruction, then the
calculation of the accurate Scheimpflug map compensations can be avoided.
Laser lines produced by the laser or other lines in the scene should be observed in the
camera image. If the line fitting errors of the projected lines in pixels is similar to the
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errors in the estimation of the laser pick detector, Scheimpflug distortion maps can
be avoided.
In the proposed proposed solution we have discarded the Scheimpflug distortion
compensation because we have tested that we get the desired accuracy without applying it
(see Section 6.1).
4. Implementation and Calibration for the Presented Setup
Figure 1 represents our laser 3D triangulation system composed by two lasers and
three cameras, plus a motorized rotation stage (model 8MRB240-152-59—Large Motorized
Rotation Stage of Standa with an accuracy of 15’) that includes claws to fix the object. This
setup has been specifically designed to capture revolution parts such as the one shown in
Figure 3.

Figure 3. Example of revolution part that is handled with the proposed laser 3D triangulation system.
The part (colored in light gray) is tied by the claws of the rotation stage (colored in dark gray).

Two cameras and one laser have been placed at the top to obtain the reconstruction
of the interior of the object (the second camera is intended to avoid occlusions). Similarly,
the remaining camera and laser have been placed at the bottom to reconstruct the external
surface of the object. Given that, the proposed system has 3 camera-laser pairs.
Both lasers have been oriented in such a way that their projected lines are aligned
with the rotation axis of the rotation stage, i.e., both laser projections and the rotation
axis are coplanar. Furthermore, to ensure a focused image in the maximum area of the
laser plane, each camera includes a Scheimpflug adapter to make its image plane and the
corresponding laser plane as perpendicular as possible (Figure 4).
4.1. Modeling
Following the methodology depicted in Section 3, this setup is composed by three
cameras c1 , c2 , c3 and two lasers. However, as both lasers are coplanar, the setup can be
simplified as a single laser configuration with l1 in a first step, although an alignment
refinement is presented in Section 4.4.5.
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Figure 4. Arrangement of cameras and lasers in the proposed laser 3D triangulation system.
The Scheimpflug principle is detailed for one of the camera-laser pairs.

With this assumption, the system is completely described by Equation (6) as:
pc1 = H1 pl1
pc2 = H2 pl1

(10)

pc3 = H3 pl1
where H1 , H2 , H3 are the homographies relating the laser plane with the three cameras.
To get a 3D reconstruction of an object, it is placed on the rotation stage and a complete
rotation (360 degrees) is performed automatically (controlled by the motorized rotation
stage). It is noteworthy that the piece is fixed with claws to center it in the stage, as well as
to avoid unexpected displacements during the rotational motion.
For each rotation step (1 degree in our case), each camera-laser pair takes a capture,
so that each camera-laser pair provides 360 profiles in total. Note that this movement is
analytically equivalent to a setup with 360 laser planes, where each plane l j | 1 ≤ j ≤ 360 is
related to a world plane with a rotation R j around the axis of the stage.
Without loss of generality, if we assume that the axis of the stage is at the origin of the
reference system, the reconstruction of a point pw captured by the camera i at the step j can
be expressed as follows:
pw = R j Hi−1 pi

(11)

4.2. Calibration Pattern
The calibration pattern that has been used is the one shown in Figure 5. It has a conical
shape and it is formed by five coaxial cylinders of different diameters to which a cut has
been applied to get two planar faces (inner and outer) with the same orientation. Its design
has been inspired by the one used in [8], but a planar face has been added to be able to
solve the degree of freedom associated with the turn about the axis of rotation (see below).
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Figure 5. Calibration pattern. Front (left), back (middle) and top (right) views of the 3D model.

This design has been chosen for the following reasons:
•

•

When a laser beam hits the pattern in the part of the cylinders, the beam describes a
staircase shape and its intersection points can be detected and act as control points to
get the calibration homographies (see Sections 4.4.1 and 4.4.2). This staircase shape
appears on both sides of the pattern, on the outer face as well as on the inner face.
The outer face is visible by the camera at the bottom while the inner face is visible by
the two cameras at the top.
After having an initial solution of the calibration, a 3D reconstruction of the calibration
pattern can be performed. In this 3D reconstruction, the two planar faces can be
detected automatically and used to refine the alignment between the top and bottom
camera-laser pairs along the axis of revolution (see Section 4.4.5).

4.3. Laser Capture
The accuracy of a 3D reconstruction using laser linear illumination is significantly
determined by the accuracy of the line segmentation in the image. Since the pattern of
image intensity in the normal direction to the line has a Gaussian profile, finding the center
of the line in the image corresponds to detect the point of maximum intensity in the normal
direction, i.e., the laser peak. This peak can be detected by different algorithms using the
intensity distribution along a column of the sensor image, e.g., finding the position of
maximum intensity, finding thresholding points or finding the center of gravity [26–28].
In the proposed sensor, a Savitzky-Golay [29] finite impulse response (FIR) differential
filter is applied to the image intensity profile of the laser line computing the zero-crossings
with sub-pixel accuracy [30–32].
4.4. Method
In order to calibrate the system, the calibration pattern is placed on the rotation
stage and rotated 360 degrees while each camera-laser pair takes a capture per degree.
After capturing this set of profiles, the steps shown in Figure 6 are executed for camera-laser
pair to automatically extract the corresponding homographies.
The shape of the calibration pattern (Section 4.2) generates images that have a staircase
shape as shown in Figure 7. For each image generated by each camera-laser pair a line
detection algorithm is applied to extract predominant lines (Section 4.4.1). The intersection
points of these lines are matched to their reference (nominal) counterparts that are specified
in a global coordinate system (Section 4.4.2). Using these correspondences, for each cameralaser pair the homography that transforms points from the image plane to the laser plane
can be estimated (Section 4.4.3). Additionally, the 3D reconstruction for each camera-laser
pair is obtained by applying the corresponding rotation angle (given by the encoder of the
rotation stage) using Equation (11) (Section 4.4.4). Therefore, each partial 3D reconstruction
is accumulated to build the final 3D reconstruction. In the last refinement step these partial
3D reconstructions are aligned with each other using the planar reference faces of the
calibration pattern. This faces are automatically detected so that the final homographies
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make them share the same normal (Section 4.4.5). An overview of the whole pipeline is
shown in Figure 6.

Figure 6. Calibration pipeline.

4.4.1. Line Detection
Figure 7 shows an example of a captured laser profile of the calibration pattern at
each rotation step. The raw captured profile contains some noise (highlighted in red in the
top of Figure 7), especially at the extremes, since the laser beam can hit other objects apart
from the calibration pattern. As this noise usually appears at the extremes and is separated
from the main part, to remove it a point clustering is done based on the euclidean distance,
and the biggest cluster is only retained.

Figure 7. Example of captured laser profile for the calibration pattern. Raw data with noise highlighted in red (top), and the result after removing noise and detect lines (bottom).

With the cleaned profile, N predominant lines are searched using RANSAC [33],
which is a hypothesis-verification technique. We execute RANSAC N times or until no
points are available, and for each execution the predominant line is obtained and its inlier
points (those points whose distance to the line is less than a predefined threshold) are
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removed from the profile for the next execution. N represents the maximum number of
lines to be detected for each profile and is a predefined parameter that depends on the
shape of calibration pattern and its visibility from the camera. Taking into account visibility
limitations, in our configuration, we have set N as 11 for the bottom camera-laser pair
and 9 for the top camera-laser pairs (see Figure 8 to substantiate how these numbers are
defined). It should be emphasized that less than N lines will be detected in the planar side
of the calibration pattern because the stop criterion will be given by the absence of more
available points to form line hypothesis.

Figure 8. Maximum number of lines of the calibration pattern that are visible by each camera-laser
pair in each profile (highlighted in red). The body of the claws of the rotation stage increases the
number of lines for the bottom camera-laser pair. The bottom part of the inner side of the calibration
pattern is not visible by the top cameras.

To avoid undesired line detections, such as the line that crosses the entire profile and
which would have a large number of positive votes in RANSAC, we have included the
following heuristics to the original RANSAC algorithm.
•

•

Length restrictions: Instead of considering 2 random points to form a line hypothesis,
we only consider those pairs of points whose distance is between a predefined range.
Thus, we discard hypotheses that are formed by too close points (which offers unstable
estimation of the line direction) as well as those formed by too distant points (to reduce
the appearance of hypotheses with considerable length). When assigning positive
votes to a line hypothesis, we also discard those points that are too distant from the
2 original points that form the line hypothesis.
Direction restrictions: Given the staircase shape of our profile, the new line to be
detected in the current RANSAC execution has to be almost 90 degrees from the line
detected in the previous execution, i.e, we use the normal of the previous detected line
as an initial estimation of the direction for the current line. We estimate the normal for
each point using the k closest points at the beginning, so that line hypothesis are only
formed by point pairs that have similar normal. Similarly, when assigning positive
votes to a line hypothesis, we discard those points whose normal is not similar to the
normal of the line hypothesis.

Additionally, the line estimated after each RANSAC execution need to pass a fitting
quality control to be considered as valid. Within the inlier point set of the line, the two most
extreme points are taken to form the longest segment, and its oriented bounding box is
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calculated and used to retain those points from the whole profile that are inside it, i.e., to get
a potential inlier point set. Thus, the ratio number_of_inlier_points/number_of_potential_inlier_
points represents the fitting quality and must be higher than a predefined value to register
the current line as a good one. This test is mainly focused on discarding lines with a
spatially non-uniform and dispersed set of inliers (generally produced by several groups
of independent points), and which is usually associated with a bad estimate.
To speed up all the calculations (including the initial point clustering), we work on a
subsampled profile (we apply a non-maximum suppression), and once we detect the lines,
we refine them using the original profile points to improve the accuracy of line estimation.
4.4.2. Correspondences
After the previous step, we have several line estimations for each profile, and each line
can be represented by the longest segment formed by the the two most extreme points of the
inlier set. Thus, for each profile we sort its segments using the coordinates of these points
(those closest to the origin first), and then, compute the intersections between consecutive
segments. To avoid bad configurations, we only retain those intersection points that are
close to one of the extreme points of both segments. Moreover, from the whole set of
360 profiles, we initially select those for which the number of intersection points is equal to
the number of nominal intersections.
These selected profiles provide an unambiguous correspondence between detected
and nominal intersection points, which are the control points used to calculate the homograpy between the camera and the laser plane. The nominal intersection points have been
obtained by measuring the calibration pattern using a Coordinate Measuring Machine
(CMM). In our case, we have used the Mitutoyo Crysta-Apex S 9106 CMM model to do
this measurement, which offers a high accuracy (∼0.002 mm). As the cylinders of the
pattern are symmetrical about the central axis of the pattern (which coincides with the axis
of rotation of the system), the CMM has measured the intersection points along a plane
that cuts the pattern and passes through the central axis, which is coincident with the laser
plane (see Figure 9 for a graphical representation).
Many times the set of selected profiles are concentrated in one small area of the
calibration pattern, so the posterior results can be overfit to this area. Furthermore, since
the calibration pattern has manufacturing tolerances, the results may vary depending
on the area used. To avoid this problem, we make a second pass to try to include some
intersection points from unselected profiles and get correspondences that are distributed
in a more uniform way throughout the entire surface of the calibration pattern. Using the
intersection points of the selected profiles, we compute the median for each of the N − 1
intersection points, and then, for each unselected profile we check if its intersection points
are close to these median values. In case of finding at least 2 valid intersection points,
the unselected profile is considered to be partially good and its validated intersection points
are included to the set of correspondences.
4.4.3. Homography Estimation
The previous step provides a set of correspondences between the intersection points
detected in the image and the reference intersection points that are in global coordinates and
rest on the laser plane. More precisely, for each of the N − 1 different reference intersection
points we have several correspondences. Under our experience, instead of using a RANSAC
style algorithm with all correspondence samples, we have had more stable results making
the median of the detected image correspondences for each of the N − 1 different reference
points, and then, computing the homography (in a least squares sense) using the resultant
N − 1 correspondences (Figure 9). The median values are used to compensate possible
manufacturing tolerances (eccentricities, etc.) of the calibration pattern.
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Figure 9. Conceptual representation of the homography estimation. Intersection points of the
whole profile set are simplified using median values and used as correspondences of the reference
intersection points. The computed homography transforms points from the image plane (in image
coordinates) to the laser plane (in global coordinates).

The homography that is estimated transforms points from the image plane to the
laser plane (or viceversa if its inverse is used, since a homography is a 3 × 3 invertible
matrix). For clarification purposes, we assume that the laser plane coincides with the XY
plane of the global coordinate system, i.e., Z = 0. Given that, and following the notation of
Equation (11), the homography transformation chain can be expressed as
pw = ( X, Y, W ) T = Hi−1 ( x, y, 1) T = Hi−1 ( pi , 1) T
Pw = ( X/W, Y/W, 0) T

(12)

where pw are the XY homogeneous coordinates of the laser points, Pw are the 3D coordinates of the laser point in the global coordinate system.
4.4.4. 3D Reconstruction
According to Equation (12) points of each of the 360 captured profiles can be transformed to the global coordinate system. However, this transformation moves all points
to the laser plane, i.e., all the profiles are accumulated in the same plane. To reconstruct
properly each profile we have to apply the corresponding rotation to each profile. When
a profile is captured, we know at which rotation step has been captured, since this information is provided by the encoder of the rotation stage. Thus, the points of the profile k,
which has been captured at the rotation step j (which equals to j degrees, as 360 profiles
are captured in 360 degrees, i.e., rotation step is 1 degree), must be transformed as follows


cos( j)
0 0
0 T

(X , Y , Z ) =
0
−sin( j)

0
1
0


sin( j)
0  Pwk = R j Pwk
cos( j)

(13)

where Pwk represents the points of the profile k after applying Equation (12), R j is a rotation
matrix of j degrees about the axis of rotation of the system (which coincides with the Y axis

Sensors 2021, 21, 765

14 of 20

of the global system), and ( X 0 , Y 0 , Z 0 ) T are the resultant global coordinates of the point and
which are used to build the 3D reconstruction of the scanned object (the calibration pattern).
4.4.5. Alignment Refinement
All the processing steps described in the previous Sections 4.4.1–4.4.4 are executed
by each camera-laser pair independently. As a result, we obtain several partial 3D reconstructions of the calibration pattern, one for each camera-laser pair. These partial 3D
reconstructions are correctly aligned in translation and in the rotations of the X and Z axes,
but the alignment in the rotation of the Y axis (the main axis of the rotation stage) is not
guaranteed, since each camera-laser pair has a different origin of the rotation (different
starting point) through the Y axis when applying Equation (13). If this rotation ambiguity
is not solved, the partial reconstructions are not well aligned on the Y axis, and therefore,
if these partial reconstructions were joined, a bad global reconstruction would be seen
(there would be an offset between them). This misalignment effect would be appreciated
especially in those objects that are not completely symmetrical along the Y axis.
To ensure a correct alignment in the rotation of the Y axis we use the planar faces
of the calibration pattern (Figure 5). In each partial 3D reconstruction we can search for
the predominant plane and use its normal to align them all together, i.e., find a rotation
delta in Y axis (∆i ) for each camera-laser pair (i) to force that all the plane normals match
and point in the same direction. The final global coordinates ( X 00 , Y 00 , Z 00 ) T that are used
to build the 3D reconstruction of the scanned object (the calibration pattern) are obtained
after applying this rotation delta to the Equation (13).


cos(∆i )
( X 00 , Y 00 , Z 00 )T = 
0
−sin(∆i )

0
1
0


sin(∆i )
0 ( X 0 , Y 0 , Z 0 )T
cos(∆i )

(14)

Given that, it is noteworthy that the calibration of each camera-laser pair (i) will be
given by its own homography (Hi ) and rotation delta (∆i ) as shown in Equations (12)–(14).
Likewise, the final 3D reconstruction will be given by merging all partial 3D reconstructions
of all camera-laser pairs.
The extraction of the predominant plane for each partial 3D reconstruction can be
speed up using the grouping of profiles done in Section 4.4.2. The profiles that were
discarded as correspondences for not having multiple intersection points between lines,
are precisely those that will belong to the part of the calibration pattern where the plane is
located. Therefore, we can identify these profiles and only use their 3D reconstruction to
find the predominant plane.
5. Reconstruction of Revolving Objects
Previous section describes the calibration process of the proposed 3D laser triangulation system. Thus, once the system has been calibrated, it can be used to build the 3D
reconstruction of revolving objects, such as the one shown in Figure 3.
The procedure to scan and reconstruct an object is straightforward. The user has to
place the desired object in the rotation stage and ties it. Then, the user pushes a button and
the system automatically applies a complete rotation (360 degrees) while capturing profiles
with the different camera-laser pairs. Afterwards, the system uses the calibration data (Hk
and ∆k ) of each camera-laser pair (k) to apply Equations (12)–(14) to the corresponding
profiles and to obtain the 3D reconstruction of the object.
6. Experiments and Results
6.1. Scheimpflug Distortion
In our experiment an approximated Scheimpflug distortion map for the used cameras
(C5-4090-GigE cameras from Automation Technology Gmbh and Zeiss Planar T* 50 mm
lenses from Nikon) and the estimated homography were calculated resulting in maximum
errors of 2 microns. These errors comes from the fact that a similar camera but without
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Scheimplug angle, i.e., perpendicular camera, has been calibrated with the same lens used
in the Scheimplug camera. A very precise dot calibration pattern with precision of about
2 microns has been used to calibrate the perpendicular camera, noticing practically no
radial distortion, with a re-projection error that comes from the errors of the calibration
plate. The Scheimplug distortion map, calculated with the matlab code of Appendix ??,
shows distortions of a similar magnitude that the distortions of untilted camera.
Real calibration of the laser-camera homography was made by fitting projecting
the laser over a calibrated revolution cone, assuming that the distortion map can be
avoided. The errors obtained in the homography estimation were smaller that 7 microns.
The advantage of this method resides on the fact that difficult and error-prone Scheimpflug
calibration procedures can be avoided, which can at the end be more costly and less precise
than this simpler method.
6.2. Calibration Repeatability and Accuracy
In order to demonstrate the repeatability of the proposed calibration method, we
have performed the calibration 10 times. Moreover, to introduce variability in the data,
the pattern has been placed in a different initial position for each calibration, providing
a different set of profiles as input. At each calibration execution we have calculated the
calibration data and the 3D reconstruction of two different objects: (1) the calibration
pattern, and (2) an object that is similar in shape to the calibration pattern, but with a small
change in the size (different height and different diameter lengths). The idea of introducing
this second object is to see results without the possible effects of overfitting due to the
usage of the same object for both calibration and test.
We have used these 3D reconstructions to perform some measurements and provide
a comparison between them. More precisely, we have measured the diameter of several
cylinders. Furthermore, the height of a plane at different locations has been estimated for
the calibration pattern as well (see Figure 10 for a graphical representation of measured
cylinders and planes). In all cases we have used points of the inner and outer part of the
3D model to estimate cylinders and planes of the outer and inner parts respectively.

Figure 10. Measured cylinders and planes for each calibration execution during the repeatability
experiments (see text for details). Inner cylinders and plane are highlighted in blue, while outer
cylinders and plane are in red color.

Tables 1 and 2 show the error (expressed in millimeters) of these measurements respect
to the nominal values, which have been obtained using a CMM (Mitutoyo Crysta-Apex
S 9106, which offers a high accuracy, ∼0.002 mm).
To provide a robust central tendency, truncated mean of the results of the 10 calibrations has been calculated, i.e, extreme values (best and worst) have been discarded
during the mean computation. Moreover, the standard deviation of the error of these
10 calibrations is shown for each measurement. These standard deviation values are low,
which indicates that the calibration algorithm offers a good repeatability.
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Table 1. Mean and standard deviation error (in mm) of some primitives (cylinders and planes) of the
calibration pattern respect to nominal values using different calibrations.
Calibration Pattern

Error

Measurement

Nominal

Mean

Stdev

Diameter_OUT
Diameter_OUT
Diameter_OUT
Diameter_OUT
Diameter_IN
Diameter_IN
Diameter_IN
Diameter_IN
Plane_OUT
Plane_IN

44
71
97.01
123
50.94
76.95
102.95
129
121.96
132

0.064
0.115
0.017
0.059
0.031
0.067
0.084
0.18
0.194
0.061

0.009
0.005
0.005
0.016
0.008
0.041
0.087
0.047
0.014
0.012

Table 2. Mean and standard deviation error (in mm) of some primitives (cylinders) of an object, which
is similar in shape to the calibration pattern, respect to nominal values using different calibrations.
Object with Similar Shape

Error

Measurement

Nominal

Mean

Stdev

Diameter_OUT
Diameter_OUT
Diameter_OUT
Diameter_OUT
Diameter_IN
Diameter_IN
Diameter_IN
Diameter_IN

72.044
98.062
124.075
150.091
46.948
71.99
96.96
121.992

0.126
0.244
0.268
0.053
0.068
0.055
0.1
0.107

0.011
0.014
0.031
0.06
0.016
0.04
0.094
0.142

To obtain each measurement (related to cylinder or plane), points of the 3D reconstruction that are close to the corresponding nominal value have been sampled, and then,
a specified fitting algorithm has been applied. Thus, it is noteworthy that the errors that
are shown in Tables 1 and 2 accumulate the error of: (i) the laser (sensor accuracy), (ii)
the centering of the object on the axis of rotation, (iii) the proposed calibration method
and (iv) the fitting algorithms. In fact, the effect of the error in the centering of the object,
which mechanically depends on the claws that tie the object at its bottom, is noticeable by
observing the errors, since in the upper and outer areas of the object there is more error
than in the lower and bottom areas respectively (a slight pitching effect).
As an supplementary measure of accuracy, we have calculated the distance between
the 3D reconstructed model and its corresponding original 3D model for the object with
similar shape. We have compared each of the previous 10 3D reconstructions of this object
against its original 3D model. The mean and standard deviation of the errors of these
10 comparisons has turned out to be 0.151 mm and 0.015 mm respectively. As stated before,
these errors values accumulate the error of several sources (the laser, the centering of the
object, the quality of the calibration and the fitting algorithm).
Taking into account all the experiments presented above, we can point out that the
system offers an accuracy of tenths of a millimeter with a variability of hundredths of
a millimeter.
Real Case
As an additional evidence of the validation of the proposed system, we have made
experiments with an industrial part (Figure 3) that is being used in a real factory. We
have used it as a reference to validate the accuracy of the calibration. Being a result of an
industrial manufacturing process, this part undergoes a series of measurements (designed
and defined by expert metrologists) at some key points to ensure that the tolerances are
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met. These measurements are usually performed using a CMM, which offers high precision
results. Thus, we have considered several of these measurements and we have calculated
them using both the CMM and a metrology software which we have provided as input the
scanned and reconstructed 3d model of the part using the laser 3d triangulation system
described above (Section 4).
Comparing the results of both alternatives, we observed that the errors are less than
0.1 mm, which indeed, is accurate enough to be used for this real application. The details
of the repeatability and reproducibility (R&R) experiments that led to this value can be
found in [8].
6.3. Discussion
The proposed calibration methodology requires the use of a calibration pattern, whose
main design features have been defined in Section 4.2. Getting a similar pattern can be
a laborious task, but it only needs to be done once. In return, the proposed calibration
process itself is fast (it takes less than 1 minute), simple, and requires minimal user intervention. Summing up, the user places the calibration pattern on the rotation stage and
ties it, and then, the system automatically applies a complete rotation (360 degrees) while
capturing profiles with the different camera-laser pairs. Afterwards, the system process
automatically each profile to extract the lines, the correspondences against the reference
points and estimate the calibration data. It should be noted that the automatic processing
of each profile has proven robust to the noise that can appear during the capture of profiles.
The experiments have been carried out using two different surface materials. The calibration object is made of machined steel finished with a dark coating which has a certain
specular component, while the validation object is made of plastic resin that has a greater
diffuse component. In both cases we have observed an adequate behavior of the optical
system, requiring only to adjust the exposure time of the cameras. Additionally it has also
been tested with forged steel objects. It is noteworthy that very specular materials, such as
glass or machined metals, are not suitable for the proposed system.
Considering the intended use we wanted to give to the proposed laser 3d triangulation
system (emphasize simplicity and automaticity of use within some bounds of accuracy),
we have discarded the use of the Scheimpflug distortion. The impact on accuracy (microns
according to our experiments of Section 6.1) is not significant, and it simplifies greatly the
calibration process, allowing us to offer an almost automatic solution.
Apart from being synchronized with a rotation stage, the proposed calibration method
requires knowledge of the coordinates of the reference control points (Section 4.4.2) to
perform automatically all the processing. Given that, our calibration method could be
adapted to work with other calibration patterns just by providing the new coordinates of
the reference control points. The requirement for these new calibration patterns is that
they must generate a staircase shape in the profiles when the laser hits their surface (see
Figure 7).
7. Conclusions
This paper describes a laser 3d triangulation system oriented to revolving pieces. It
combines 3 cameras and 2 lasers to capture and reconstruct most of the surface of the
objects that want to be scanned. Moreover, it includes Scheimpflug adapters to offer more
flexibility in the setup of the cameras and lasers, i.e., to maximise the focus of the depth of
field of the camera on the laser plane despite the orientation of both devices. Aside from
the flexibility of the setup, another advantage of the proposed system is that it is easy to use,
offering a high degree of automation of the entire process. The object to be reconstructed is
automatically rotated using a rotation stage, and the 3 camera-laser pairs are synchronized
in such a way that in each rotation step profiles are captured and processed automatically.
The entire scan and reconstruct process takes less than 1 minute for each object, so it is
another point in favor of the proposed 3d triangulation system as well.
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Likewise, a fast and automatic calibration method is proposed to fine-tune the system.
This calibration method uses a calibration pattern that has been designed to generate a
staircase shape when the laser planes intersect with its surface. Indeed, this shape is what
allows to perform an automatic processing of profiles in search of lines, their intersections,
generate correspondences against the reference control points and to estimate the calibration data. For the calibration process, the calibration pattern is treated as an object in the
sense that the user places the pattern on the rotation stage and it is rotated automatically
to capture the profiles. Thus, the proposed calibration method is automatic and takes less
than 1 minute. In order to achieve this high degree of automaticity and speed in calibration,
the effect of Scheimpflug distortion has not been considered. Nonetheless, this has little
impact on accuracy when using 50 mm lenses (microns, according to our experiments).
Finally, in cases where the Scheimpflug distortion cannot be avoided, simple procedures
for its calculation and the conditions were it can be avoided have been also presented.
The presented experiments validate the accuracy of the proposed laser 3d triangulation
system when compared against the measurements made with a CMM. We have reported
an accuracy of few tenths of a millimeter, which could be enough for several applications.
In fact, as an evidence of its potential use, this system is already being used in a real factory
to control the quality of the manufacturing process of an industrial part.
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Abstract: Flatness sensors are required for quality control of metal sheets obtained from steel coils
by roller leveling and cutting systems. This article presents an innovative system for real-time robust
surface estimation of flattened metal sheets composed of two line lasers and a conventional 2D
camera. Laser plane triangulation is used for surface height retrieval along virtual surface fibers.
The dual laser allows instantaneous robust and quick estimation of the fiber height derivatives.
Hermite cubic interpolation along the fibers allows real-time surface estimation and high frequency
noise removal. Noise sources are the vibrations induced in the sheet by its movements during the
process and some mechanical events, such as cutting into separate pieces. The system is validated
on synthetic surfaces that simulate the most critical noise sources and on real data obtained from
the installation of the sensor in an actual steel mill. In the comparison with conventional filtering
methods, we achieve at least a 41% of improvement in the accuracy of the surface reconstruction.
Keywords: cubic Hermite interpolation; laser triangulation; metal sheet; flatness measurement;
roller leveling; smooth surface reconstruction; shape measurement system

1. Introduction
Laser based optical sensors have been widely used in industrial environments for various
applications like online programming, part measurement and quality control, and part identification
and localization.
The requirements for the surface quality of sheet metal products are continuously increasing.
Flatness defects are a major problem in many industrial areas such as architectural panel works [1,2]
and the automotive industry [3], just to name a few. If the incoming raw material has flatness
defects, the manufacturer cannot correct it and must reject it or produce inferior quality products.
Therefore, it is critical to ensure that the metal sheet products achieve high quality flatness, meeting
customer requirements. Accurate, cost effective, and real-time surface measurement systems are
necessary for steel sheet products’ online quality assurance.
The flatness of a metal sheet is its levelness when the sheet is free of tension. The main institution
providing the definitions of flatness and how to measure it for steel sheet products is the American
Society for Testing and Materials (ASTM), allowing purchasers and providers to understand each
other using the same characterizations of flatness and the means of the detection of flatness anomalies.
The two main standardized measures of flatness are the Steepness Index [4], and the I-Unit [5]. In a
sheet whose surface exhibits sinusoidal waves of height H and period L, its Steepness Index value is
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defined as H/L. The surface analysis of a metal sheet makes a series of lengthwise virtual cuts of the
sheet sample that result in narrow strips, which are commonly referred to as strip fibers . These fibers
are treated as lines characterizing the profile of the surface. Using the length of one of these fibers as a
reference, Lre f , the I-Unit value Ii for an individual fiber i, is defined as:
Ii = ∆Li /Lre f 105

(1)

where ∆Li is the difference between the length of the fiber i and the reference fiber Lre f , and the
constant 105 is a standard scaling factor.
Optical sensors based on laser line triangulation are becoming the most widespread solutions
to acquire a dense 3D mapping of metal surfaces [6]. Using triangulation techniques, it is possible
to compute the surface height from the laser line segmented on the image, where each column of
the imaging sensor corresponds to a virtual fiber of the metal sheet. However, these measurements
are sensitive to the noise produced by some other mechanical processes, e.g., degreasing, cleaning,
polishing, shearing, and transporting roll systems, as well as the illumination effects from the ambient
light and the speckles generated by the laser coherent light. Therefore, a high quality flatness measuring
system strongly depends on the noise removal methods applied on the captured surface height profile.
The contributions of this paper are the following: (1) the design and implementation in a real
industrial operation of a surface flatness sensor that uses two parallel laser lines and an industrial
high speed area scan camera providing height maps of the metal sheets moving below the sensor;
and (2) a noise removal system based on Hermite polynomial interpolation that effectively removes
high frequency noisy wave patterns induced in the sheet by mechanical manipulation. The flowchart
in Figure 1 provides a representation of the computational process carried out by the sensor.

Figure 1. Flowchart of the computational process carried out by the sensor.

The filtering process is validated on synthetic and real industrial production data. This allows
analyzing and filtering the information even when the surface flatness information is extremely hidden
under the influence of noise sources whose amplitude exceeds several times the amplitude of the
original signal. In particular, a noise source produced by a cutting station near the sensor location was
removed successfully from the synthetic and real data.
The structure of the paper is as follows: Section 2 reviews the state-of-the-art techniques and
devices used to measure the flatness quality of metal sheets. Section 3 focuses on the foundations of
laser based optical flatness measurement devices. Section 4 gives the formal details of the numerical
method used for improved noise filtering of the fiber surface height measurement maps by Hermite
cubic interpolation. Section 5 discusses the sources of numerical errors. Section 6 deals with real-time
surface reconstruction processing. Section 7 discusses the performance of the system using both
synthetic and real data acquired on a real industrial metal sheet process. Finally, Section 8 gives some
conclusions and directions for future work.
2. Related Works
Early metal sheet flatness measurement techniques relied on manual gauging [5], demanding
skilled operators able to identify the sheet surface shape deviations for every coil and to manually
operate the settings of the roll leveler machine in order to correct these deviations. The first online
flatness measuring system, known as the stressometer, was devised using pressure transducers [7]
in the late 1960s. Different kinds of shape measurement rolls, based on piezoelectric load sensors
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and air-bearing rotors, enabled closed loop control of the roll leveling process with reference to
a target profile [8–10]. Whilst shape measurement rolls are currently commonly used in cold
rolling mills, they are rarely used in hot, very thick rolled products, roll leveling lines, or finishing
lines. The downsides of this measurement technique is that it is very sensitive to force adjustments
and can cause scratching of the metal surface.
With the advent of computer vision technologies, optical flatness sensors were introduced [11]
to measure manifest flatness, i.e., flatness not hidden by tension. These systems allow measuring
smaller defects at higher line-speeds, enabling real-time control and a higher level of integration.
The most commonly used optical surface flatness inspection systems are based on the laser
triangulation principle [6]. Some designs include several laser emitters for increased robustness [12].
Alternatively, some other optical flatness measuring devices are based on ultra diffuse light or moiré
pattern projection. Ultra diffuse light systems use LEDs and an elaborate system of light conductor
units and mirrors, ensuring that a uniformly diffuse light bar is projected onto the material. This light
bar is recorded with a matrix camera. The light intensity, the light reflection angles, and the change of
both factors are evaluated while the material is moving [13]. Moiré pattern projection based systems
use the output of a topographic shadow contour pattern, which must be analyzed so that the required
3D information can be formed [14]. These systems are very sensitive to motion error due to the
mechanical positioning of the sheets and the shadows and light patterns created by the uncontrolled
environmental lighting.
In the computer vision field, there is a long tradition of approaches dealing with surface estimation
using gradient data, which are often very noisy [15–19]. Instances of optical based techniques proposed
in the literature for the measurement of 3D geometries of objects are the use of deflectometry sensors,
able to measure phase changes of light reflected from specular surfaces [20], and the reconstruction of
ground surfaces from clouds of points obtained by remote sensors [21]. Integration of 1D gradient
data for curve estimation is a well solved problem in the literature [22–26]. However, when dealing
with 2D gradient data, we find at least two main kinds of procedures. When the data integration
is carried out along specified lines crossing the surface in a privileged direction, we know them
as local methods [22,27,28]. Their advantage is their simplicity, low computational cost, and the
high resolution recovering height variations. Their disadvantage is their lack of robustness against
error propagation along the line. When the data integration is carried out by variational approaches
minimizing a functional with 2D support, the approach is a global method [16,29–31], which is more
robust to error propagation due to the diverse noise sources due to the metal strip manipulation,
but having much greater computational cost, which prevent real-time implementations.
We devised an optical measurement system comprised of two laser lines and a matrix camera
that allows the computation of both the height and gradient information along each 1D fiber. Using a
combination of both pieces of information, we developed a method capable of obtaining a precise
surface reconstruction that is robust against all kinds of noise sources [32,33]. The approach based on
piece-wise cubic Hermite spline interpolation is based on a global technique that allows filtering out
undesirable noise sources using both surface gradient and height information. Our method addresses
this problem by dividing each fiber into multiples pieces, each cubic Hermite spline minimizing both
data surface and gradient information, resulting in an interpolated, smooth, globally continuous,
and differentiable curve built up as a combination of cubic Hermite splines to retrieve an accurate and
real-time estimation of the metal sheet surface, allowing flatness defect detection. We discarded the
application of 2D interpolation methods such as bicubic interpolation splines because they do not meet
the real-time requirements imposed by the industrial application that sets the stage for this article. For
instance, Hermite RBF interpolations [34] are used for denoising scanner data, requiring computational
times in the order of minutes, which is obviously out of question to contemplate in our application. A
previously published conference paper [35] provides a rough overview discussion of our approach.
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3. Laser Based Optical Flatness Measurement System
In this section, we address some fundamental aspects of the implemented sensor, namely the
sheet-of-light triangulation principle, optical design considerations, the use of peak image intensity
detector techniques, and the calibration of the camera and laser line sensor.
3.1. Sheet-of-Light Triangulation Principle
The sheet-of-light technique is based on the principle of triangulation [36], performing a
three-dimensional reconstruction of the surface of an opaque and diffuse reflecting solid by using an
area scan camera and a light line projectors. Although sheet-of-light techniques are the most commonly
used for surface reconstruction, other laser projected patterns like multiple laser stripes, patterns like
circles [37–39], concentric multiple circles, and grids may be used. The proposed flatness sensor
relies on sheet-of-light triangulation technique using two laser line projectors. The camera and the
line projector must be mounted so that their main axes form an angle for triangulation. The value of
this triangulation angle is typically between 30◦ and 60◦ . The projected light line defines a plane in
3D space. This plane intersects the surface of the solid under measurement, creating a profile of the
surface that is visible to the camera. By moving the solid surface in front of the laser line projector,
it is possible to record the whole surface of the solid. In order to increase the measurement range,
a Scheimpflug configuration is used, where the detector plane has a tilted angle with respect to the
imaging plane [40].
The measurement principle of the sheet-of-light technique is illustrated for a single laser line
triangulation setup in Figure 2, where P = [ X, Y, Z ] is a point in the world coordinate system and
0
P = [ x, y] is its projection in the image plane. Equations (2) and (3) show how the 3D point P can
be computed knowing its projection on the camera image plane. Equation (2) corresponds to the
projected line of the observation of point P by the camera, and Equation (3) corresponds to the laser
plane. Their intersection provides the desired world coordinates P.
P = λv + P0



Px
0


n T (P − P0 ) = [ a b c]  Py  + d = 0
Pz

(2)

(3)

where P0 is the camera optical center, v is the unitary vector between P0 and the observed projection
0
of the point P in the laser plane, n = [ a, b, c] T is the plane’s normal vector, and P0 is any point lying on
the laser plane [41].
3.2. Speckle Noise and Spurious Reflections
Sheet-of-light laser triangulation requires robust image segmentation of the laser line in
the image captured by the camera. However, spurious reflections and speckle noise make this
computation difficult.
Lasers light can be focused in a narrow and bright line. Moreover, the coherent nature of laser light
allows using narrow-bandwidth optical filters on the camera, removing image noise from ambient light.
However, the downside of coherence is that it creates speckles in the imaging system. Speckles are
interference effects of coherent light photons that travel slightly different distances from the source
to the sensor, produced by surface roughness at the order of the wavelength of the incident coherent
light. It gives a characteristic granular appearance when the surface is imaged under highly coherent
light [42]. Speckle noise can impair the segmentation of the laser line in the image. The size of the
speckle noise on the image is proportional to the laser wavelength and the lens aperture: a larger
aperture generates smaller speckles in the image [43].
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Spurious reflections are another big problem in the 3D surface scanning of shiny metallic surfaces.
The reflected light from the targeted area of the surface may illuminate some other areas of the same
surface that are detected by the segmentation of the images, causing fake measurements [44].

Camera
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Yl

Xc
P
c

P

′
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Yc
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′
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α

P
Object

Zw
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Figure 2. General configuration of a laser triangulation system.

To minimize speckle and spurious reflections, the proposed sensor features a blue laser emitter at
wavelength λ = 450 nm. Red laser emitters (λ = 630 nm) penetrate deeper into the target surfaces
as compared with blue lasers. Therefore, they substantially increase the area of the blurry region
corresponding to the laser line captured by the camera. Moreover, blue laser emitters generate a much
more focused laser on the object surface, minimizing the light reflected back to the camera.
3.3. Image Intensity Peak Detector
The accuracy of a 3D reconstruction using laser linear illumination is significantly determined by
the accuracy of the line segmentation in the image. Since the pattern of image intensity in the normal
direction to the line has a Gaussian profile, finding the center of the line in the image corresponds
to detecting the point of maximum intensity in the normal direction, also known as the laser peak,
which can be detected by different algorithms using the intensity distribution along a column of the
sensor image, e.g., finding the position of maximum intensity, finding thresholding points, or finding
the center of gravity [45–47]. In the proposed sensor, a Savitzky–Golay [48] finite impulse response (FIR)
differential filter is applied to the image intensity profile of the laser line, computing the zero-crossings
with sub-pixel accuracy [49–51].
3.4. Sensor Calibration
3.4.1. Background
The purpose of sensor calibration is to identify the camera intrinsic parameters and the mapping
between the laser plane and the camera. Since the sensor consists of a laser projector and a
camera, camera modeling and calibration become an integral part of the sensor calibration procedure.
The conventional approach consists of using first a standard camera calibration technique [52,53]
to estimate the camera parameters, then the laser plane parameters are estimated by capturing the
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correspondences of 3D known points and applying the least squares method [54–56]. The calibration
methods are dependent on the form of calibration target, the method for extracting control points for
camera calibration and laser plane calibration, and the calibration algorithms used, for instance the 2D
plane with controlled movement [57], and the 3D target with the invariance of the cross ratio [58,59]
could be used. An alternative sensor calibration approach consists of finding the mapping function
between the image plane and laser plane, treating the sensor as a black box carrying out a plane
mapping function. This approach requires the estimation of at least eight parameters [60] by the plane
constraint methods [61] or a least squares polynomial fitting method [62].
Scanning large 3D objects, such as flattened rolled metal sheets, implies that the object is moving
relative to the 3D scanner. Depth measurements computed from laser triangulation are synchronized
with the motion of the metal sheet using an incremental encoder located after the roll leveler stage.
This ensures a uniform data acquisition and minimizes the effect of the motion jitter.
3.4.2. Proposed Calibration Method
The standard accuracy requirements in the steel processing industry are as follows: for the height,
better than 2σ = 0.35 mm assuming that the measurement error follows a normal distribution with
zero mean and σ2 variance; for the strip cross direction, better than 200 measurement zones per meter.
After calibration, our sensor is capable of a height accuracy of 2σ = 0.25 mm and 650 measurement
zones per meter. For the proposed sensor, accuracy requirements and the cost effectiveness lead
us to use a method based on direct linear mapping functions (DLM). In the pinhole camera model,
the mapping between a 3D point in the world coordinate frame to the image coordinate frame is:
(4)

sm = K [R, t] M
h

iT

where m =
is the vector of homogeneous coordinates in the image plane,
u, v, 1
h
iT
M = Xw , Y w , Zw , 1
is the vector of homogeneous 3D coordinates of a point in the world
coordinate frame, s is an arbitrary scale factor, R and t are the rotation and translation components of
the transformation matrix from the world coordinate frame to the camera coordinate frame, and K is
the matrix of intrinsic camera parameters:


α r us


K =  0 β vs 
(5)
0 0 1
then we have:







u
h
i



s  v  = K r1 , r2 , r3 , t 

1

Xw
Yw
Zw
1







assuming that all the calibration points are placed on a plane with Yw = 0 and R = [r1 , r2 , r3 ]




u
h
i Xw




s  v  = K r1 , r3 , t  Zw 
1
1

(6)

(7)

h
i
h
iT
h
iT
Define H = K r1 , r3 , t , m = u, v, 1
, and M = Xw , Zw , 1
; we obtain the following
expression for the mapping between the 2D image points and the 3D calibration planar points:
sm = HM

(8)
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Given a set of calibration points and their corresponding image coordinates, the transformation
matrix H, also known as homography, can be estimated by solving the previous linear equation. Let us
assume that the laser plane XZ is our reference coordinate system. Let Pli = [ Xli , Zli ] be a point
in the laser plane and Pci = [ Xci , Yci ] the corresponding image plane point. The mapping between
these two planes is given by:

 


Xw
Xci
h11 h12 h13

 


s  Yci  =  h21 h22 h23   Zw 
(9)
1
h31 h32 h33
1

We estimated the intrinsic parameters of the camera before the installation of the camera in
the sensor by a previous calibration process at the lab, achieving an average retroprojection error of
0.04 pixels. We carry out the correction of the lens radial distortion so the mapping from the image
plane to the laser plane becomes a linear function. The mapping transformation H can be estimated by
minimal linear least squares:
sXci

= h11 Xli + h12 Zli + h13

sYci

= h21 Xli + h22 Zli + h23

(10)

s = h31 Xli + h32 Zli + h33
n
o
n
o
For a set of corresponding points Pli = [ Xli , Zli ]
and Pci = [ Xci , Yci ] , we can set h33 = 1
i
i
without loss of generality. Rearranging the system of equations of Equation (10), we get a linear system
of equations HA = 0, where A and H are given by Equation (11).

A

H



=

=

− Xli
0
..
.

− Zli
0
..
.







 − Xln − Zln
0
0


h11
 h 
 12 
 . 
 . 
 . 


 h32 
h33 1×2n

−1
0
..
.
−1
0

0
− Xli
..
.
0
− Xln

0
− Zli
..
.
0
− Zln

0
−1
..
.
0
−1

Xci Xli
Yci Xli
..
.
Xcn Xln
Yci Xli

Xci Zli
Yci Zli
..
.
Xcn Zln
Yci Zli

Xci
Yci
..
.
Xcn
Yci










(11)
2n×9

(12)

3.5. Dual Linear Laser Flatness Sensor
The proposed flatness sensor is comprised of two illuminating parallel linear laser sources
perpendicular to the metal sheet translation axis separated by a distance ∆d = 100 mm from each other
and a CCD camera capturing the area illuminated by the lasers, as shown in Figure 3.

Sensors 2020, 20, 5441

8 of 20

Figure 3. Design of the laser-camera sensor featuring two parallel laser lines allowing the computation
of surface height and its gradient. The color of the representation is not related to the actual laser color,
which is the same for both laser sources.

This dual laser line approach allows separating high frequency vertical vibrations from low
frequency flatness defects by detecting variations between lasers lines [12], as shown in the inset of
Figure 3. In the implemented sensor, the baseline separation between camera and laser sources is
∆ B = 900 mm, and the triangulation angle is α = 45◦ so that the center of the camera captures the
middle of both laser lines at Z = 0 mm. The displacement between laser emitters is ∆d = 100 mm.
The laser line emitters are collimated, and their wavelength is λ = 450 nm, while their line aperture
is 90◦ . The camera features a 2048 × 2048 matrix CCD sensor, and the focal length of the lens is
f = 6 mm, placed at Z = 1140 mm over a moving steel strip. The information of both laser lines allows
the local gradient to be calculated as the slope of the line joining two measured points corresponding
to each laser line, as seen in the inset of Figure 3. This slope remains constant no matter what vertical
displacements of the metal sheet surface are produced. The height value P at point x is computed as
the assumption that the gradient does not change significantly in the interval
hP = ( B + R)/2 under
i
4d
4d
2 ,x+ 2

.
The proposed optical flatness sensor was installed in a finishing process line just after an industrial
roll leveler close to a cutting station, as shown in Figure 4. The precision roller leveler has 13 rolls
with a diameter of 130 mm. This leveler has the ability to apply controlled roll bend through flights of
adjustable backup rollers. This line is capable of processing hot rolled materials with yield strengths in
the range [300, 700] MPa (mild steel) and thickness ranging from 3 mm to 8 mm. The sensor shown in
Figure 5 is clamped to a frame placed at the output of the leveler, and it is isolated from its structure by
a polymer that efficiently reduces the vibrations produced by the manufacturing process.
x−

Coil F eeder

Roll Leveler

Cutting Station

F latness Sensor

Figure 4. A simplified block diagram showing an industrial finishing line. The flatness sensor lies
between the roll leveler and the cutting station.
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Figure 5. Close view of the devised sensor comprised of two linear lasers and a camera, installed over
an industrial steel roll leveler processing line.

4. Cubic Hermite Spline Interpolation with Global Continuous Derivatives
The approximation of surface profiles by splines allows the detection of surface defects as
regions of the surface that show a high distance relative to the approximating spline functions [32].
Specifically, the transform based on Hermite splines has a very convenient property, namely that
the coefficients of a function corrupted with Gaussian noise follow a Gaussian distribution [63].
This property allows efficient denoising by simple thresholding of the coefficients. A cubic Hermite
interpolator is a third order parametric polynomial curve Z (t) = TM H G H , where t ∈ [0, 1], T is a row
vector containing the coefficients of the third order polynomial function, M H is the square matrix form
composed of the four Hermite basis functions, and G H is the column vector form composed of the
interval endpoints values and their derivatives,
T

=

MH

=

GH

=

h

i
t3 t2 t 1


2
1 −2 1
 −3 −2 3 −1




 0
1
0
0 
1
0
0
0
h
iT
ρ (0) ρ 0 (0) ρ (1) ρ 0 (1)

(13)

where ρ(0) and ρ(1) are the values at the boundaries of each interpolated curve, which may correspond
to a surface fiber in our application, and ρ0 (0) and ρ0 (1) are their corresponding first derivatives

n
with respect to t. A series of curve sampling intervals ρk , ρ0k k=1 can be interpolated by imposing
boundary conditions such that the derivatives are continuous at the endpoints of neighboring intervals.
These boundary conditions yield an interpolated curve consisting on cubic Hermite splines that is
globally continuous and differentiable in (t(1), t(k)), i.e., it belongs to C0 and C1 [64].
However, in order to use the piece-wise cubic Hermite interpolation method, several
considerations must be taken into account. On the one hand, the surface fiber recovered from the sensor
must have a signal-to-noise ratio (SNR) high enough to allow data interpolation. On the other hand,
according to the Nyquist–Shannon sampling theorem [65], the gradient data sampling frequency must
be at least twice that of the highest frequency of the original signal. Thus, the accuracy of the surface
gradient is determined by the distance between the sensor laser projection planes. The flatness defects
produced by leveling processes are of a much lower frequency than the sensor sampling frequency.
Therefore, in the absence of high frequency vibrations due to mechanical effects, the system has enough
resolution to acquire the relevant flatness information.

Sensors 2020, 20, 5441

10 of 20

5. Sources of Error
There are two different sources of error in the laser-camera triangulation process. One is the error
in the estimation of the homography between the laser planes, and the other is the sub-pixel laser
detection errors described in Section 3.1.
5.1. Measurement Errors Due to the Laser-Camera Triangulation
Due to the fact that the homography is estimated using several points, the errors due to this
estimation may overcome the errors induced by the laser line intensity peak detection in the image.
The segmentation errors of the laser points projected in the image plane have a normal distribution,
zero mean, and a standard deviation σ. Therefore, the retroprojection errors propagate to the estimation
of the real-world coordinates using the homography as follows:
e mm = H(p
e px + e
p
e px )

(14)

e mm ∈ R2 are the homogeneous coordinates of the real triangulated point,
where H is the homography, p
e px ∈ R2 are the homogeneous coordinates of the segmented point in the image plane, and e
p
e px ∈ R2
is the reprojection error with the last row value equal to zero.
5.2. Measurement Errors Due to the Gradient Estimation

Gradient estimation errors are due to numerical differentiation, truncation, and round-off
errors [66]. The error bounds between the truncated Taylor expansion of the 1D function derivative
and the central difference computed at point pmm are:

| Ed | ≤
where

h2 000
6 f (ξ )

e
h2 000
f (ξ ) +
6
h

(15)

is the Taylor expansion truncation error at point with h the step of the central

difference in pmm and he the round-off error.
Flatness calculation in rolled metal steel assumes that flatness defects can be approximated by
sinusoidal waveforms, so that the maximum absolute derivative | Es | and the relative estimation errors η
for a sinusoidal fiber along the unrolled metal sheet of amplitude B and period τ, respectively, are given
by the following Equations:

| Es | ≤

B
6

≤

1
6

η





2π
τ

2π
τ

3

2

h2

(16)

h2

(17)

6. Real-Time Surface Reconstruction Based on Hermite Interpolation
To inspect rolled products detecting flatness defects, it is necessary to scan the sheet as it
moves along the processing line. The feeding rate of some lines reaches speeds up to 120 m/min,
posing stringent requirements for accurate real-time surface estimation.
To compute the noise-free reconstruction of one metal strip fiber f̂ using piece-wise Hermite cubic
interpolation, the fiber is uniformly partitioned into n intervals, each one discretized into m samples
of its height measurement z1 , ..., zm . Height derivatives z10 , ..., z0m are computed using the information
retrieved from the proposed two laser line sensor. Consecutive intervals must be continuous functions
in C0 , C1 . The boundary conditions of the signal intervals are set according to the computing strategy
shown in Figure 6, i.e., the last measure of an interval is the first one for the next interval.
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Figure 6. Scheme showing the signal partition scheme followed to allow Hermite splines’ interpolation.

In Figure 6, ∆t = 1/m, and the value z1 corresponding to the next interval is both calculated
as the Hermite value for t = 1 of the actual interval and also for t = 0 of the next interval.
The same computational scheme is applied to the derivatives, leading to the following linear equation
f̂ = G (f) A, which is constructed as follows:

AH
ρ1
 ρ2   0
 
 .  .
 ..   ..
 
 
ρn   0

f̂ = 
 0 0
 ρ1   A H
 0
 ρ2   0
 
 ..   ..
 .  .
0
ρ0n


0
AH
..
.
0

0
0
..
.
0

...
...
..
.
...

0
A0H
..
.
0

0
0
..
.
0

...
...
..
.
...


0
0 

.. 
. 


AH 


0 

0 

.. 
. 
A0H (2n×m)×(4×n)

(18)

where:



TM H (t = 0)


..
AH = 

.
TM H (t = 1 − ∆t) m×4


T 0 M H ( t = 0)


..
A0H = 

.
0
T M H (t = 1 − ∆t) m×4

(19)

and:
ρi = [zi1 , . . . , zim ] T

0
0 T
ρi0 = [zi1
, . . . , zim
]

zij and zij0 correspond to the measured height of the jth sample and its derivative at the ith interval of
the fiber f, respectively. For a fiber fi , these derivatives are computed as follows:
∆fi
∆f ∆x
= i
∆t
∆x ∆t

(20)

where ∆x is the actual discretization step in the direction of the surface translation. Finally, G (f) contains
the end points and its derivatives for each sampled interval along fiber f, which can be calculated by
linear methods. Real-time computation using the previous scheme can be extended to all the fibers
captured over the total metal sheet surface, resulting in:
h

i
f̂1 . . . f̂K = A [G(f1 ) . . . G(fK )]

(21)

Sensors 2020, 20, 5441

where:

12 of 20

h
iT
0
0
T
T
G(fk ) = ρi1
, . . . , ρin
|ρi1T , . . . , ρinT

(22)

The matrix A is common to all longitudinal metal sheet fibers {fk }kK=1 ; therefore, it is computed
only once, facilitating real-time implementation.
7. Results
We apply the proposed polynomial filtering and reconstruction method to both simulated and
real data in order to test its ability to remove high frequency noise due to mechanical manipulation of
the metal sheet.
7.1. Synthetic Data Results
We created a synthetic surface showing two of the most common defects in a roll leveler processing
line, namely center buckles and wavy edges. The period and amplitude of these sinusoidal flatness
defects are 1800 mm and 12 mm on the translation axis of the metal sheet and 1500 mm and 12 mm
across the width of the metal sheet, respectively. The simulated surface is shown in
The first computational experiment is carried out over the synthetic surface described above
without additional noise, in order to simulate an ideal production line and check the accuracy of
our method. The surface filtering has been made with a sampling interval for the Hermite interpolation
of ∆ x = 3 mm. Each fiber interval contains 33 samples, which corresponds to the distance between
lasers (∆d ). The total length of the sheet is 9000 mm. The proposed Hermite filtering method maximum
surface reconstruction error is 0.64 µ m with standard deviation σ = 0.16 µm. The relative error in the
gradient computation according to the theoretical maximum error defined by Equation (16) is 0.507%
for h = ∆d /2.
In the second computational experiment, we introduced different kinds of noise to simulate the
vibrations induced in the sheet metal as a result of the mechanical elements of the roll leveler line.
Additionally, we introduced another noise source controlled by a single parameter that simulates the
triangulation error of the 3D sensor. The noise sources that characterize the mechanical vibrations have
an amplitude of 2.5 mm following a Gaussian distribution. A high frequency sinusoidal signal with a
maximum amplitude of 0.5 mm and a spatial period of 50 mm is also added in order to simulate the
eccentricity of the rolls over which the sheet is displaced. The noise introduced as a consequence of the
laser peak detection error has a standard deviation of 1/16 pixel, which corresponds to typical camera
laser peak detection errors. The results obtained comparing the reconstructed surface to the theoretical
noise-free surface are a maximum estimation error of 0.35 mm and a standard deviation of 0.12 mm.
These errors meet the standards currently used to measure flatness quality in roll leveled products.
In the third experiment, we added a localized damped sine wave along the longitudinal axis
of the synthetic sheet with an initial amplitude of the envelope of 50 mm, a decay constant of 0.07,
and a period of 10 mm. This signal models the vibrations induced by a sheet metal cutting station
located near the scanning area, as shown in Figure 7. The existing literature rarely considers the
effects produced by processes subsequent to the roll leveling. Using our filtering method, we obtain a
maximum error of 1.15 mm and a standard deviation of 0.38 mm.
These results show that the Hermite interpolation filtering method is very robust and that it
enables an accurate and reliable surface estimation despite the presence of external noise sources,
improving over other methods based on FIR techniques, e.g., Butterworth, Savitzky–Golay, etc.
Figure 8 shows the the estimated filtered surface from the noisy surface data of Figure 7.
Maximum errors occur at the high amplitude damped noise regions, due to the loss of reliable
surface height information obtained by the sensor. These results are also shown in Figure 9, where the
raw data retrieved from the sensor are shown first, the estimated surface using our method is presented
in the middle, and finally, two insets provide more detailed information from the dashed areas colored
in red and blue color, respectively.
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Strip Height (mm)
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Figure 7. The synthetic surface after adding the effect of vibrations induced by different mechanical
sources such as the shearing station (noise sources added).
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Figure 8. 3D representation of the theoretical surface results after applying the proposed filtering method.

Figure 9. Visualization as a grayscale image of the synthetic surface results of the interpolation
with Hermite splines. (a) Synthetic surface corrupted with high frequency noisy vibrations;
(b) filtered surface; (c) a close up view of a region in both images. Intensity corresponds to height
relative to the mean of the surface. White = positive; dark = negative.

These results show that the flatness sensor and the proposed filtering method are both robust
and accurate enough against different noises sources, in particular to localized high amplitude noises
produced by a simulated cutting station placed after the rolling leveler and the devised 3D sensor.
For a quantitative evaluation of the improvement achieved by our proposal, we implemented the
following approaches for surface denoising:
1.
2.
3.
4.

A moving-average filter featuring a sliding window of 33 samples in length.
A third order low-pass Chebyshev Type II filter [67] with 33 dB of stopband attenuation and a
stopband edge frequency of 0.02 specified in normalized frequency units.
A third order Savitzky–Golay FIR smoothing filter [48] with a frame length of 99 samples.
A third order Butterworth IIR digital filter [68] with a cutoff frequency for the point 6 dB below
the passband value of 0.01 specified in normalized frequency units.

Sensors 2020, 20, 5441

14 of 20

Table 1 presents the comparative results of the implemented denoising methods over the synthetic
surface discussed above. Improvements in MAE achieved by our approach range from 45% relative
to the Butterworth filter approach up to 50% relative to the Savitzky–Golay approach. Regarding
the RMSE, our approach improves by 41% over the second best approach, and up to 49% over the
Chebyshev filter.
Table 1. Comparative results of our approach with other conventional denoising approaches.
MAE = mean absolute error; MaxAE = maximum absolute error; STD = standard deviation of the
absolute error; RMSE = root mean squared error.
Method

MAE

MaxAE

STD

RMSE

Hermite (ours)
Butterworth
Savitzky–Golay
Moving Average
Chebyshev Type II

0.413
0.760
0.842
0.801
0.828

1.15
4.423
6.436
5.463
5.040

0.38
0.735
0.779
0.928
0.828

0.459
0.781
0.853
0.865
0.903

7.2. Results on Real Industrial Data
During the experimental data acquisition, we used sheet samples from two kinds of steel S235JR
steel coils (thicknesses of 3mm, Young’s modulus E = 205 GPa, Poisson’s ratio ν = 0.301, yield stress
σ0 = 215 MPa) and S500MC high yield steel coils (a thickness of 8 mm, Young’s modulus E = 210 GPa,
Poisson’s ratio ν = 0.304, yield stress σ0 = 500 MPa), which are middle carbon steels manufactured
by rolling. They are annealed and skin passed. The coil specimens have a length of about 800 m.
The sensor takes measurements along 3000 mm in each measurement cycle. The widths are in the range
[800, 2300] mm. The behavior of these specimens was characterized by uniaxial tensile tests conducted
at room temperature. The raw depth information from the sensor for samples of these two different
kinds of steel coil are visualized as grayscale images in Figures 10a and 11a. Flatness information is
highly corrupted by high frequency noisy vibrations from the cutting station and other mechanical
effects on the steel sheet. Namely, the cutting station produces high amplitude/high frequency noisy
waves on the metal strip every T seconds depending on the cutting length program, and the conveyor
belt produces overall high frequency waves. The resulting interference pattern is a rather complex
spatial form of noise, hindering the detection of flatness defects.
The proposed flatness measuring sensor succeeds at acquiring the surface information at the
real-time production speed of 30 m/min. The Hermite polynomial filtering procedure manages to
successfully retrieve the surface features of the material and the denoised flatness measures, as shown
in Figures 10b and 11b, depicting the smooth reconstructed surface after the noisy waves have been
removed. In Figure 11b, filtering unveils center buckles, i.e., another kind of common flatness defect
in which sinusoidal waves restrain the central fibers of the metal sheet. Finally, Figure 12 shows the
reconstruction of one of the surface fibers from the raw data of Figure 10.
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Figure 10. (a) Sensor raw data for a S235JR steel coil with observed high frequency transient noisy
waves and background noise. (b) Denoised sensor data using the proposed Hermite interpolation
filtering method.

Figure 11. (a) Sensor raw data for a S500MC high yield steel coil with with observed periodic transient
impulses and background noise. (b) Denoising results of the sensor raw data using the proposed
Hermite interpolation filtering method.

Figure 12. An instance of longitudinal fiber reconstruction (light blue line) by Hermite interpolation
from the raw data of Figure 10 (dark line).

7.3. Limitations of the Real Data Results
Estimation of the measurement error on real sensor measures remains very challenging.
Actually, there is no way to carry out a fair comparison between the measures obtained by our sensor
with those of a precision measuring instrument, such as a coordinate-measuring machine (CMM).
Measuring a test specimen of a metal sheet out of the roll leveling machine with a CMM has some
inherent bias, because the sheet is released from tensile and traction stresses, while our optical sensor
measures the strip under stress. Therefore, the flatness measures yielded by a CMM cannot be fairly
compared with those of an online sensor measuring the actual production.
The measuring device and the filtering method proposed in the manuscript solves flatness data
reconstruction in a real-time framework. In fact, it takes an average of 0.35 s seconds to filter a metal
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sheet of 6000 mm in length by 2300 mm in width. The sampling distance in the longitudinal direction
(rolling direction) is 3 mm and in the transversal direction is 2 mm; thus 1150 fibers are computed
concurrently in this time. The time that this sheet will take to go under the measuring sensor at
maximum speed of 120 m/min is about 3 s, so that real-time measurement is feasible in operational
conditions. Furthermore, our system uses a first in first out (FIFO) queue to store acquired data until
the filtering process finishes.
The proposed sensor relies on the motion of the steel sheet for the measurement. Doing the
measurements off-line for comparison with contact sensor measurements carried out off-line would
require building up a complete setup where the sensor is displaced over the cut steel plate. We carried
out some comparisons of the measurements done by the sensor online with off-line measurements
by shape measurement rolls. The differences were on the order of 0.25 mm, within standard industry
resolution requirements. It must be taken into account that the off-line contact sensor measurements
do not suffer from the transport tension, cutting, and other vibration sources.
Finally, this method can be used to concatenate as many processed sheets as needed. In order to
ensure the C0 , C1 continuities between consecutive processed sheets, the Hermite surface reconstruction
method can be easily enhanced, by imposing as boundary conditions for the actual piece the height
values and the derivatives of the previous piece.
8. Conclusions
In this paper, we propose a hardware-software system that carries out in real time the estimation
of the flatness of a metal strip moving below the unrolling mill that flattens a roll of steel cutting it into
sheets of predefined lengths. Online quality inspection of the unrolled metal strip before cutting is
achieved by this system. The standard flatness anomalies to be detected are wavy edges, center buckles,
and bow defects, which are low frequency variations in the height of the metal surface. The mechanical
manipulation of the metal, such as the jerking due to the strip pulling and tugging, and the cutting
process, induces high frequency variations in surface height that are successfully removed by our
surface reconstruction software system, which is based on a Hermite interpolation approach.
The nonlinear combination of the different noise sources on this particular process means that
filtering the sensor signals with the desired precision cannot be achieved by conventional linear
filtering techniques. We validated the filtering approach on synthetic and real industrial operation
data, showing significant improvement over linear conventional approaches. In the comparison with
Savitzky–Golay, Chebyshev, and Butterworth filters applied to the reconstruction of the surface after
noise addition, we achieved more than a 41% improvement. Furthermore, we were able to assess the
accuracy of the sensor against off-line contact sensor measurements, reporting an average error of
0.25 mm within standard industry accuracy requirements.
The proposed sensor and surface reconstruction system can pave the way for online closed-loop
control systems, low cost real-time flatness quality inspection, and high efficiency and quality
manufacture of rolled steel products. More extensive and detailed analysis of the impact of gradient
estimation numerical errors should be carried out.
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Abstract: Surface flatness assessment is necessary for quality control of metal sheets manufactured
from steel coils by roll leveling and cutting. Mechanical-contact-based flatness sensors are being
replaced by modern laser-based optical sensors that deliver accurate and dense reconstruction of
metal sheet surfaces for flatness index computation. However, the surface range images captured
by these optical sensors are corrupted by very specific kinds of noise due to vibrations caused by
mechanical processes like degreasing, cleaning, polishing, shearing, and transporting roll systems.
Therefore, high-quality flatness optical measurement systems strongly depend on the quality of
image denoising methods applied to extract the true surface height image. This paper presents a
deep learning architecture for removing these specific kinds of noise from the range images obtained
by a laser based range sensor installed in a rolling and shearing line, in order to allow accurate
flatness measurements from the clean range images. The proposed convolutional blind residual
denoising network (CBRDNet) is composed of a noise estimation module and a noise removal module
implemented by specific adaptation of semantic convolutional neural networks. The CBRDNet is
validated on both synthetic and real noisy range image data that exhibit the most critical kinds
of noise that arise throughout the metal sheet production process. Real data were obtained from
a single laser line triangulation flatness sensor installed in a roll leveling and cut to length line.
Computational experiments over both synthetic and real datasets clearly demonstrate that CBRDNet
achieves superior performance in comparison to traditional 1D and 2D filtering methods, and stateof-the-art CNN-based denoising techniques. The experimental validation results show a reduction in
error than can be up to 15% relative to solutions based on traditional 1D and 2D filtering methods
and between 10% and 3% relative to the other deep learning denoising architectures recently reported
in the literature.
Keywords: laser triangulation; metal sheet flatness measurement; smooth surface reconstruction;
depth data denoising; Convolutional Neural Networks; deep learning, residual learning
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1. Introduction
Increasingly stringent specifications in terms of flatness and surface quality in the
manufacture of sheet metal products are becoming more demanding of real-time 100%
quality-control processes. The end customer expects not only excellent mechanical and
processing properties but also a high long-term value and a high quality of modern metallic
materials. To meet these high expectations, the steel industry needs intelligent qualitycontrol systems endowed with high-precision in-line sensors for real-time measurements.
In the manufacture of parts and assemblies, especially when parts are required to be
assembled over a surface, flatness is a critical specification requirement. Any flatness defect
will cause an undesirable optical effect and impact the overall appearance of the assembly.
This need for zero defect manufacturing arises in areas as varied as the manufacture of
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stainless steel sheets used in professional kitchens, metal panels for exterior decoration in
architectural projects, or the manufacture of aluminum sheets in the automotive industry.
For this reason, it is highly desirable to carry out a quality control in real time during the
metal sheet manufacturing covering 100% of its surface in order to ensure that the required
industry quality standards are met.
With the advances in computer vision technology, optical flatness sensors have became
widespread [1] allowing manufacturing line human operators to measure manifest flatness,
i.e., flatness not hidden by tension, at high line speeds, thus enabling real-time monitoring
as well as a high degree of automation in the production phase. Most optical surface flatness
inspection systems used in the metal sheet industry are based on the laser triangulation
principle [2–4].
The large real-time inspection capabilities of these optical sensors are impeded by the
non-linear high-frequency fluctuations induced in the steel sheet surface by the mechanical
processes that take place in the manufacturing line, the juddering of the metal strip due
to forward traction, as well as the shearing processes that cut to length the sheet. Under
these circumstances, achieving a highly accurate flatness measurement requires a high
performance signal denoising method to be applied to the height profile captured by the 3D
sensor, removing the noise corresponding to such non-linear high-frequency fluctuations.
The literature [5–11] presents different sensors based on laser triangulation, requiring the
use of two or more laser lines to filter out external noise sources and reconstruct an accurate
and smooth continuous 3D map of the metal sheet surface.
The main contribution of this paper is a novel deep learning architecture for the
reconstruction of the range image captured by the 3D sensor removing the high-frequency
noise due to mechanical processes in order to allow accurate flatness measurements for
quality control. This deep learning architecture is inspired in the U-Net [12], originally
developed for semantic segmentation. Instead of returning as output an decomposition
of the image into regions, our architecture returns the noise-free range image by using a
noise estimation module. The architecture is validated against synthetic and real range
images that exhibit the most significant noise modalities produced by the mechanical
processing induced vibrations on the steel sheet surface. Real data have been collected
from an industrial roll leveling and cut-to-length line where the developed 3D sensor is
installed. Moreover, the architecture is compared against image denoising deep learning
architectures reported in the literature. To this end, we have retrained these architectures
with our data from scratch.
The remainder of this paper is organized as follows: Section 2 reviews the industrial context regarding techniques and devices used to measure metal sheets flatness.
Section 3 describes our noise model for the generation of synthetic data. Section 4 reviews computational approaches for image denoising, setting the stage for our proposal.
Sections 5 and 6 present the proposed deep learning architecture for range image denoising
and the collected Dataset, respectively. Section 7 reports the experimental results. Finally,
Section 8 gives our conclusions and directions of future work.
2. Industrial Context
In order to inspect rolled products achieving accurate measurements and classification
of flatness defects, it is necessary to capture the geometry of the steel sheet as it moves
through the processing line. With sheet feeding rates reaching speeds of up to 120 m/min,
real-time inspection imposes very strict requirements for accurate surface flatness quality
control. The most typical flatness defects are wavy edges, centre buckles, and bow defects,
which appear as low-frequency variations in the metal strip surface height.
On account of the strict requirements for real time quality control of surface flatness, the time efficiency of noise filtering methods poses a major challenge. Most of the
literature [7,9,11] addresses this problem relying on the use of traditional filtering methods
or explicit noise modeling, requiring extensive fine-tuning to adequately adapt to different
noise levels, struggling in preserving details, and leading to local (sensor-specific) solutions.
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Several successful applications of machine learning and fuzzy systems modeling for the
detection of surface defects in flat steel products can be found in the literature [13–15],
but they do not extend to the categorization of flatness defects. There are even machine
learning approaches to link different types of defects with their causes [16,17].
Contrary to traditional hand crafted filtering methods, Convolutional Neural Networks (CNNs) are tuned by automated learning techniques guided by error minimization
carried out by stochastic gradient descent and backpropagation algorithm. They have
improved sensor data interpretation, analysis and control algorithms, being capable of
dealing with non-linearities, noise, and uncertainty. In this regard, CNNs have become the
state-of-the-art machine learning approach in many applications [18–22]. Recently, CNNs
have been applied to classify surface defects in cold-rolled strips [23], and flatness measure
prediction [24] from measurements of contact sensors attached to the roll mill instead of
optical or range images of the surface. In order to adapt their 1D data from the sensor
readings they fold these vectors into small images (5 × 8 or 20 × 20) which are the input
for the CNNs, following the convention that CNNs are image classifiers or regressors. Note
that the goal in [24] is the prediction of an overall measure of flatness from linear sensor
readings.
However, to the best of the authors knowledge, there are no studies yet on CNN or
other deep-learning-based methods to filter data obtained from optical flatness sensors in
order to accurately reconstruct the surface of metal strips. In this regard, we are specifically
interested in assessing the denoising performance of deep learning architectures when the
input range image data contain high levels of non-linear noise.
Actual Sensor Installation
The flatness data were acquired with a simplified version of the optical flatness sensor
described in [10]. The flatness sensor is comprised of a single illuminating linear laser
source perpendicular to the metal sheet translation axis and a CCD camera capturing the
area illuminated by the laser. In this simplified sensor version, the baseline separation
between camera and the laser source is ∆ B = 900 mm, and the triangulation angle is
α = 45◦ so that the center of the camera captures the middle of the laser line at Z = 0 mm.
The laser line emitter is collimated, and its wavelength is λ = 450 nm, while its line aperture
is 90◦ . The camera features a 2048 × 2048 matrix CCD sensor, and the focal length of the
lens is f = 6 mm, placed at Z = 1140 mm over a moving steel strip. Figure 1 shows the
scheme of the sensor.

Figure 1. The flatness sensor scheme used for data acquisition, consisting of a single laser line laser
triangulation scheme.

Figure 2 shows the scheme of the production line and the placement of the optical
flatness sensor. Steel coils which are reduced to a specific thicknesses by rolling and
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annealing and wound into a roll. These steel coils are further processed in a roll leveling
and shearing line where they are cut to length. The range sensor was placed before the
cutting tool, so the steel sheet surface propagates the vibrations induced by the cutting
shocks. Each type of steel coil possesses different mechanical properties and thickness. As
a result, they exhibit different propagation responses to the vibrations induced in the metal
sheet during the leveling and cutting processes. This fact adds variability and robustness
requirements to the proposed network.

Figure 2. The experimental production line scheme and the optical flatness sensor placement. Blue
and Red lines refer to laser planes used for pseudo-groundtruth calculation in real data experiments.
Blue line refers to the laser plane which is further used for training, validation, and testing the
proposed CBRDNet.

3. Noise Model for Synthetic Data Generation
Generating physically consistent surface data are crucial to train the proposed CBRDNet and increase its denoising generalization capability. However, modeling such metal
surfaces is impeded by the lack of accurate experimental data. Custom metrology devices,
such as coordinate measuring machines (CMM), rely on static measuring conditions and,
thus, fail to retrieve the most characteristic surface deformation caused by the tensile
and trachle stresses occurring at the metal strip roll leveling and cut to length processes.
To cope with this lack of data, our synthetic samples rely on a model of experimentally
reconstructed surface data shown in [10], which reproduce the most common defects in a
roll leveler processing line, as well as the coupling noise produced by mechanical elements,
such as cutting stage.
We model the range image captured by our sensor from metal surface data by a
function that combines a high-frequency and high-amplitude bump produced by the
cutting stage, modeled as a local Gaussian signal ψ( x, y), a superposition of a set of
stationary waves φ( x, y), a low-frequency carrier θ (y) and a Gaussian noise term ρ( x, y)
modeling the data acquisition electronics error,
S( x, y) = φ( x, y) + ψ( x, y) + θ (y) + ρ( x, y)

(1)

where
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is a real-valued 2D Fourier series, where the amplitudes α = δ = [0, 5] and β = γ = 0.
λ x = λy = [0, 0.1] are the wavelengths in the x and y directions,
ψ( x, y) =

sin( f b yAb )

2
( y − y0 )
1+4
L

(3)

b

is a high-frequency, high-amplitude Gaussian wave mixed with a low-frequency carrier
modeling the bump produced by the cutting device, where f b = 5 represents the bump
carrier frequency, Ab = [1, 3] stands for the bump amplitude, Lb = [10, 20] is the bump
wave attenuation, and
θ (y) = Ac cos(Kc y)
(4)
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6000

Strip Height (mm)

Strip Width (mm)

is a low-frequency carrier that sets the offset of the surface data along the transversal
y-direction, where Ac = [0, 0.5] is the carrier amplitude and Kc = [0, 0.1] represents the
frequency in the y direction. Finally, ρ( x, y) is the electronic noise that arises during data
acquisition caused by the discrete nature of radiation, i.e., the fact that the optical sensor
captures an image by collecting photons. Considering some assumptions, this noise can
be approximated by an additive model in which the noise has a zero-mean Gaussian
distribution determined by its variance σn2 = [0.1, 0.35]. That is, each value in the noisy
data is the sum of the real value and a random, Gaussian distributed noise value. The
defined intervals of variation and constant values for these variables have been selected in
order to obtain synthetic data that are as close as possible to that acquired by the sensor in
real experiments. We disregarded strict boundary conditions, such as Dirichlet conditions
due to the free form nature of the unrolled metal coils on the machine. A synthetic surface
generated using this model is shown in Figure 3.

Strip Length (mm)

Figure 3. Synthetic flatness sensor data. (Color Online).

As shown in Figure 3, the proposed noise model allows us to generate synthetic data
that are very similar to that acquired by the sensor in real experiments. The degree of
concordance between our model and experimental data have been qualitatively validated
by visual inspection. We cannot tune the model quantitatively because the noise source is
not observable. We cannot observe the noise separated from the actual metal sheet surface,
and the wave propagation and dumping properties are dependent of the actual metal sheet
mechanical properties. We postulate that the success of the denoising system trained on
the synthetic data are indirect proof of the validity of the model.
4. Deep Learning Denoising Approaches
An autoencoder is an unsupervised neural network architecture that is trained to
reproduce the input as its output. It has a typical structure as a pair of funnels attached by
the short end. The first funnel compresses the input data into a lower-dimension encoding,
while the second funnel decompresses the encoding trying to recover the original input
data. The encoder seeks to obtain a robust latent representation of the original data, which
is often used for other purposes, such as features for another classification module. Autoencoders have been a popular field of study in neural networks in recent decades. The first
applications of this type of neural networks date back to the 1980s [25–27]. Autoencoders
have been used for classification, clustering, anomaly detection, dimensionality reduction,
and signal denoising [28].
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Proposed by Vincent et al. [29], the Denoising Autoencoders (DAEs) are an extension
of classic autoencoders where the model is taught to predict original uncorrupted data
from corrupted input data, i.e., the decoder attempts to reconstruct a clean version of the
corrupted input from the autoencoder latent representation.
The encoder function f takes an input x̃ and maps it to a hidden representation y
computed as:
y = f θ (x̃) = h(Wx̃ + b)
(5)
where h is a typically nonlinear transfer function, W and b are the encoder network
parameters, and θ = (W, b).
The output x, having a similar form to x̃, is reconstructed from y by the decoder g
x = gθ ′ (y) = h′ (W’y + b’)

(6)

where h′ is similar to h, W’ and b’ are the decoder network parameters, and θ ′ = (W’, b’).
The DAE training procedure consists on learning the parameters W, W’, b, and b’
that minimise the autoencoder reconstruction error between the groundtruth x and the
reconstruction gθ ′ ( f θ (x̃)), using a suitable cost function. Typically, the function is minimised
using Stochastic Gradient Descent (SGD) [30] for small batches of corrupted and clean
sample pairs.
Convolutional Denoising Autoencoders (CDAEs) are Denoising Autoencoders implemented using convolutional encoding and decoding layers. Because CDAEs use CNNs for
extracting high-order features from images, CDAEs differ from standard DAEs in that their
parameters are shared across all input image patches to maintain spatial locality. Different
studies show that CDAEs achieve better image processing performance when compared to
standard DAEs [31,32].
The U-Net [12] has a encoding–decoding architecture inspired in the autoencoder with
skip connections [33] that transfer the data from the encoder layers to the decoding layers.
Input–output pairs are images and their desired semantic pixel labelling providing segmentation of the image in one shot. It has shown exceptional results for image segmentation
and image restoration tasks [34–36]. Depending on the architectural modifications made
to U-Net, it can be used to achieve different tasks beyond segmentation. Isola et al. [37]
used U-Net as a generator to perform image-to-image translation tasks such as in the case
of aerial images and their correspondence in maps or the conversion of gray-scale images
to color images through adversarial learning. Jansson et al. [38] investigated the use of
U-Net as a voice separator, using the magnitude of the spectrogram of the audio containing
the mix of different singing voices as the input. Zhang et al. [39] modified U-Net with a
residual block and proposed it as a tool for extracting roads from aerial maps.
State-of-the-art 2D deep learning image denoising methods that will be compared
with our proposal are CBDNet [40], NERNet [41], BRDNet [42], FFDNet [43], and CDnCNN_B [44]. CBDNet is a convolutional blind denoising network [40] that is composed
of a noise estimation module and a non-blind denoising module that accepts the noise
estimation to compute the clean image. The noise estimation module is a CNN without
pooling (i.e., no dimension reduction), while the denoising module is a U-shaped network
as discussed above. The work reported in [40] uses a realistic noise model that includes incamera processing to generate synthetic images with known noise component for network
training. The noise estimation and removal network NERNet [41] inherits the two module
structure of CBDNet. The noise estimation module is enriched with a pyramidal feature
fusion block that provides multi-scale noise estimation, while the CNN components are
dilated convolutions. The noise removal module is U-shaped using dense convolution
and dilation selective blocks. The synthetic images were generated adding white Gaussian
noise (AWGN). In the batch renormalization denoising network BRDNet [42], the batch
renormalization is claimed to address the internal covariate shift and small mini-batch
problems. The network is composed of upper and lower networks. Upper network is
composed of residual learning modules with batch renormalization, while the lower net-
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work includes also dilated convolution blocks. Contrary to the previous networks, no
explicit noise estimation module is designed. Noise is assumed to be AWGN. The fast and
flexible denoising network FFDNet [43] is also designed for cleaning AWGN corrupted
images. FFDNet is a CNN whose inputs are downsampled subimages and a noise level
map, it does not have a module to estimate the noise. The denoising convolutional neural
network (DnCNNs) [44] is able to handle Gaussian denoising with unknown noise level.
The DnCNN uses residual learning in order to estimate the noise component of the image,
which is later removed from the noisy image to obtain the clean image.
5. Proposed Deep Learning Image Denoising Architecture
We apply of U-Net architecture as a generalized denoising method for surface reconstruction from noisy range images. The proposed network should be capable of denoising
the degraded range images as an alternative to traditional image denoising techniques
like spatial filtering, transform domain filtering, or wavelet thresholding methods [45].
A denoising method should remove high- and low-frequency noises, reconstructing the
original surface. Results presented in the literature show that CNNs outperform traditional
techniques for denoising tasks [46,47]. Furthermore, once trained, CNNs are computationally very efficient as they may be run on high-performance graphic processing units
(GPUs) [48,49].
Our study proposes a convolutional blind residual denoising network model (CBRDNet) based on the U-Net architecture for denoising flatness sensor data. Since in real-world
scenarios only noisy input data are provided, correct estimation of the noise level has
proven to be challenging [40]. Therefore, incorporating a noise estimation block, can enhance the network generalization capabilities as shown by Lan et al. [50] and Guo et al. [41].
Besides that, the combination of both synthetic and real noisy data in the model training is
expected to improve the network’s denoising efficiency [51].
The structure and denoising functionality of the proposed network are described
within the following sub-section.
5.1. Network Architecture
The proposed CBRDNet architecture consists of mainly two stages, a blind residual
noise estimation subnetwork (NE-SNet) and a noise removal subnetwork (NR-SNet). The
overall scheme of the proposed network is shown in Figure 4
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Concatenate
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1
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Figure 4. Overall scheme of the proposed CBRDNet network for close to real-time flatness data
denoising.

The NE-SNet subnetwork takes a noisy observation and produces an estimated noise
level map. It is composed of residual learning blocks that were first proposed as part of the
ResNet architecture [52]. The layers of this subnetwork will increasingly separate image
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structure from noise, creating a noise map that will be used later in the denoising stage.
The NE-SNet is composed of five residual blocks with no pooling, each of which has two
convolutional (Conv2D) layers with Batch Normalization (BN) and Rectified Linear Unit
(ReLU) layers. The number of feature channels in each Conv2D layer is set to 64, and the
filter size is set to 3 × 3. The scheme of the NE-SNet subnetwork is shown in Figure 5.
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Figure 5. The proposed Noise Estimation Subnetwork NE-SNet composed of residual learning
blocks.

The NR-SNet subnetwork is based on a traditional U-Net. This subnetwork is divided
into two major paths: contracting (encoder) and expanding (decoder). The contracting path
is comprised of downsampling layers consisting of a MaxPooling2D layer and two Conv2D
layers with a filter size of 3 × 3 and “same” padding configuration. Each contracting block
halves the size of feature maps and doubles the number of feature channels, starting with
64 channels in the first stage and ending with 512 channels in the last. The bottleneck
connects both the expanding path and the contracting path; herein, the data has been
resized to 32 × 32 × 512. Similarly, the expanding path also comprises four upsampling
blocks, which are composed of two Conv2D layers followed by a Conv2D Transpose.
Each expanding block doubles the size of feature maps and halves the number of feature
channels. We used concatenation layers to merge the feature maps in the expanding path
with the corresponding feature maps in the contracting path. The last layer is a 1 × 1
Conv2D. The original U-Net architecture for image segmentation uses a sigmoid activation
function in this last layer. Instead, our proposed architecture uses a linear activation
function in order to recover the denoised image. The scheme of the NR-SNet subnetwork
is given in Figure 6.
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Figure 6. The proposed Noise Removal Subnetwork NR-SNet following a U-net architecture.

5.2. Training the Model
Given a 3D dataset encompassing data recovered from the laser based optical flatness
sensor and synthetic 3D data described in Section 6, we generate a set of depth images,
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which are decomposed into patches for processing. Using this dataset of local patches, we
train our network to reconstruct the denoised versions of input depth images. In order
to train the CBRDNet, we use the ADAM [53] algorithm with β = 0.9. Following most
CNN-based data denoising methods, our network adopts the mean squared error (MSE) as
the loss function and the initialization strategy of He [54]. The mini-batch size is 10, and
each patch size is 256 × 256 pixels. The mini-batch size has been selected as a trade-off
between our limited computational capabilities and the desired network generalization
performance. Experimental results demonstrate that small batch sizes with small learning
rates result in more reliable and stable training, better generalization performance, and
a much lower memory footprint [55,56]. The model is trained for 100 epochs, with the
learning rate for the first 20 epochs set to 10e−3 and the learning rate 10e−4 used to fine-tune
the model. These settings are the same for all experiments discussed in this paper for
uniformity. Besides that, both ReLU and LeakyReLu [57] have been tested as output layer
activation functions in the CBRDNet training, the obtained results were almost identical
and are shown in Section 7. We trained all the networks in this paper on a single NVIDIA®
Geforce® RTX 2080 Super GPU with an on-board frame buffer memory of 8GB GDDR6,
3072 CUDA® Cores operating at 1815 MHz, compute capability 7.5, and Turing Generation
microarchitecture, CUDA® 10.1 and CUDNN 7.6.1). The machine is equipped with an
Intel® Core i9-10900K CPU @ 3.70GHz processor with 10 cores and 32 GB of RAM.
6. Dataset
The dataset used for both training and testing of the proposed architecture is composed
of real production line and synthetic range image samples of steel coils from a roll levelling
and shearing line. The synthetic data are used as a kind of data augmentation aiming to
improve the network denoising performance because of the difficulties faced collecting a
real dataset comprising a wide range of representative samples. Additionally, in real-world
measurements the metal sheet is not free from tensile stresses during the manufacturing
processes causing its elongation. After cutting the metal strip in single smaller sheets, the
tensile stress release results in surface deformations. Thus, measurements obtained by an
offline precision measuring device like a coordinate measuring machine (CMM) cannot
be used as a validation ground truth for online measurement methods, whereas synthetic
samples do.
In this paper, we generate 5500 synthetic noisy data samples using the noise model
described in Section 3 together with 5500 real noisy samples from six different coils which
are described in Section 6.1. The dataset is divided into a training set (80%), a validation
set (10%) and a test set (10%).
6.1. Real Production Line Data
The experimental data coming from the real production line consists of 5500 samples
from six different steel coils.
The specifications of the six steel coils are as follows: Two S235JR coils, a carbon (nonalloy) steel formulated for primary forming into wrought products with thicknesses of
3 mm, 8 mm and 1200 mm width, respectively, Young modulus E = 205 GPa, Poisson ratio
µ = 0.301, yield stress σ = 215 MPa, annealed and skin passed. One S420ML coil, a special
structural steel with a thickness of 7 mm and 2000 mm width, Young modulus E = 190
GPa, Poisson ratio µ = 0.29, yield stress σ = 410 MPa, it is an iron alloy steel manufactured
by rolling. One S355M coil, an alloy steel formulated for primary forming into wrought
products with a thickness of 3 mm and 1500 mm width, Young modulus E = 190 GPa,
Poisson ratio µ = 0.29, yield stress σ = 360 MPa, a middle carbon steel manufactured
by rolling, annealing and skin passing. Two S500MC coils, a hot-rolled, high-strength
low-alloy (HSLA) with excellent engineering bending and cutting characteristics with a
thickness of 3 mm, 6 mm and 2200 mm width, respectively, Young modulus E = 210 GPa,
Poisson ratio µ = 0.304, yield stress σ = 500 MPa, produced through thermomechanical
rolling. A summary is given in Table 1.
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Table 1. Steel coils used for collecting real data and their specifications.
Coil
S235JR
S235JR
S420ML
S355M
S500MC
S500MC

w × h (mm)
1050 × 3
2000 × 8
1650 × 7
1500 × 3
1050 × 3
1850 × 6

Young (GPa)

Poisson

Yield Stress (MPa)

205
205
190
190
210
210

0.301
0.301
0.290
0.290
0.304
0.304

215
215
410
360
500
500

2000
7
1000
0
0

3000

0

6000

Strip Height (mm)

Strip Width (mm)

The coils are roughly 800 m long. In each measurement cycle, the optical flatness
system senses 9000 mm. High-amplitude disruptive noises from the cutting station, as well
as the mechanical processes carried out during the manufacturing greatly contaminate the
flatness information generating noisy ripples on the metal strip sensor data. Additionally,
the conveyor system generates high-frequency waves as a result of the metal strip advance.
This interference patterns result in a complex spatial waveform, causing flatness information and surface defects difficult to detect. A raw depth data sample from one of these steel
coils, captured by the optical flatness sensor, is visualised in Figure 7.

Strip Length (mm)

Figure 7. Raw optical flatness sensor data. (Color online).

7. Results
In this section, we assess the proposed CBRDNet for denoising both synthetic sheet
samples and real data from the 3D flatness sensor. The proposed denoising network
is employed to reconstruct both simulated and real data in order to test its ability to
remove non-linear noises caused by mechanical manipulation of the metal sheet during
the manufacturing process.
The metal sheet’s flatness corresponds to its levelness when it is tension free. The
I-Unit [58] is widely used as the standardized measurement unit of flatness. For the I-Unit
calculation in a metal sheet with a sinusoidal surface, a series of virtual lines are drawn to
model the surface profile. The I-Unit is computed over them and the reported flatness is
the average over all lines. For this reason we compare our 2D methods with 1D denoising
methods. We recall that the aim of the present work is to provide a CNN-based denoising
method to be be applied to range images obtained by optical sensors installed in metal
sheet leveling and shearing production lines. The denoised surface range data will be
used to carry out the necessary flatness measurement. Accordingly, the results provided
below compare the denoised synthetic sheet samples and real ones with its corresponding
groundtruth. The error measurements are expressed in millimeters.
7.1. Synthetic Data Results
We conducted three different comparative analyses. First, we apply some traditional
1D filtering methods such as Moving Average, Butterworth IIR [59,60], Savitzky-Golay
FIR [61,62], Chebyshev Type II [63], and piecewise cubic Hermite interpolation [10] filters.
Secondly, we apply 2D wavelet-based denoising methods. Specifically, we compute results
using Daubechies, Symlets, Meyer, Coiflets, and Fejer-Korovkin wavelets [64–66]. Finally,
we compare the performance of CBRDNet against some state-of-art 2D deep learning image
denosing methods, specifically NERNet [41], CBDNet [40], BRDNet [42], FFDNet [43], and
CDnCNN_B [44]. Instances of synthetic data denoising results are shown in Figures 8 and 9,
where (a) is the noise-free sample, (b) is the noisy surface data and, finally, (c) is the denoised
surface estimated using our method.
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Figure 8. An instance of the denoising result on a synthetic strip. (a) Depicts the noise-free ground
truth surface, (b) shows the noise corrupted surface, and (c) represents the denoised surface reconstructed using the proposed network. (Color online).
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Figure 9. An instance of the denoising result on a synthetic strip. (a) Depicts the noise-free ground
truth surface, (b) shows the noise corrupted surface, and (c) represents the denoised surface reconstructed using the proposed network. (Color online).

For the comparative analysis with traditional 1D filtering methods we divided the
resulting metal sheet surface in virtual longitudinal strips, also called fibers [58,67]. For
each fiber, we applied the following 1D denoising approaches:
A Butterworth IIR filter. This filter provides the optimum balance of attenuation and
phase response. It has no rippling effect in the passband or stopband, and as a result, it is
frequently referred to as a maximally flat filter. The Butterworth filter provides flatness
at the cost of a somewhat broad transition area from passband to stopband, with typical
transitory characteristics. It has the following characteristics: a smooth monotonic response
(no ripple), it has the slowest roll-off for equivalent order filters, and a more linear passband
phase response than other methods. A Butterworth IIR third-order digital filter with a
cutoff frequency of 6 dB below the passband value of 0.01 specified in normalized frequency
units is used.
A Savitzky-Golay FIR smoothing filter, which is a variation of the FIR average filter that
can effectively retain the targeted signal’s high-frequency content while still not eliminating
as much noise as a FIR average. Savitzky-Golay filters maintain various moment orders
better than other smoothing approaches, which generally retain peak widths and heights.
It has the following characteristics: a computation time proportional to window width,
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it preserves the area, position and width of peaks, and flattens peaks less than moving
average with same window width. A third-order Savitzky-Golay FIR smoothing filter with
a frame length of 99 samples is used in our experiments.
A Moving Average filter was also applied, which is a method used to smooth data
by calculating a series of averages of different subsets of the entire dataset. It is a form of
finite impulse response filter with the following characteristics: an optimal approach for
reducing random noise while retaining a sharp step response, in general term is a good
smoother filter, conceptually it is the simplest to implement, but on the contrary has a poor
low-pass filter (frequency domain) and a slow roll-off and terrible stopband attenuation
characteristics. A moving-average filter with a 33-sample-long sliding window is used for
the comparison experiments.
A Chebyshev Type II filter has been applied. This filter is also known as an inverse
filter, it does not roll off and has no ripple in the passband, but it has equiripple in the
stopband. The main characteristics of this filter are: it is maximally flat in the passband
and has a faster roll-off than Butterworth but slower roll-off than Chebyshev Type I. We
used a third-order low-pass Chebyshev Type II filter with a stopband attenuation of 33 dB
and a stopband edge frequency of 0.02 specified in normalised frequency units.
Finally, a piecewise cubic Hermite interpolation filter has been used. This filter
uses both the height surface information and its derivative calculated from a dual laser
sensor data series. It is continuous in shape and its derivative. In comparison to the
Savitzky–Golay, Butterworth, Chebyshev, and Average Mean filters used for surface reconstruction in [10], this method achieved a 41 percent improvement.
Because we have the ground truth surface, we can compute the error of our denoising
process. Table 2 shows the comparative results of the denoising approaches described above
when applied to the synthetic surface. MAE improvements achieved by our method range
from three times better when compared to the Hermite filtering approach to 6 times better
when compared to the Chebyshev filter approach. Similar improvements are achieved in
term of RMSE.
In addition, we conducted 2D wavelet-based denoising methods. The number of vanishing moments N and the denoising threshold are the metaparameters for this approach.
According to the current research, disregarding the computational cost of the wavelet transform (WT), higher vanishing moments would yield better performance [68,69]. We selected
the following wavelets: Daubechies (dbN), N = 4, Symlets (symN) N = 8, Meyer (dmey),
Coiflets (coi f N), N = 4, and Fejer-Korovkin ( f kN), N = 4. We performed the WT of data
samples up to 8 levels. For denoising, wavelet transform coefficients below an empirically
selected WT threshold are set to zero. An inverse wavelet transform is used after that to
transform the processed signal back to the original spatial domain. Because the wavelet
coefficients are affected by values outside the extent of the signal under consideration, to
avoid boundary effects, the first and last 4 samples were removed in the processed input
data. Table 2 shows the comparative results. MAE improvements achieved by our method
range from 2.5 times better when compared to the Fejer-Korovkin filtering approach to
1.3 times better when compared to the Symlets filter approach. Similar improvements are
achieved in term of RMSE. For a graphical representation of these results, we provide the
denoising results on five data samples in Figure 10.
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Table 2. Comparative results of our approach with both traditional 1D and 2D denoising approaches and 2D denoising
CNN methods. MAE = mean absolute error; MaxAE = maximum absolute error; STD = standard deviation of the absolute
error; RMSE = root mean squared error. Best results presented in bold font.
Method

CNN-2D/1D/2D

Blind/Non Blind

MAE *

MaxAE *

STD *

RMSE *

CBRDNet-ReLu (ours)
CBRDNet-LeakyReLu (ours)

CNN-2D
CNN-2D

Blind
Blind

0.140
0.160

0.376
0.466

0.136
0.154

0.147
0.172

CBDNet
NERNet
BRDNet
FFDNet
CDnCNN_B

CNN-2D
CNN-2D
CNN-2D
CNN-2D
CNN-2D

Blind
Blind
Blind
Non Blind
Blind

0.172
0.184
0.198
0.224
0.312

0.520
0.499
0.659
0.501
0.840

0.162
0.175
0.184
0.201
0.308

0.185
0.195
0.212
0.252
0.342

Sym8
Coif4
Db8
Dmey
Fk8

2D
2D
2D
2D
2D

NA
NA
NA
NA
NA

0.176
0.180
0.181
0.256
0.390

0.543
0.591
0.622
0.942
1.998

0.170
0.179
0.179
0.282
0.588

0.188
0.190
0.201
0.291
0.390

Hermite
Butterworth
Savitzky-Golay
Moving Average
Chebyshev Type II

1D
1D
1D
1D
1D

NA
NA
NA
NA
NA

0.413
0.760
0.842
0.801
0.828

1.150
4.423
6.436
5.463
5.040

0.380
0.735
0.779
0.928
0.828

0.459
0.781
0.853
0.865
0.903

* Measurements are expressed in millimeters (mm).
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Figure 10. Comparison of our proposed CBRDNet with 2D wavelet-based denoising techniques.
Noisy synthetic samples have very low SNR, hence the the groundtruth surface of the samples is
almost lostt in some samples. To facilitate the comparison with the denoised samples, the color scale
of the images corresponding to the first column, i.e., noisy sample, is clipped. Color scale values are
expressed in millimeters (mm). (Color online).

Finally, we compared the architecture presented in this article to the five earlier stated
CNN-based approaches. Comparing various deep learning algorithms is a challenging task
because of the large number of hyperparameters that must be appropriately tuned during
the network training process. Notwithstanding, the aforementioned architectures were
trained and assessed 100 times on the same dataset to obtain the statistical results listed
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in Table 2. Furthermore, for a clearer graphical representation of denoising performance,
we provide the outcomes of these methods on five data samples, see Figure 11. When
compared to the groundtruth the CBRDNet results are very close to the real ones, MAE
improvements range from 2.5 times better when compared to CDnCNN_B and 1.2 times
better when compared to CBDNet. Similar improvements are measured in terms of RMSE.
Noisy

Groundtruth

CBRDNet

CBDNet

NERNet

BRDNet

FFDNet

CDnCNN_B
2.2
2.1
2.0
1.9
1.8
2.0
1.5
1.0
0.5
0.0
4.0
3.0
2.0
1.0
0.0
2.0
1.5
1.0
0.5
0.0
8.0
7.0
6.0
5.0
4.0

Figure 11. Comparison of our proposed CBRDNet with other methods on five different samples.
Note that because of the low SNR, the geometrical surface of the samples is hidden by the induced
perturbations. To facilitate the comparison with the denoised samples, the color scale of the images
corresponding to the first column, i.e., noisy sample, is clipped. Color scale values are expressed in
millimeters (mm). (Color online).

7.2. Real Data Results
Measuring results from a specimen tested out of the roll levelling system with a CMM
cannot be fairly compared to those obtained by our method, as has been previously discussed in Section 6. Results obtained with the double laser line sensor and the Hermite
filtering method proposed by Alonso et al. [10] have been used as groundtruth in order to
evaluate the improvement of the proposed method in an industrial environment. Experimental results with real data are shown in Figures 12 and 13, where (a) is the denoised
data using Hermite cubic interpolation, (b) is the raw data retrieved from the sensor and,
finally, (c) is the denoised surface obtained using our method. The proposed CBRDNet
architecture effectively recovers the smooth reconstructed surface after the noisy waves
have been filtered, as seen in the figures.
The results shows graphically that the proposed method is capable of accurately
reconstructing the surface of the metal sheet. When compared to state-of-the-art techniques,
it achieves equivalent or better visually appealing results, as a real ground truth is always
lacking in real experiments. Figure 14 depicts a longitudinal fibre, with unfiltered data
collected directly from the sensor in blue, Hermite filtering in red, 2D Symlet waveletbased filtering results in yellow, and the results from the CNN proposed in this work
in green. It can be seen that the method is capable of reconstructing the sheet’s surface
preserving the sinusoidal characteristics of the metal sheet, specially in areas where the
cutting effect occurs.
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Figure 12. An instance of a real metal sheet surface denoising. Plate thickness: 3 mm; yield point Re:
215 MPa; Dimension of the mother plate—length: 9 m; width: 1050 mm. (a) Hermite filter denoised
ground truth surface, (b) noise corrupted surface and (c) denoised reconstructed surface using the
proposed network. (Color online).
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Figure 13. An instance of a real metal sheet surface denoising. Plate thickness: 6mm; yield point Re:
500 MPa; Dimension of the mother plate—length: 9 m; width: 1050 mm. (a) Hermite filter denoised
ground truth surface, (b) noise corrupted surface and (c) denoised reconstructed surface using the
proposed network. (Color online).
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Figure 14. An instance of longitudinal fiber reconstruction, the blue line represents the raw 1D data
from a fiber extracted from Figure 13, the red line shows the Hermite interpolation result, the yellow
line shows Symlet results, and finally the green line depicts the CBRDNet denoised result. The inset
provides a better detail of the results achieved by both Hermite and CBRDNet in the highlighted area.
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7.3. Ablation Studies
Several ablation studies have been carried out in order to analyse the effects of both
the noise estimation module (NE-SNet subnetowk) and training the network with synthetic,
real, and mixed datasets.
7.3.1. Effect of the NE-SNet Subnetwork
An ablation study was conducted to better understand the contribution of the NE-SNet
subnetwork component to the overall system. This research has revealed that the overall
performance of the proposed system is highly dependant on the NE-SNet subnetwork,
increasing the accuracy of the proposed network up to 10%. Quantitative results of this
study are shown in Table 3. Besides that, noise prediction experiments reveal that the
NE-SNet achieves an accuracy of nearly a 85% extracting the noise both in synthetic and
real data. Figure 15 depicts some results obtain by the NE-SNet subnetwok over both
synthetic and real metal strip patches. The mean absolute error (MAE), maximum absolute
error (MaxAE), standard deviation of the absolute error (STD), and root mean squared error
(RMSE) were evaluated over a 500 sample dataset, results are as follows, MAE = 0.420 mm,
MaxAE = 1.105 mm, STD = 0.124, and RMSE = 0.480 mm.
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Figure 15. Results of the proposed NE-SNet subnetwork estimating the noise level map over a set of
real and synthetic data samples. Noisy Sample stands for the corrupted noisy data, groundtruth is
the known noise level map, finally NE-SNet is the estimated noise output. Color scale values are
expressed in millimeters (mm). (Color online).
Table 3. Comparative results of our NE-SNet subnetwork ablation study with the full model and the
best CNN and conventional denoising approaches. MAE = mean absolute error; MaxAE = maximum
absolute error; STD = standard deviation of the absolute error; RMSE = root mean squared error. Best
results presented in bold font.
Method

CNN-2D/1D/2D

MAE *

MaxAE *

STD *

RMSE *

CBRDNet (Full Model)
CBRDNet (No NE-SNet)

CNN-2D
CNN-2D

0.140
0.305

0.376
1.043

0.136
0.284

0.147
0.385

CBDNet
Sym8
Hermite

CNN-2D
2D
1D

0.172
0.176
0.413

0.520
0.543
1.150

0.162
0.170
0.380

0.185
0.188
0.459

* Measurements are expressed in millimeters (mm).
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7.3.2. Effect of Synthetic and Real Data
We have developed the following approaches. First, we trained our proposed CBRDNet on synthetic data exclusively. Second we trained CBRDNet on real data only. On
the one hand, the experiments carried out demonstrate that CBRDNet (Synth) achieve
worse results than CBRDNet (Real) and CBRDNet removing the existing real noise. This
fact occurs even when trained on large amount of synthetic data samples, mainly because
real noise cannot be accurately described by the defined noise model at 3. On the other
hand, CBRDNet (Real) produces not so accurate results in comparison to CBRDNet, as a
result of the impact of insufficiently noise-free real data. At the same time, CBRDNet has
proved to be more effective in dealing with real noise while maintaining an accurate surface
information. Quantitative results of the three strategies are shown in Table 4 on 500 sample
synthetic, real, and mixed datasets. CBRDNet obtains better results than CBRDNet(Synth)
and CBRDNet(Real) except in the synthetic dataset, but we dismiss these results as they
are not directly applicable to a real production environment where real noise is present.
Table 4. Comparative results of training data ablation studies. MAE = mean absolute error; MaxAE
= maximum absolute error; STD = standard deviation of the absolute error; RMSE = root mean.
(Synth) = trained on synthetic dataset; (Real) = trained on real dataset squared error. Best results
presented in bold font.
Method

MAE *

MaxAE *

STD *

RMSE *

0.136
0.248
0.175

0.147
0.265
0.186

0.181
0.128
0.254

0.195
0.129
0.292

0.142
0.265
0.155

0.154
0.291
0.161

Mixed dataset results
CBRDNet
CBRDNet (Synth)
CBRDNet (Real)

0.140
0.260
0.180

0.376
0.496
0.401

Synthetic dataset results
CBRDNet
CBRDNet (Synth)
CBRDNet (Real)

0.190
0.110
0.280

0.410
0.206
0.526

Real dataset results
CBRDNet
CBRDNet (Synth)
CBRDNet (Real)

0.147
0.282
0.159

0.386
0.366
0.396

* Measurements are expressed in millimeters (mm).

8. Conclusions and Future Work
In this paper, we present a novel denoising deep learning architecture for filtering
range image sensor data that can be used for accurate flatness measurement in the context
of metal sheet manufacturing, named CBRDNet.
This network is able to filter out the non-linear noise components in the range images
that hinder accurate surface reconstruction and thus surface flatness measurements. It has
been trained using both real and synthetic samples of steel coils from a roll leveling cut to
length line. This combination improves the network’s denoising capabilities. Furthermore,
synthetic data not only provided a wide range of representative samples for training, but
also a groundtruth for quantitative evaluation of the accuracy of the denoised flatness
measurements. We carried out different experiments to validate the proposed filtering
strategy.
In the first place, results obtained denoising synthetic data have proved that our
method outperforms traditional 1D filtering techniques, namely Hermite, Savitzky-Golay,
Chebyshev, and Butterworth filters. Compared to them, we achieved an improvement of
up to 6 times in terms of accuracy, particularly in surface regions where high amplitude
noises are induced by the mechanical processes carried out in the production line, e.g.,
cutting the metal strip to the desired length. In the second place, the proposed CBRDNet
achieves slightly better results in comparison with 2D wavelet-based filtering techniques.
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We achieved an error reduction up to 1.3 times when compared to the best performing
wavelet in our study, i.e., Symlets (Sym8), although in some sample regions there was no
clear improvement in terms of precision. Wavelet denoising results must be taken with a
grain of salt, because an optimal wavelet class and order selection might improve them,
while we report results of a necessarily limited empirical exploration. To this date we do not
know of such a data driven optimal wavelet design process. In the third place, experiments
with synthetic data show that the CBRDNet architecture is able to obtain better results than
state-of-the-art deep learning denoising architectures for the specific kind of noise that we
are dealing with. Compared to these methods we obtain improvements ranging from 1.2
up to 2.5 times in terms of surface reconstruction accuracy. This improvement is clearly
visible in the areas of the metal sheet where the noise due to metal strip cutting occurs.
Finally, results with real data obtained from an industrial leveling cut to length line
have shown that the proposed method is capable of accurately reconstructing metal sheet
surfaces. The conducted experiments have shown a surface reconstruction error reduction
than can be down to 15% relative to solutions based on conventional interpolation methods.
Numerical results have shown that the proposed CBRDNet achieves a mean absolute
error (MAE) of 0.140mm a maximum absolute error (MaxAE) of 0.376 mm, a standard
deviation of the absolute error (STD) of 0.136 mm, and a root mean squared error (RMSE)
of 0.147 mm.
Future research will explore deep denoising architectures in the frequency domain.
Although in some cases it is difficult to differentiate a signal from noise in the spatial
domain, this task might be easier in the frequency domain because noisy signals can be
comprised of a set of sine wave signals represented in the frequency domain with different
frequencies, phases, and amplitudes. We intend to implement and compare these possible
enhancements to the network outlined in this paper in future works. Moreover, when
larger data sets are needed but the access to real data is restricted in some way, for example,
when data becomes sensitive to its distribution, or simply when access to real data is
challenging, the development of tools capable of generating synthetic data would provide a
solution to this data shortage. GANs are computational structures that employ two neural
networks, competing with each other, to create new synthetic data samples that may be
used as surrogates for real data. To further our research we plan to explore the potential
of using GANs architectures instead of the current noise model to generate larger dataset
with more likelihood to real data.
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Abbreviations
The following abbreviations are used in this manuscript:
CNN
DAE
CDAE
GAN
SGD
CBRDNet
NE-SNet
NR-SNet
ADAM
ReLU
BN
Conv2D
HSLA
MSE
MAE
MaxAE
STD
RMSE
CMM
Db
Coif
Sym
Fk
Dmey

Convolutional Neural Network
Denoising Autoencoders
Convolutional Denoising Autoencoders
Generative Adversarial Network
Stochastic Gradient Descent
Convolutional Blind Residual Denoising Network
Noise Estimation Subnetwork
Noise Removal Subnetwork
Adaptive Moment Estimation
Rectified Linear Unit
Batch Normalization
2D Convolution Layer
High-Strength Low-Alloy
Mean Squared Error
Mean Absolute Error
Maximum Absolute Error
Standard Deviation
Root Mean Squared Error
Coordinate Measuring Machine
Daubechies
Coiflets
Symlets
Fejer-Korovkin
Meyer
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