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Spectral data processing
for steel industry
Abstract
For steel industry, knowing and understanding characteristics of a steel strip surface at every steps of the
production process is a key element to control final product quality. Today as the quality requirements
increase this task gets more and more important. The surface of new steel grades with complex chemical
compositions has behaviors especially hard to master. For those grades in particular, surface control is
critical and difficult.
One of the promising technics to assess the problem of surface quality control is spectra analysis. Over
the last few years, ArcelorMittal, world’s leading integrated steel and mining company,
has led several projects to investigate the possibility of using devices to measure light spectrum of their
product at different stage of the production.
The large amount of data generated by these devices makes it absolutely necessary to develop efficient
data treatment pipelines to get meaningful information out of the recorded spectra. In this thesis, we
developed mathematical models and statistical tools to treat signal measured with spectrometers in the
framework of different research projects.
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Spektral databehandling
för stålindustrin

Abstract
För stålindustrin, att veta och förstå ytegenskaperna på ett stålband vid varje steg i
produktionsprocessen är en nyckelfaktor för att styra slutproduktens kvalitet. Den senaste tidens ökande
kvalitetskraven har gjort denna uppgift allt mer viktigare. Ytan på nya stål kvaliteter med komplexa
kemiska sammansättningar har egenskaper som är särskilt svårt att hantera. För dess kvaliteter är
ytkontroll kritisk och svår.
En av de tekniker som används för att kontrollera ytans kvalitet är spektrum analys. Arcelor Mittal,
världens ledande integrerade stål- och gruvföretag, har under de senaste åren lett flera projekt för att
undersöka möjligheten att använda mätinstrument för att mäta spektrum ljuset från sin produkt i olika
stadier av produktionen.
En av de tekniker som används för att kontrollera ytans kvalitet är spektrum analys. I denna avhandling
har vi utvecklat matematiska modeller och statistiska verktyg för att kunna hanskas med signaler som är
uppmätt med spektrometrar inom ramen av olika forskningsprojekt hos Arcelor Mittal.
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Introduction
With clients getting more and more demanding on the product quality and with the development of new
steel grades, the problem of surface quality control has become a hot topic for steel industry today. The
light spectrum emitted or reflected by a surface is a treasure full of information about surface
characteristics. In steel industry, products are at a very high temperature all along the process and thus
emit a lot of light by themselves. Therefore imagining a system to reach surface quality control by
measuring emission spectra of the products during the process is natural. ArcelorMittal currently leads
several research projects to develop the measure of emission spectra and the study of surface at
different stage of the production process. Spectrometers are the indicated devices to measure spectra.
In this thesis I worked on spectral signal measured with spectrometers.
The spectrum depends among others on the surface temperature, on its shape and on its chemical
composition. However, all these factors influence spectrum shape in a very entangled way. This is where
it becomes important to develop mathematical and statistical models based on knowledge about the
observed physical phenomena to separate the different factors influencing the spectrum and trace back
the information about the surface we are seeking after.
During this thesis I worked on four possible applications of spectral analysis to measure and control steel
quality at different stages of the production process. The goals of these applications were to:





Assess chemical composition of hot liquids.
Detect defects on hot steel strips.
Evaluate the temperature of a steel strip in a perturbed environment.
Detect defects on samples of steel coated with varnish.

In the first section of this report, I will, first of all, give an insight of the most important physical
phenomena influencing a surface’s emission spectra. Then I will present all the mathematical tools used
during the thesis.
In the following sections I will successively present the work done for the fours applications of spectral
analysis for steel industry presented above.
Note: In the thesis the context of some industrial application is not fully explained for confidentiality
reasons. Moreover, you will see that for the same reasons, units and scales of the coordinates have been
removed from most graphs.
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1 Scientific backgrounds
1.1 Technical background
1.1.1 Electromagnetic spectrometers
A beam of light is composed of electromagnetic waves oscillating at different frequencies. For each
frequency (one can also say for each wavelength because those two quantities are dual) light presents a
different intensity. The light emitted by an object can be characterized by a curve giving the intensity of
emission as a function of the wavelength. This function is called spectrum. For example, the spectrum of
the light transmitted by a blue object will have a peak around 400nm which is the wavelength
corresponding to the color blue.
The study of spectra emitted by an object is called spectroscopy. Spectroscopy is used
in physical and analytical chemistry because atoms and molecules have unique spectra, called spectral
signature. These spectra can be used to detect, identify and quantify chemicals in an object.
Electromagnetic spectrometers are the devices used to measure light spectra in a given spectral range.
The exact technic used to measure the spectrum mainly depends on the studied spectral range. However
the main components of a spectrometer are always the same (see Figure 1-1). Light first go through a
succession of slits and lenses called collimator. Then the beam of light gathered by the spectrometer
collimator is diffracted (using a grating, a prism or a succession of mirrors). Finally, the intensity emitted
at each wavelength is measured by a detector (one detector per wavelength) and converted into a
numerical signal.

Figure 1-1 Schematic diagram of a spectrometer.

The spectral range, the spectral resolution (number of wavelengths and band width), the radiometric
resolution (i.e the intensity resolution at a given wavelength) and the maximal sampling frequency of the
device are characteristics of the spectrometer model.
1.1.2

Two important laws in physics

1.1.2.1 Planck’s law
Planck’s law describes the electromagnetic radiation 𝑃𝑙(𝜆, 𝑇) emitted by a black body as a function of
the wavelength, 𝜆 (in 𝑚) and the temperature, 𝑇 (in 𝐾).
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𝑃𝑙(𝜆, 𝑇) =

2ℎ𝑐 2
∙
𝜆5

1
ℎ𝑐
𝑒 𝜆𝑘𝐵 𝑇

𝑊 ∙ 𝑠𝑟 −1 ∙ 𝑚−3
−1

With:




ℎ = 6.63 ∙ 10−34 𝑚2 𝑘𝑔/𝑠, Planck constant.
𝑐 = 3.00 ∙ 108 𝑚/𝑠 the speed of light.
𝑘𝐵 = 1.38 ∙ 10−23 𝑚2 𝑘𝑔𝑠 −2 𝐾 −1 , Boltzmann constant.

As the temperature increases, the radiation emitted at a given wavelength increases and the wavelength
corresponding to maximal radiation is shifted toward low wavelengths, i.e. high frequencies (see Figure
1-2).

Figure 1-2 Planck’s law

Figure 1-3 Beer-Lambert’s law

Every other physical body also spontaneously and continuously emits electromagnetic spectrum whose
shape depends on the body temperature. The intensity 𝐼(𝜆, 𝑇) emitted by a body is related to Planck’s
law through its emissivity.
𝐼(𝜆, 𝑇) = 𝜖(𝜆, 𝑇) ∙ 𝑃𝑙(𝜆, 𝑇),
with 𝜖(𝜆, 𝑇) the emissivity of the body. The emissivity is smaller than 1 for every wavelength and varies
slowly with the temperature. If the body is close to a black body 𝜖(𝜆, 𝑇) ≈ 1.
The emissivity spectrum is characteristic of a material and this is what makes spectral technology so
interesting.
1.1.2.2 Beer-Lambert’s law
When studying electromagnetic spectra it is also important to know about Beer-Lambert’s law which
characterizes the attenuation of light when it passes through some absorbing materials. Beer-Lambert’s
law basically says that light suffers an exponential attenuation related to the distance the light travels
through, 𝑙, (optic path length) and the concentration of attenuating species in the material, 𝑐.
𝐼(𝜆)
𝑇(𝜆) =
= exp(𝛼(𝜆) ∙ 𝑙 ∙ 𝑐)
𝐼0 (𝜆)
Where
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𝛼 is the absorptivity characteristic of the crossed material.

𝑇 is the transmissivity of the material

𝐼0 and 𝐼 are the spectral intensity of respectively the entering and the exiting beam light
(see Figure 1-3).
This law is commonly used to evaluate the thickness of some material layer. It can also help recognizing
an element whose absorption spectrum is known.
1.1.3 Steelmaking in a nutshell
Steel is an alloy of iron and carbon. During the first stage of the production, iron ore and coal are heated
and mixed into the blast furnace. The liquid cast-iron getting out of the blast furnace is refined by adding
some chemical components to the alloy. The choice of the added element depends on the grade of steel
we want to obtain. After refinement, steel is given the shape of thick parallelepiped (slab) during the
flow process. The slabs are transformed into thinner bands of steel during hot-rolling. The hot bands
getting out of the roll mill are cooled and then wound.
The coils obtained after winding are already a final product which can be sold. However coils very often
undergo other finalizing processes to improve their quality and satisfy clients’ needs. Among the very
classical processes underwent by coils the most well-known is probably the galvanization process which
consists in covering coils with a thin layer of zinc to prevent oxidation [2].

Figure 1-4 Steel making process

1.2 Mathematical background
1.2.1 Principal Component Analysis (PCA)
Principal component analysis is one of the widely used tools to study a data set 𝑋 of 𝑛 samples and 𝑝
real valued features. It consists in an orthogonal transformation of the data by matrix a Γ to convert the
set of features into linearly uncorrelated features called principal components. The new features,
principal components, are defined as linear combination of the initial features. The transformation is
defined such that the variance of each component is decreasing: first new feature will have the largest
10

variance, last new feature will have the smallest. PCA is used in particular to reduce dimension of data by
keeping only the few first components with variance explaining enough of the total initial data variance.
PCA can be viewed with many different angles (in particular it is related to singular value decomposition
[3]). We chose here to show that computing PCs is equivalent to the diagonalization of the data
covariance matrix. Even if this method to compute principal component is not the one implemented in
practice, this point of view gives a better understanding of what principal components are. The principal
components are the unit eigenvectors of the covariance matrix ordered so that their corresponding
eigenvalues are decreasing. They are defined up to the sign.
Without loss of generality, we can consider that the data matrix 𝑋 has zero mean. If 𝑋 doesn’t have zeromean, the first step is simply to center it. The empirical covariance matrix of the data matrix is
Σ = 𝐶𝑜𝑣(𝑋) =

1
𝑛

∙ 𝑋 𝑇 𝑋. Σ is a real symmetric matrix. Thus it can be diagonalized by an orthogonal

matrix. We denote Γ the diagonalizing orthonormal basis (each vector is defined up to its sign). The
vectors of Γ are defined so that the eigenvalues of Δ, the corresponding diagonal matrix, are sorted in an
decreasing order. The columns of Γ are the principal components. Indeed they are perpendicular and
such that 𝐶𝑜𝑣(𝑋 ∙ Γ) = (XΓ )𝑇 ∙ (XΓ) = Γ 𝑇 𝑋 𝑇 XΓ = Δ is a diagonal matrix (uncorrelated new features). If
𝜆

𝑖
we denote 𝜆𝑖 the eigenvalues of Σ, we can say that the ith PC explained 𝑇𝑟(Σ)∙100
% of the data variation.

This quantity is helpful when PCA is used for dimension reduction to choose the number of PCs to be
kept.
1.2.2 Linear regressions
A linear regression is a model in which one tries to explain a scalar dependent random variable 𝑌 as a
function of others variables 𝑋1 , 𝑋2 … 𝑋𝑝 called predictors or covariates. The specificity of linear
regression is that relationship is supposed to be linear. Formally this can be written as:
𝑝

𝑦 = ∑ 𝑥𝑗 𝛽𝑗 + 𝑒

(1.1)

𝑗=1

Where 𝑒 is a random variable characterizing the error of the model (also called the residual). Given a set
of observations of 𝑌 and 𝑋1 , … , 𝑋𝑝 the coefficients 𝛽𝑖 are chosen so as to minimize some objective
function 𝑓(𝛽1 , … , 𝛽𝑛 , 𝑋, 𝑌). The objective function depends on the kind of linear regression we want to
perform.
In the following sections, we will write




𝑛 the number of observations we have at our disposal and 𝑝 the number of features.
𝑦 the vector of size 𝑛 containing the observation of 𝑌.
𝑋 the matrix of size 𝑛 × 𝑝 containing the observations of the predictors 𝑋1 , 𝑋2 … 𝑋𝑝 .




𝑒 the vector of size 𝑛 containing the residuals of the regression.
𝛽 = (𝛽1 , 𝛽2 , … , 𝛽𝑝 ), the vector of the regression coefficients.
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𝛽̂ = argmin𝛽 𝑓(𝛽, 𝑋, 𝑌), the estimate of the regression coefficients with 𝑓 the objective
function.
𝑦̂ = 𝑋 ∙ 𝛽̂ the a vector of size 𝑛 containing the predictions made on 𝑦
‖. ‖ will designate the 𝐿2 norm and ‖. ‖1 the 𝐿1 norm.

1.2.2.1 Ordinary least square linear regression (OLS)
The ordinary least square linear regression is the most basic kind of linear regression. In this linear model
the objective function to be minimized is the sum of squared error:
𝑓𝑂𝐿𝑆 (𝛽) = ‖𝑦 − 𝑋𝛽‖2 = ‖𝑦 − 𝑦̂‖2 = ‖𝑒‖2
In fact, here, the definition of 𝑓(𝛽̂ ) exactly coincide with the definition of the distance between 𝑦 and
the vector subspace of ℝ𝑛 generated by the columns of 𝑋. The problem is reduced to a problem of
orthogonal projection and we must have:
𝑡
(𝑋𝛽̂ ) (𝑌 − 𝑋𝛽̂ ) = 0.

Which leads to the closed-form solution of the problem :
𝛽̂ = (𝑋 𝑡 𝑋)−1 𝑋 𝑡 𝑌.
A lot more can be said about least square linear regression than just the way 𝛽̂ is computed. In
particular, under the assumption that the residuals 𝑒𝑖 are i.i.d we can show that 𝛽̂ is the least biased
estimator of 𝛽. If we also make the hypothesis that the residuals follow a Gaussian law of mean zero and
standard deviation 𝜎 we get a lot of nice properties to evaluate the quality of the estimator 𝛽̂. We refer
to the book of Peter Kennedy [4] to get full details on properties of ordinary least square (OLS)
regression.
In our work, we faced two situations for which a simple least square linear regression fail giving a
satisfying estimator of 𝛽. The first situation is when we are in a framework of high dimensional
regression, i.e. when 𝑝 > 𝑛. In this case, an OLS model is very prone to over-fitting. The other situation is
when the predictors suffer from multicollinearity (i.e. when one of the covariate can be express with a
good precision as a linear combination of the others). In case of perfect multicollinearity it is clear that
the least square regression doesn’t have a unique solution which illustrate that multicollinearity is a
problem if we want to get a reliable estimator for 𝛽.
1.2.2.2 Penalized models
The quality of a model can be assessed by the expected value of the mean squared error. If we assume
that the residuals of a model have mean zero and a constant variance 𝜎 2 , the expected MSE can be
written as the sum of the squared bias, the variance of the learning method and the irreducible error
𝜎 2:
𝔼[𝑀𝑆𝐸(𝑥, 𝑦, 𝛽̂ )] = 𝔼[(𝑦 − 𝑦̂)²] = (𝔼[𝑦̂] − 𝑦)2 + 𝔼[(𝑦̂ − 𝔼[𝑦̂])²] + 𝜎 2 = 𝑏𝑖𝑎𝑠(𝑦̂)2 + 𝑣𝑎𝑟(𝑦̂) + 𝜎²
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The MSE is what has to be optimized when a predictive model is trained. The bias/variance
decomposition of the MSE shows that when training a model one has to find the good trade-off between
a complex model with low bias but high variance taking the risk of over-fitting and a simple model with
low variance but high bias taking the risk of poorly modeling the data structure. Of all the possible linear
models, the OLS is the best unbiased estimator of 𝛽. Therefore OLS estimator might not be good for
generalization. In particular in the two cases described above of regressions in high dimension and
multicollinearity of the covariates, OLS is not adapted. One has to add bias in the modelling so as to
reduce the variance of the model and avoid over-fitting. One of the methods used to create bias is to add
a penalty term to the sum of squared error (SSE), ‖𝑒‖².
Ridge regression
One may penalize inflation of the regression coefficients by using the following objective function:
𝑓𝑅𝑖𝑑𝑔𝑒 (𝛽) = ‖𝑒‖2 + 𝜆‖𝛽‖2
This regression, called ridge regression shrinks the coefficients toward zero as the penalty 𝜆 increases.
The value of the penalty is usually chosen by cross-validation.
Lasso regression
An alternative to ridge regression is the lasso (least absolute shrinkage and selection operator)
regression. This model uses 𝐿1 norm instead of 𝐿2 norm:
𝑓𝑙𝑎𝑠𝑠𝑜 (𝛽) = ‖𝑒‖2 + 𝜆‖𝛽‖1 .
The advantage of lasso regression is that it leads to a sparse model, i.e. some of the coefficient will be set
to zero. The drawback of lasso regression is that it uses 𝐿1 norm which is not differentiable so that the
optimization problem is more difficult to solve. Lasso regression is very convenient in case of high
dimensional regression because with a well-chosen penalty it will select the few covariates actually
relevant for the regression.
Ridge and lasso regression formulation with a penalized objective function can be equivalently re-written
as problems of constrained optimization:
Ridge:

𝛽̂ = argmin‖𝑦 − 𝑋𝛽‖2
𝛽

With ‖𝛽‖2 < 𝑐

and

Lasso:

𝛽̂ = argmin‖𝑦 − 𝑋𝛽‖2
𝛽

With ‖𝛽‖1 < 𝑐

Where the mapping (it is a bijection) between 𝑐 and 𝜆 depends on the data.
Figure 1-5 shows a graphical representation of the two optimization constraints in a two-feature setting.
The blue circle is the 𝐿2 constraint and the red square is the 𝐿1 constraint. The black lines are the level
sets of the objective function. We see that the optimal point with lasso constraint will tend to be on a
corner of the square which gives a graphical intuition of why lasso regression leads to sparsity.
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Figure 1-5 Graphical comparison of ridge and lasso constraints. [5]

Elastic net regression
Finally, one can combine the two types of penalizations. This is what is done in the elastic net regression
for which the objective function is:
𝑓𝐸𝑙𝑁𝑒𝑡 (𝛽) = ‖𝑒‖2 + 𝜆1 ‖𝛽‖2 + 𝜆2 ‖𝛽‖1
This model enables at the same time feature selection thanks to the 𝐿1 penalty and coefficient
regularization thanks to the 𝐿2 penalty.
An example of application and comparison of these three regressions can be found in [5]. One can
generalize the models presented above by using more complex penalty factors (with a matrix penalty
factor and not a scalar value in Tikhonov regression for example). One can also imagine using other
norms than the two presented above for regularization.
1.2.2.3 Regressions with dimension reduction
Another possible solution to improve OLS in case of mutli-collinearity or in case of high dimension
regression is to modify the covariate matrix 𝑋 prior to the regression.
Principal Component Regression (PCR)
The principal component regression consists in running an OLS regression not directly on the explanatory
variables matrix but on a chosen number 𝑝′ ≤ 𝑝 of PCs. This way, we take advantage of the fact that PCs
are constructed to be uncorrelated which solves the problem of multicollinearity of the covariates.
Partial Least Squares regression (PLS)
One problem with principal component regression is that some PCs can be very relevant to explain
variance of 𝑋 but not at all to explain the variations of 𝑦. This is a result of the fact that PCA is an
unsupervised method for dimension reduction, i.e. PCs are determined without using 𝑦. Partial least
squares regression is also a method in which the initial data are projected onto a new sub-space before
the regression. However in this case, the directions of projection are chosen so as to strike a compromise
between variance summary of the covariates and score correlation with the variable to predict.
14

The general idea of PLS is to extract a fixed number 𝑙 of latent factors 𝑡𝑘 accounting for as much of the
data variations as possible while keeping enough correlation with the response 𝑌. The latent factors 𝑡𝑘
are mutually uncorrelated. We will describe here the original algorithm develop by Herman Wold: the
nonlinear iterative partial least squares (NIPALS). This algorithm is memory greedy and may be replaced
by more efficient ones [7] but is easy to understand. We will restrict ourselves to the univariate case
when the response in one dimensional (PLS1).
Algorithm 1.1: PLS1
Function PLS1(𝑋, 𝑦, 𝑙):
𝑋0 ← 𝑋
𝑦0 ← 𝑦
for 𝑘 = 1, … , 𝑙:
𝑇
𝑇
𝑤𝑘 ← 𝑋𝑘−1
𝑦𝑘−1 /‖𝑋𝑘−1
𝑦𝑘−1 ‖, the weight characterizes correlation between 𝑋 and 𝑦.
𝑡𝑘 ← 𝑋𝑘−1 𝑤𝑘 , the score, orthogonal projection of the rows of 𝑋 onto 𝑤𝑘 .
𝑇
𝑝𝑘 ← 𝑋𝑘−1
𝑡𝑘 /‖𝑡𝑘 ‖, the loading, measures the correlation between the score and the
original data.

𝑋𝑘 ← 𝑋𝑘−1 − 𝑡𝑘 𝑝𝑘𝑇 , deflate the predictor.
𝑇
𝑞𝑘 ← 𝑦𝑘−1
𝑡𝑘 /‖𝑡𝑘 ‖

𝑢𝑘 ← 𝑦𝑘−1 /𝑞𝑘
𝑦𝑘 ← 𝑦𝑘−1 − 𝑞𝑘 𝑡𝑘 , deflate the response.
End for

The different elements computed during the algorithm are gathered into two matrices of scores, 𝑇 and
𝑈, of dimensions 𝑛 × 𝑙, a loading matrices 𝑃 of dimension 𝑝 × 𝑙, a loading vector 𝑞 of dimensions 𝑙 and a
weights’ matrix 𝑊 of dimension 𝑝 × 𝑙. These matrices are such that such that [6]:
𝑋 = 𝑇𝑃𝑇 + 𝐸
𝑦 = 𝑈𝑞 + 𝑓
Where 𝐸 and 𝑓 are two error terms. Moreover, we have:
𝑦 = 𝑇𝑞 𝑇 + 𝐺 = 𝑋𝑊𝑞 𝑇 + 𝐺
So that for the PLS if we go back to the linear model (Equation 1.1), we have 𝛽̂𝑃𝐿𝑆 = 𝑊𝑞
1.2.3 Linear classifications
The problem of linear classification is to find a model to predict the class 𝑦 of a given input feature vector
𝑥⃗. The problem is to find a threshold function 𝑓 and a set of weights 𝑤𝑖 so that:
𝑝

𝑦 = 𝑓(𝑤
⃗⃗⃗ ∙ 𝑥⃗) = 𝑓 (∑ 𝑤𝑖 𝑥𝑖 )
𝑖=1

1.2.3.1 Logistic regression
Logistic regression is a model for binomial regression. The goal is to model the influence of the feature
random vector 𝑥 on the binomial response random variable 𝑦. The fundamental hypothesis of logistic
regression is that:
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𝑝

𝑃(1|𝑋 = 𝑥)
1
ln (
) = 𝑤0 + ∑ 𝑤𝑖 𝑥𝑖 = 𝑤0 + 𝑥 𝑇 ∙ 𝑤 ⟺ 𝑃(1|𝑋) =
𝑇
−𝑤
1 − 𝑃(1|𝑋 = 𝑥)
1 + 𝑒 0 −𝑥 ∙𝑤
𝑖=1
𝑃(1|𝑋=𝑥)

p(x, w) = ln (1−𝑃(1|𝑋=𝑥)) is called the LOGIT of the posterior probability that 𝑋 belongs to class 1,
𝑃(1|𝑋 = 𝑥).
The coefficient 𝑤𝑖 of the model will be estimated using maximum likelihood estimators. If we have a
sample with independent feature vectors 𝑥𝑗 of class 𝑦𝑗 , the log likelihood of the sample is:
𝑛

ℒ(𝑤) = ∑ ln(𝑃(1|𝑋 = 𝑥𝑘 )𝑦𝑘 × [1 − 𝑃(1|𝑋 = 𝑥𝑘 )]1−𝑦𝑘 )
𝑘=1
𝑛
𝑇

ℒ(𝑤) = ∑ − ln (1 + 𝑒 𝑤0 +𝑥𝑘 ∙𝑤 ) + 𝑦𝑘 (𝑤0 + 𝑥𝑘𝑇 ∙ 𝑤)
𝑘=1

There is no closed form solution for the problem to find the argument of the maximum of the objective
function ℒ(𝑤). The most commonly used optimization method to solve the problem of logistic
regression is Newton-Raphson method. In this method approximates, 𝑤
̂ (𝑡) , of 𝑤
̂ are iteratively
computed using the following formula:
−1

𝑤
̂ (𝑡+1) = 𝑤
̂ (𝑡) − 𝐻(ℒ)(𝑤
̂ (𝑡) )

∙ ⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗
𝑔𝑟𝑎𝑑 ℒ (𝑤
̂ (𝑡) )

Where 𝐻(ℒ) is the Hessian of ℒ. This equation can be re-written in a more convenient form:
If the number of covariate is high or if the covariates are collinear, logistic regression model can be refine
using penalized methods similar to the one described in section 1.2.2.2. Exactly the same way as before,
we regularize the model by adding some constraints on 𝑤’s 𝐿1 - or 𝐿2 -norm to the objective function
ℒ(𝑤). Details about these technics can be found in [7] and [9].
1.2.3.2 Linear discriminant analysis (LDA)
In linear discriminant analysis, we use Bayes’ rule to compute the posterior probability of a point to
belong to class 𝐶𝑙 knowing its feature vector:
𝑃(𝑌 = 𝐶𝑙 |𝑋)~𝑃(𝑌 = 𝐶𝑙 )𝑃(𝑋|𝑌 = 𝐶𝑙 )
We make to hypothesis that the distribution of (𝑋|𝑌 = 𝐶𝑙 ) is a normal with mean 𝜇𝑙 and covariance Σ.
The covariance matrix is supposed to be the same in each class (homoscedasticity) but the means have
to be different. Under these assumption, we have
1
ℒ(𝑌 = 𝐶𝑙 |𝑋 = 𝑥) = log(𝑃(𝑌 = 𝐶𝑙 )) − (𝑥 − 𝜇𝑙 )𝑇 Σ−1 (𝑥 − 𝜇𝑙 ) + 𝐾
2
Where ℒ is a notation for the log likelihood and 𝐾 is a constant.
For each class, we define the linear discriminant function of group 𝑙:
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𝑃𝑙 (𝑥) = 𝑥 𝑇 Σ𝜇𝑙 − 0.5𝜇𝑙𝑇 Σ𝜇𝑙 + log(𝑃(𝑌 = 𝐶𝑙 )) = 𝑤𝑙𝑇 𝑥 + 𝑘𝑙
The feature vector 𝑥 is classified in the class 𝑙 where the value 𝑃𝑙 (𝑥) is maximal. In practice, we take the
empirical prior probabilities, the empirical mean and the empirical covariance matrix to construct the
linear discriminant functions.
In the two-group classification setting, linear discriminant analysis can also be viewed in a more general
way as the solution to the problem of finding a linear combination of the covariates which maximize
between-group variance relatively to within group variance. A proof of this and example of LDA
applications can be found in [5].
1.2.4

Gaussian mixture model

1.2.4.1 Gaussian Mixture Model (GMM)
A Gaussian Mixture is a parametric probability density function represented as a weighted sum of
Gaussian densities:
𝑀

𝑝(𝑥|𝜃) = ∑ 𝜔𝑖 ∙ 𝑔(𝑥|𝜇𝑖 , Σ𝑖 )
𝑖=1

Where:






𝑥 is a D-dimensional vector
𝜔𝑖 > 0 are the mixture weights. The weights satisfy the equation ∑𝑀
𝑖=1 𝜔𝑖 = 1.
𝑔(𝑥|𝜇𝑖 , Σ𝑖 ) is the D-variate Gaussian density of mean 𝜇𝑖 and covariance matrix Σ𝑖 . The
covariance matrices Σ𝑖 can be full-rank or constrained to be sparse or diagonal. One can also
chose other constraints on the covariance matrix. For example one can choose that all Gaussian
density share the same covariance matrix.
Θ = {𝜔𝑖 , 𝜇𝑖 , Σ𝑖 }, 𝑖 = 1, … , 𝑀 is the set of parameters of the Gaussian mixture.

Gaussian Mixture Models (GMM) are widely used as parametric models to estimate the probability
distribution of continuous random variables. The model configuration, i.e. the number of Gaussians 𝑀
and the constraints on the covariance matrices are chosen depending among others on the amount of
data available to learn the model.
To estimate the best Gaussian mixture parameters, Θ, fitting a given empirical distribution, the most
popular method is the maximum likelihood estimation [8]. Maximum likelihood estimate cannot be
computed analytically, one uses instead an Expectation Maximization algorithm to approximate it.
1.2.4.2 Expectation Maximization (EM) applied to GMM
In this part, we will show how EM algorithm works to estimate the parameters of a Gaussian mixture. EM
algorithm is a monotone optimization algorithm in which we take an initial model with parameters Θ(𝑡) ,
and estimate a new set of parameter Θ(𝑡+1) so that:
ℒ(𝑋|Θ(𝑡+1) ) > ℒ(𝑋|Θ(𝑡) )
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Where ℒ(𝑋|Θ) = ∏𝑁
𝑛=1 𝑝(𝑥𝑛 |Θ) is the likelihood of the all set of training vectors 𝑋 = {𝑥1 , … , 𝑥𝑁 }.
Each update step of the algorithm is composed of two sub-steps:
-

The E-step in which we compute the posterior probability that the training vector 𝑥𝑖 was
generated by the component 𝑘 of the model given the current set of parameters Θ(𝑡) .
(𝑡)

(𝑡)
𝛾𝑖𝑘

=

(𝑡)

(𝑡)

𝜔𝑘 𝑔 (𝑥𝑖 |𝜇𝑘 , Σ𝑘 )
(𝑡)
(𝑡) (𝑡)
∑𝑀
𝑗 𝜔𝑗 𝑔 (𝑥𝑖 |𝜇𝑗 , Σ𝑗 )

(𝑡)
(𝑡)
We note 𝑁𝑘 = ∑𝑁
𝑖=1 𝛾𝑖𝑘 , the effective number of data points assigned to component 𝑘.

-

The M-step where we update the parameters by computing the maximum likelihood of the
parameters given out data’s membership distribution :
(𝑡+1)
𝜇𝑘

(𝑡+1)
Σ𝑘

=

1
(𝑡)
𝑁𝑘

=

𝑁

𝑁

1

(𝑡) (𝑡)
∑ 𝛾𝑖𝑘 𝜇𝑘
(𝑡)
𝑁𝑘 𝑖=1
(𝑡)

(𝑡)

(𝑡) 𝑇

∙ ∑ 𝛾𝑖𝑘 (𝑥𝑖 − 𝜇𝑘 ) (𝑥𝑖 − 𝜇𝑘 )
𝑖=1
(𝑡+1)

𝜔𝑘

=

𝑁𝑘
𝑁

To read more about Gaussian Mixtures models and their well-known applications, one can refer to [9].
Gaussian mixture models are just one example of application for the EM algorithm which is much more
general than what was presented here. One can read more about EM algorithm in [9]. In particular, a
proof of the EM algorithm convergence in a very general case can be found in [10].
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2 Liquid composition study
2.1 Introduction
Hot liquids containing iron and/or other chemical species are numerous during the up-stream process of
steel making and in particular at the blast furnace level. Knowing the composition of such liquids can be
of strong help to master the steel production process. ArcelorMittal is investigating the possibility of
using spectral devices to measure online the quantity of two specific species 𝐴𝑥 and 𝐵𝑥 in those hot
liquids.
The considered liquid is at a very high temperature (more than 1200°C) and thus emits a lot of light by
itself due to Planck’s law. Two trials were conducted their measure emission spectra with two devices:


A first spectrometer, SPEC1 with spectral range 𝜆𝑠𝑡𝑎𝑟𝑡1 - 𝜆𝑠𝑡𝑜𝑝1 .



A second spectrometer, SPEC2, with spectral range 𝜆𝑠𝑡𝑎𝑟𝑡2 - 𝜆𝑠𝑡𝑜𝑝2 .

These two devices were used in two different trials:
 One laboratory trial where different liquid composition were artificially created.
 One online trial during which the two devices were placed in front of real industrial
liquid flows.
One of the difficulties faced during the study of these data is that temperature of the liquid varies a lot.
Thus the main spectral variations observed are due to changes of temperature and not changes of
composition. The goal of my study on these data was to find a satisfying model to get rid of the
temperature information contained in the spectrum and keep only information related to chemical
composition contained in what we called an eigen-spectrum. From the eigen-spectrum we investigated
the possibility to trace back 𝐴𝑥 and 𝐵𝑥 composition in laboratory as well as in industrial conditions.
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Figure 2-1 Laboratory trials

Figure 2-2 Liquid outflow during industrial trials. Arrows
indicate the zone aimed at by the two spectrometers.

2.2 Experimental trials
2.2.1 Experimental design
The goal of this experiment was to study the emission spectra of liquids with different compositions. To
do this, the considered liquid system was put in a furnace kept at a high temperature between 1480 and
1740 °C (see Figure 2-1). Then, 𝐴𝑥 and 𝐵𝑥 were successively added into the furnace. The way elements
were added into the furnace is summed up in Table 2-1. The trial is divided in two main experiments. In
the first experiment (green) we successively add 𝐴𝑥 into the reactor. In the second experiment (yellow),
we start with a similar initial composition and add 30g of 𝐵𝑥 .

Table 2-1 Experimental protocol

Two different ranges of wavelength were recorded with the two spectrometers SPEC1 and SPEC2
2.2.2

Spectrometer SPEC1

2.2.2.1 Pre-processing
 Principles of dark and sensitivity correction
Signals recorded by a spectrometer classically have to be corrected to get the useful signal using the
following formula:
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𝑈𝑠𝑒𝑓𝑢𝑙 𝑠𝑖𝑔𝑛𝑎𝑙( 𝜆, 𝑡) =

𝑅𝑎𝑤 𝑠𝑖𝑔𝑛𝑎𝑙( 𝜆, 𝑡) − 𝐷𝑎𝑟𝑘(𝜆, 𝑡)
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦(𝜆)

𝐷𝑎𝑟𝑘( 𝜆, 𝑡) is a noise whose level mainly depends on the sensor temperature. If the spectrometer
temperature is stable and if the recording time is short, it can be considered almost as a constant of the
time: 𝐷𝑎𝑟𝑘(𝜆, 𝑡) = 𝐷0 (𝜆) + 𝜖(𝜆, 𝑡). Where 𝜖(𝜆, 𝑡) is a noise of expected value 0 and of low variance.
The characteristics of 𝜖(𝜆, 𝑡) of one spectrometer will be studied in further detailed in section 3.3.2.1. In
the case of a short time recording, the dark is evaluated at the beginning of the acquisition by putting a
mask in front of the sensor and measuring the received signal.
If the recording is longer or if the temperature of the spectrometer changes during acquisition, we can
write: 𝐷𝑎𝑟𝑘(𝜆, 𝑥, 𝑡) = 𝐷0 (𝜆) + 𝐷1 ( 𝑡) + 𝜖(𝜆, 𝑡). To estimate 𝐷1 (𝑡), we use what is called a blind
wavelength. A blind wavelength is a wavelength which is supposed not to receive any light during the
acquisition (because of the mechanical and optical design of the spectrometer) and thus can be used as a
reference to estimate the dark level:
𝐷1 (𝑡) = 𝑅𝑎𝑤 𝑠𝑖𝑔𝑛𝑎𝑙(𝑏𝑙𝑖𝑛𝑑 𝑤𝑎𝑣𝑒𝑙𝑒𝑛𝑔𝑡ℎ, 𝑡) − 𝐷0 (𝑏𝑙𝑖𝑛𝑑 𝑤𝑎𝑣𝑒𝑙𝑒𝑛𝑔𝑡ℎ)
Sensitivity is a quantity qualifying the transfer function of the spectrometer at each wavelength. To
estimate the sensitivity of the spectrometer, one can take pictures of a black body whose emission
spectrum is known to follow Planck’s law. Then the following equation gives the sensitivity curves.
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦(𝜆) =

𝑅𝑎𝑤 𝑠𝑖𝑔𝑛𝑎𝑙 𝑏𝑙𝑎𝑐𝑘 𝑏𝑜𝑑𝑦(𝜆, 𝑇𝑏𝑜𝑑𝑦 ) − 𝐷𝑎𝑟𝑘(𝜆, 𝑇𝑏𝑜𝑑𝑦 )
𝑃𝑙𝑎𝑛𝑐𝑘(𝜆, 𝑇𝑏𝑜𝑑𝑦 )

Evaluating the sensitivity of a spectrometer requires a specific experiment which takes time. In some
cases the “absolute” shape of the spectrum is not really important. We are mostly interested in changes
of shape as a function of the time. In these cases, a good way around the problem of sensitivity
correction is to look at a relative signal:
𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑠𝑖𝑔𝑛𝑎𝑙(𝜆, 𝑡) =

𝑅𝑎𝑤 𝑠𝑖𝑔𝑛𝑎𝑙(𝜆, 𝑡) − 𝐷𝑎𝑟𝑘(𝜆)
𝑊ℎ𝑖𝑡𝑒(𝜆)

Where 𝑊ℎ𝑖𝑡𝑒(𝜆) is a dark corrected reference signal. The spectra obtained after white correction are
called reflectance spectra.
 Dark and sensitivity correction applied to the data set
For this data set, we do not have at our disposal an evaluation of the dark done right before recording
(𝐷0 (𝜆)) by putting a mask in front of the spectrometer lens. Thus, to estimate the dark here, we used a
blind wavelength. Here we used the highest wavelengths 𝜆 = 𝜆𝐵𝑃 = 𝜆𝑠𝑡𝑎𝑟𝑡1 as blind wavelength.
𝑈𝑠𝑒𝑓𝑢𝑙 𝑠𝑖𝑔𝑛𝑎𝑙(𝑡, 𝜆) =

𝑅𝑎𝑤 𝑠𝑖𝑔𝑛𝑎𝑙(𝑡, 𝜆) − 𝑅𝑎𝑤 𝑠𝑖𝑔𝑛𝑎𝑙(𝑡, 𝜆 = 𝜆𝐵𝑃 )
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦(𝜆)

To estimate the sensitivity or transfer function of the spectrometer, we recorded the emission spectrum
of a black body at 𝑇 = 250, 300, 350, 400 and 450°𝐶. A sensitivity curve was computed for each
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temperature. The final sensitivity curve was taken as the mean of the sensitivities. Moreover, the
sensitivity curves were smoothed along the wavelength direction (with a moving average window of size
5).

Figure 2-3 Sensitivity curves. Each curve corresponds to a temperature 𝑻 and a time t in the experiment. The final sensitivity
curve is the mean of all these.

2.2.2.2 Model for temperature correction
Once the data have been pre-processed, one can work with the useful signal. One of the problems we
face to be able to compare the different spectra is that the furnace temperature heavily changes along
the experiment. For each step of the experiment, we have one temperature estimate, 𝑇𝑒𝑠𝑡 . We used this
temperature estimate to remove the information related to temperature and Planck’s law from the
measured spectra. To do this, we tried several models. Among those, the one we kept is a multiplicative
model where the measured spectrum is written as the product of Planck’s law and another spectrum
that we called eigen-spectrum. If we denote 𝑃𝑙(𝜆, 𝑇) the Planck’s law at wavelength 𝜆 and temperature
𝑇, the model is the following :
𝑈𝑠𝑒𝑓𝑢𝑙 𝑠𝑖𝑔𝑛𝑎𝑙(𝑡, 𝜆)
𝐸𝑖𝑔𝑒𝑛 𝑠𝑝𝑒𝑐𝑡𝑟𝑢𝑚(𝑡, 𝜆) =
𝑃𝑙(𝜆, 𝑇𝑒𝑠𝑡 )
In this simple model, the eigen-spectrum is in fact the same thing as the emissivity (see section 1.1.2.1).
Finally, for each step of the experiment, the mean eigen-spectrum was then taken along the time.
2.2.2.3 Results
If one only looks at the shape of the eigen-spectrum and ignores its general level, it is particularly
interesting to look at the results of the experiment (step0) with added 𝐴𝑥 (red, dark blue, green and
yellow on Figure 2-4). We see a change of the slope between 𝜆𝐴𝑥 −0 and 𝜆𝐴𝑥 −1 , with an increasing slope
when the liquid becomes richer in 𝐴𝑥 . This change of slope appears more clearly if we look at relative
eigen-spectra on Figure 2-5. The behavior observed is coherent with what is expected by chemistry
because we know that 𝐴𝑥 has an emission peak around these wavelengths.
About the part of the experiment with added 𝐵𝑥 (cyan and black on the pictures), it is hard to say
anything since there is only one step in the experiment.
Changes in the general level of the emissivity can be due to the presence of something between the
sensor and the reactor absorbing light and varying a lot along the experiment: typically smoke.
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Figure 2-4 Eigen spectra of the liquid systems.

Figure 2-5 Relative eigen-spectra of the liquids.
Raw 1 as benchmark.

2.2.3 Spectrometer SPEC2
No dark correction has to be done with this spectrometer which is a more stable device than the other
one with a very low dark. The mean spectra recorded by the spectrometer at each step of the
experiment can be seen on Figure 2-6. We don’t have at our disposal the sensitivity’s curve of SPEC2 so
that we use white correction (see section 2.2.2.1) to free ourselves from sensitivity estimation. We will
look at relative spectra. The benchmarks used will be the spectra gathered at the very beginning of each
experiment (beginning of step1-0 and step2-0). In the range 𝜆𝑠𝑡𝑎𝑟𝑡2 - 𝜆𝑠𝑡𝑜𝑝2 the signal measured is
disrupted a lot because elements in the atmosphere have absorption peaks in this range. Absorption
peaks of air molecules are indicated by arrows on Figure 2-6.
Looking at the relative spectra on Figure 2-7 and Figure 2-8, we can observe changes of slopes when
liquid composition changes. The peak around 𝜆𝐶𝑂2 at the CO2 absorption wavelength isn’t to be taken
into account because it can be due to changes in the atmospheric composition we are not interested in.
Changes of slopes observed while adding 𝐴𝑥 in the reactor are most probably due to a change of
temperature. This can be said because of the shape of the slope and because 𝐴𝑥 doesn’t have emission’s
peak around these wavelengths. We will present in section 2.3.3.2 a method to estimate and correct
temperature from spectra measure with the spectrometer SPEC2. This work will show that changes of
slope observed are indeed related to temperature changes. On the contrary, the change of slope
observed when adding 𝐵𝑥 cannot be due to temperature changes (curves are crossing each other) which
makes this observation particularly interesting. This change of slope also makes sense physically because
𝐵𝑥 has molecular vibrations around these wavelengths.
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Figure 2-6 Mean spectra recorded by the spectrometer SPEC2. Arrows indicate the absorptions wavelengths of atmosphere
components.

Figure 2-7 Relative spectra, for experiment with added 𝑩𝒙

Figure 2-8 Relative spectra for experiment with added 𝑨𝒙 .

These observations made in laboratory conditions, can now be compared to spectra of industrial liquids.

2.3 Industrial trials
2.3.1 Data set
The spectrometer SPEC1 and SPEC2 were placed in front of liquid outflows in industrial conditions (see
Figure 2-2). 27 samples of liquid outflows were studied. For each outflow, we have:



One spectral recording made with the spectrometer SPEC1. The recordings last from 13seconds
to 6 minutes depending on the outflow and the sampling frequency is 60Hz.
Several spectra (from 8 to 40) measured with the spectrometer SPEC2 (without a fixed sampling
frequency).
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2.3.2

One composition analysis. With 𝐵𝑥 atomic composition going from 19 %0 to 28%0 and 𝐴𝑥
composition varying from 9 to 14%0.
One temperature estimate.
Spectrometer SPEC1

2.3.2.1 Preprocessing
 Points selection
The first thing to do with these data is to select points of the recorded signal that actually are spectra
emitted by very hot liquid similar to the systems studied in laboratory. As we can see on Figure 2-2 the
zone we aim at is very inhomogeneous and the environment changes a lot. The first step is then to select
points with enough energy. We also had to get rid of some outsiders by taking away points with spectra
which were too different from Planck’s law (we kept only roughly decreasing spectra). We also avoided
saturation problems by taking away points with measured intensity greater than a given threshold at low
wavelengths.
For statistical robustness of the study, we finally kept only outflow samples where we had selected more
than 200 points. Some of the recordings were too short to have more than 200 interesting points. So
that, out of the 27 outflow samples of the beginning, we kept 21 that we studied further.
 Dark and sensitivity correction
Now that the interesting points of the recording have been selected, we can do the usual processing of
the data to get the useful signal. Since we had the same spectrometer as the one used during the
laboratory trial, we used the same strategy to correct the dark and the sensitivity:
𝑈𝑠𝑒𝑓𝑢𝑙 𝑠𝑖𝑔𝑛𝑎𝑙(𝑡, 𝜆) =

𝑅𝑎𝑤 𝑠𝑖𝑔𝑛𝑎𝑙(𝑡, 𝜆) − 𝑅𝑎𝑤 𝑠𝑖𝑔𝑛𝑎𝑙(𝑡, 𝜆 = 𝜆𝐵𝑃 )
.
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦(𝜆)

Where the sensitivity curve is the same as the one used during laboratory trials.
2.3.2.2 Model for temperature de-correlation
In this study, we have only one estimate of the temperature for each recording. However, the
temperature heavily depends on the point we are looking at. Thus the model we used to get rid of the
temperature information with the laboratory data (section 2.2.2.2) is not good enough here. One has to
find a way to correct somehow the error that is made on temperature estimation. To do that is we used
the following model:
𝐸𝑖𝑔𝑒𝑛 𝑠𝑝𝑒𝑐𝑡𝑟𝑢𝑚(𝑡, 𝜆) =

𝑈𝑠𝑒𝑓𝑢𝑙 𝑠𝑖𝑔𝑛𝑎𝑙(𝑡, 𝜆)
𝑘(𝑡) ∙ 𝑃𝑙(𝜆, 𝑇𝑒𝑠𝑡 )

Where 𝑇𝑒𝑠𝑡 is the temperature estimate measured for each outflow by an external device. 𝑘(𝑡) is a
coefficient computed by fitting Planck’s law to the useful signal at time 𝑡. The method used to fit Planck’s
law is a least square linear regression (without the fit of an intercept):
𝑈𝑠𝑒𝑓𝑢𝑙 𝑠𝑖𝑔𝑛𝑎𝑙(𝑡, 𝜆) = 𝑘(𝑡) ∙ 𝑃𝑙(𝜆, 𝑇𝑒𝑠𝑡 ) + 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑠(𝑡, 𝜆)
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𝑘(𝑡) = 𝐴𝑟𝑔𝑚𝑖𝑛𝑎 {(∑ 𝑈𝑠𝑒𝑓𝑢𝑙 𝑠𝑖𝑔𝑛𝑎𝑙(𝑡, 𝜆) − 𝑎(𝑡) ∙ 𝑃𝑙(𝜆, 𝑇𝑒𝑠𝑡 )) }
𝜆

The idea of this correction is based on the observation that for very high temperatures and high
wavelengths, more precisely when 𝜆 × 𝑇 ≫

ℎ𝑐
𝑘𝐵

= 0.014 𝑚 ∙ 𝐾:

ℎ𝑐
exp (
)−1
𝑃𝑙(𝜆, 𝑇 + 𝜖)
𝑇+𝜖
𝑘𝐵 𝜆𝑇
=
≈
ℎ𝑐
𝑃𝑙(𝜆, 𝑇)
𝑇
exp (
)−1
𝑘𝐵 𝜆(𝑇 + 𝜖)
This equation is derived from the equation of Planck’s law describe in section 1.1.2.1 and from a Taylor
approximation of the exponential around zero.
2.3.2.3 Results
 Comparison with laboratory trials
On Figure 2-9 and Figure 2-11, the spectra presented are the mean eigen-spectra over all the points of a
given outflow recording. On Figure 2-10 and Figure 2-12 the treatment applied to the industrial data was
applied to the laboratory data presented in section 2.3.2.3 so that laboratory and online data can be
compared. The results are promising because the eigen-spectra obtained in industrial and in laboratory
condition are very much alike. We observe a peak at 𝜆 = 𝜆𝑃𝑒𝑎𝑘 and a bump between 𝜆 = 𝜆𝐵𝑢𝑚𝑝0 and
𝜆 = 𝜆𝐵𝑢𝑚𝑝1 in the laboratory data as well as in the industrial ones.
It is worth noticing that the dark blue, the yellow and the green curves on Figure 2-10 and Figure 2-12
correspond to laboratory composition in 𝐴𝑥 much higher than what we faced in reality during industrial
trials. 𝐵𝑥 composition in laboratory and online trials are on the contrary comparable.
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Figure 2-9 Mean eigen-spectra industrial data. From dark
blue to dark red, the composition in 𝑩𝒙 increases.

Figure 2-10 Mean eigen-spectra, laboratory data.

Figure 2-11 Relative eigen-spectra, industrial data.
Benchmark is the outflow with lowest composition in 𝑩𝒙 .

Figure 2-12 Relative eigen-spectra, laboratory data.
Benchmark is the sample with lowest composition in 𝑩𝒙 .

 Linear models for composition estimation
Previous graphs let us think that it might be possible to predict the liquid composition (in particular 𝐵𝑥
composition) from its eigen-spectra. In particular, we would like to try a linear prediction models.
We denote 𝑛 = 21 the number of liquid outflows studied and p = 38 the number of wavelength bands.
We are looking for a model of type:
𝐶 = 𝑆𝑝 ∙ 𝛽 + 𝐵 + 𝑢.
Where



𝐶 is a vector of size n containing the composition of the different outflows (in 𝐴𝑥 , 𝐵𝑥 or 𝐴𝑥 /𝐵𝑥
depending on what we are interested in).
𝑆𝑝 is a matrix of size 𝑛 × 𝑝 containing the eigen spectrum of each outflow.
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𝛽 is an vector of size 𝑝 we want to determine
𝐵 is the intercept i.e a vector of type 𝑏 × 𝟏𝑛 with b a scalar and 𝟏𝑛 a vector of size 𝑛.
𝑢 is a vector of residuals

In this problem, the large dimension of the spectra (38 wavelengths) combine with the small amount of
samples (21 samples) make prediction prone to over-fitting. A least square method to estimate
parameters of the linear model is not a good solution because 𝑝 > 𝑛. Thus we tried two other linear
models suited for regression in high dimensions setting:
-

The partial least square regression (PLS) (section 1.2.2.3).
A linear regression with a shrinkage term: Elastic Net. The parameters of this regression were
chosen by cross-validation (section 1.2.2.2).

Both methods gave the same kind of results. However, the results of the PLS regression were slightly
better and that is the results we chose to present here.

Figure 2-13 Projection axis: 𝜷.
Red: C is the 𝑨𝒙 composition.
Blue: C is the 𝑩𝒙 composition.
Green: C is the quotient of 𝑨𝒙 and 𝑩𝒙 composition

Figure 2-14 “Relative" prediction error as a function of the
value to predict.
The prediction error 𝒖 is divided by [𝒎𝒂𝒙(𝑪) − 𝒎𝒊𝒏(𝑪)].
Red: C is the 𝑨𝒙 composition.
Blue: C is the 𝑩𝒙 composition.
Green: C is the quotient of 𝑨𝒙 and 𝑩𝒙 composition

The results of Figure 2-14 are obtained by a leave-one-out cross-validation method. This means we used
n-1 observation points to train the model and made the prediction on the remaining point. We repeated
this operation for each point of the observation set.
The results of the regressions show that it is not possible to predict properly the composition ratio
𝐴𝑥 /𝐵𝑥 and the 𝐴𝑥 composition. However, the results for the 𝐵𝑥 composition prediction are not too bad
because except for one outsider, it seems that we can predict the composition at +/- 3 %0. Figure 2-15
illustrates this regression. To further validate the model it would be nice to be able to compare what is
seen online to what is seen in the better controlled environment of the laboratory (when the liquid
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composition for example is known with a better precision). However during laboratory trials only two
compositions of 𝐵𝑥 were compared which was not enough to characterize a signature for the 𝐵𝑥 in the
liquid systems we are interested in. Having some precise knowledge about 𝐵𝑥 signature will be useful to
integrate this information into the regression model. Finally, we would also need more industrial data to
completely validate the regression. A new wave of trials is planned to assess these needs.

Figure 2-15 𝑩𝒙 composition as a function of 𝑺𝒑 ∙ 𝜷. Blue line is 𝒚 = 𝒙 + 𝑩.

2.3.3

Spectrometer SPEC2

2.3.3.1 Initial data
As it was the case for laboratory data, it is hard to say anything about the spectra gathered online by the
spectrometer SPEC2. The signal is quite disturbed around absorption’s wavelengths of atmospheric
elements.
The first thing we can notice is that for most of the samples, inner sample variation of spectra is huge.
On Figure 2-16 and Figure 2-17 we can compare the inner sample variation for one sample to variation of
the mean spectra for each sample. This shows that comparing the mean spectrum over each sample
without any previous treatment is not relevant.
Most of the inner variation observed in each sample is most probably due to changes of the liquid
temperature. We have only one temperature’s estimate per sample, considering the observed spectra
we can say that this temperature estimation is not reliable. Thus we have to find a satisfying strategy to
estimate temperature and correct it.
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Figure 2-16 Mean initial spectra for each sample

Figure 2-17 All the initial spectra gathered for one sample
example.

2.3.3.2 Temperature and emissivity estimation
For temperature estimation we decided to use only wavelengths between 𝜆0 and 𝜆1 and between 𝜆2
and 𝜆3 . We suppose that these wavelengths are affected only by changes of temperature. Wavelengths
corresponding to absorption peaks of CO2 and H2O (see Figure 2-6Erreur ! Source du renvoi introuvable.)
are not taken into account because there can be changes in the air composition. Wavelengths higher
than 𝜆3 are not taken into account either since this is where laboratory trials showed that we could
expect to observe changes of slope with changes in 𝐵𝑥 composition (see section 2.2.3). Laboratory trials
had also showed changes of slope in wavelengths from 𝜆0 to 𝜆2 while adding 𝐴𝑥 to the liquid. However,
we interpreted it as changes due to temperature.
To estimate temperature we make the hypothesis that at the selected wavelength (𝜆0 -𝜆1 and 𝜆2 -𝜆3 ) the
spectrum emitted at a given time 𝑡, 𝑂𝑏𝑠(𝜆, 𝑡) follows the following model:
𝑂𝑏𝑠(𝜆, 𝑡) = 𝑘(𝜆) ∙ 𝜖(𝑡) ∙ 𝑃𝑙(𝜆, 𝑇(𝑡))

(2.1)

Where





𝑘(𝜆)is the transfer function of the system. It is the combination of the spectrometer sensitivity
and the air transmissivity. 𝑘(𝜆) is such that if the observed object was a black body at
temperature 𝑇 we would have 𝑂𝑏𝑠(𝜆) = 𝑘(𝜆) ∙ 𝑃𝑙(𝜆, 𝑇). In theory, this transfer function is not
constant with time since air composition can change, however on the selected wavelength
(outside absorption peaks of CO2 and H2O), we suppose that changes in air composition don’t
affect 𝑘 too much.
𝜖(𝑡) is the global emissivity the liquid independent of the wavelength.
𝑃𝑙(𝜆, 𝑇(𝑡)) is Planck’s law as usual.

To estimate at the same time 𝑇 and 𝜖, we choose among the samples with small variations of spectra a
reference sample for which the temperature estimate, 𝑇𝑟𝑒𝑓 , given by the external device is supposed to
be reliable. The mean spectrum of this sample will be used as a reference spectrum, 𝑅𝑒𝑓(𝜆).
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We note 𝑔(𝜆, 𝑇) = log(𝑃𝑙(𝜆, 𝑇)). By a first order Taylor expansion, for a small Δ𝑇, we have:
𝑔(𝜆, 𝑇 + Δ𝑇) − 𝑔(𝜆, 𝑇) = Δ𝑇 ∙

𝜕𝑔
(𝜆, 𝑇) + 𝑜(𝑇)
𝜕𝑇

Then, using equation (2.1), note that
log (

𝑂𝑏𝑠(𝜆, 𝑇)
𝑅𝑒𝑓(𝜆, 𝑇𝑟𝑒𝑓 )

) = log (𝐴 ∙

𝑃𝑙(𝜆, 𝑇𝑟𝑒𝑓 + Δ𝑇)
) = 𝑔(𝜆, 𝑇 + Δ𝑇) − 𝑔(𝜆, 𝑇) + log(𝐴)
𝑃𝑙(𝜆, 𝑇𝑟𝑒𝑓 )

Where 𝐴 = 𝜖/𝜖𝑟𝑒𝑓 is the relative global emissivity.
Thus using Taylor approximation, we have:
log (

𝑂𝑏𝑠(𝜆, 𝑇𝑟𝑒𝑓 + Δ𝑇)
𝜕𝑔
(𝜆, 𝑇) + log(𝐴)
) ≈ Δ𝑇 ∙
𝜕𝑇
𝑅𝑒𝑓(𝜆, 𝑇𝑟𝑒𝑓 )

This equation holds for every 𝜆 for which equation (2.1) holds, i.e. for 220 wavelengths.
With a least square linear regression, we can now estimate Δ𝑇 and log(𝐴).
Figure 2-18 shows the quality of Taylor’s approximation for 𝑇𝑟𝑒𝑓 = 1480°𝐶 and Δ𝑇 ∈ [−100, +110].
𝜕𝑔

Red lines are 𝑔(𝜆, 𝑇 + Δ𝑇) − 𝑔(𝜆, 𝑇) and blue stippled lines are Taylor approximations Δ𝑇 ∙ 𝜕𝑇 (𝜆, 𝑇). For
temperature range in which we are expecting the temperatures to be we have at most 6% of error which
is satisfying and justifies the use of Taylor expansion.

Figure 2-19 Relative spectra before temperature and
emissivity correction

Figure 2-18 Taylor approximation

Once temperature, 𝑇(𝑡), is estimated, we call relative eigen-spectra:
𝑅𝑒𝑙(𝜆, 𝑡) =

𝑂𝑏𝑠(𝜆, 𝑡) 1 𝑃𝑙(𝜆, 𝑇𝑟𝑒𝑓 )
∙ ∙
𝑃𝑙(𝜆, 𝑇(𝑡)) 𝐴 𝑅𝑒𝑓(𝜆)
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2.3.3.3 Results
We can estimate the quality of the temperature estimate by looking at the quality of the linear
regression and in particular by looking at its coefficient of determination R2. Among the 747 spectra
gathered by the spectrometer during the all trial, 229 gave a coefficient of determination smaller than
0.9 and 84 gave temperatures outside what we consider as a realistic temperature for the considered
system: [1200, 1600°𝐶]. We erased those outsiders from our data set. This large number of outsiders
can be explained by the fact that the environment is completely uncontrolled it is very possible that
something got between the sensor and the liquid (smoke for example) or that the sensor sometimes
placed far away from the target was looking a inhomogeneous surfaces. The picture of the outflow on
Figure 2-2 gives a good idea of the difficulties faced to aim at hot liquid.
After getting rid of the outsiders, a look at relative eigen-spectra shows that the inner sample spectral
variation is much smaller. Taking the mean spectrum over each sample now makes sense. Figure 2-20
shows the relative mean eigen-spectra. Those can be compared to the relative spectra obtained without
temperature correction on Figure 2-19. It can also be compared to spectra obtained in laboratory
condition after applying the same kind of temperature correction (with a different reference spectrum in
particular because the transfer function 𝑘(𝜆) changes between laboratory and industrial conditions) on
Figure 2-21 and Figure 2-22.
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Figure 2-20 Mean relative eigen-spectra. Industrial data

Figure 2-22 Mean relative eigen-spectra. Laboratory data with
added 𝑩𝒙 .

Figure 2-21 Mean relative eigen-spectra. Laboratory data
with added 𝑨𝒙 .

Figure 2-23 Relative global emissivity, 𝑨, repartition as
a function of the family.

The study of the curves obtained shows first of all that spectra obtained in laboratory conditions are not
reproduced in industrial conditions. Moreover among the industrial spectra, one can clearly distinguish
two families of samples: one family with a high emission peak in range 𝜆4 -𝜆5 (blue histogram on Figure
2-23) and one family without any emission peak (red histogram on Figure 2-23). No link between those
two different behaviors and liquid chemical combination could be established. The fact that samples of
the first family were showing much more spread out relative global emissivity than samples of the
second family (see Figure 2-23) leads us to think that measures of the first family are severely disrupted
by some uncontrolled phenomenon because emissivity has no good reason to vary so much. However,
no satisfying explanation could be found to explain those two behaviors.
Finally we tried to find linear relationships within each family between the relative eigen-spectra shapes
and the liquid chemical composition by conducting similar studies as the one conducted in section
2.3.2.3. But this study didn’t give any satisfying result.
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2.4 Conclusion
For the observation range 𝜆𝑠𝑡𝑎𝑟𝑡1 - 𝜆𝑠𝑡𝑜𝑝1 (SPEC1), we have a very good reproducibility between
laboratory and industrial results despite a bad control of the liquid temperature. Moreover, this study let
us think that it will be possible to predict the 𝐵𝑥 composition of the system with a precision of +/-3 %0.
However, we would need more samples to validate the model (and especially more samples with
𝐵𝑥 composition between 19 and 23%0). A better control of the liquid temperature and of the
spectrometer calibration (dark and sensitivity corrections) would also probably help improving the
results. About the 𝐴𝑥 composition, laboratory results showed that it was possible to distinguish between
the different compositions. But industrial samples did not present 𝐴𝑥 composition variations big enough
to observe online what we had seen during the laboratory trials.
For observation range 𝜆𝑠𝑡𝑎𝑟𝑡2 - 𝜆𝑠𝑡𝑜𝑝2 (SPEC2), we could see clear spectral differences in laboratory
conditions when adding 𝐵𝑥 to the system. However, spectra obtained in laboratory conditions were not
reproducible online. Neither the laboratory trials nor the industrial trials gave results showing that
predicting 𝐴𝑥 composition using this wavelengths’ range would be possible. Finally, a better control of
the liquid temperature would help getting better results.
The assessment of this study is that more laboratory trials have to be conducted first in order to
perfectly understand how systems behave as a function of the temperature and as a function of its
composition. With more prior knowledge about the liquid behavior in different conditions we will be
able to bring renewed attention to the industrial data and try to understand it better.
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3 Defects detection in hot environment
3.1 Introduction
For many steps of the steel production process, the temperature of the steel trip is high so that it is easy
to measure emission spectra with a spectrometer. The main goal of this part of the work is to derive a
relatively generic methodology to address the problem of defect detection in a hot environment based
on spectral data. To illustrate this methodology, one example of defects arising at high temperature will
be used.
The defects we are interested in present a spectral signature in the spectral range λ1 -λ2 . We chose to
use a spectrometer with this spectral range to build a suitable “defect detector”. At high temperature
around 800°C, the coil emits a lot of light by itself due to Planck’s law. The spectrometer is placed online
to record the emission spectrum of the strip. If there are defects on the observed surface, the emitted
spectrum will differs from Planck’s law (spectral signature) and we expect to be able to detect it.
After laboratory trials which gave promising results on the ability of a spectrometer to detect defects,
several trials were planed online to validate the use of the sensor as a defect detector:

Two trials in standard process conditions without defect creation. The spectrometer,
placed at two different stages of the process called PA and PB, observed during several hours the
emitted spectra of a standard production.

One trial with specific process conditions so as to favor defects apparition. The
conditions were changed for only one coil of a grade we will call “ARC-H”. On this steel grade the
defects are more likely to appear. The sensor was place at point PB when we are expecting the
defect to be most easily seen.
The first part of my work was to analyze signal gathered for standard productions and find a satisfying
pipeline to process the data.
With data gathered during the last specific trial, the goal is to see if we are able to see differences with
standard productions and to detect defects.

3.2 Online trials, standard production
The goals with the data set of the first trials were:

To find a satisfying pipeline to properly denoise the raw signal recorded by the
spectrometer.

To find a model which enables to take out of the gathered spectra information related to
temperature (Planck’s law) and to keep only information related to steel’s surface state.

To compare spectra of the different steel’s grades.

To characterize the sources of noise and error in the performed treatments.
3.2.1 Data set
The data used for the analysis contained three different elements:
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Spectra: A total of about three days of standard production was recorded. The spectrometer
was placed successively at two different points of the production line called 𝑃𝐴 and 𝑃𝐵. The
sampling frequency was 60Hz. At each time step we have a spectrum of 50 wavelengths but only
23 wavelengths actually received enough light to be useful.
IBA files containing process information in form of time series. Among others, IBA data contain
the steel temperature at different point of the line (in particular at PA and PB), the speed of the
coil and the coil ID.
Syrius data (excel file) linking coil ID to their grade reference and chemical composition.

In the sections 3.2.2 and 3.2.3, we used the data gathered at point PA to define a pipeline for data
processing. Section 3.2.4 presents the output of this processing pipeline on data gathered at PA and on
data gathered at PB.
The data gathered at PA contained 112 recordings of 20 minutes each. In these 37 hours of recording, 81
coils filed past the spectrometer. The coils were of 14 different grades of steel. In particular, we had coils
of heavy steel (i.e. steels with a lot of complementary elements in the alloy likely to produce defects) and
coils of light steel (i.e. steel with a poorer alloy and a very stable surface state).
3.2.2

First processing

3.2.2.1 Pre-processing
Raw data need first to be pre-processed to get the useful signal using as usual the following equation:
𝑅𝑎𝑤 𝑠𝑖𝑔𝑛𝑎𝑙(𝑡, 𝜆) = 𝑑𝑎𝑟𝑘(𝑡, 𝜆) − 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦(𝜆) ∙ 𝑢𝑠𝑒𝑓𝑢𝑙 𝑠𝑖𝑔𝑛𝑎𝑙(𝑡, 𝜆).
Here, the recordings are quite long and the spectrometer temperature is not very stable. Thus it is not
enough to only estimate the dark at the beginning of the acquisition. We need an online estimation of
the dark. As a first approximation we say that the dark is the sum of a dark depending only on the
wavelength, a dark depending on the time and a noise which will be characterized later.
𝑑𝑎𝑟𝑘(𝑡, 𝜆) = 𝑑𝑎𝑟𝑘1 (𝜆) + 𝑑𝑎𝑟𝑘2 (𝑡) + 𝜖(𝑡, 𝜆)
The dark depending on the wavelength, 𝑑𝑎𝑟𝑘1 , is evaluated once at the beginning of the acquisition by
putting a mask in front of the spectrometer and measuring the signal. The dark depending on time is
evaluated using what is called blind wavelengths i.e. wavelengths which are supposed not to receive any
light (because of the mechanical and optical configuration of the spectrometer). Here at first we
considered the first wavelength 𝜆0 as a blind wavelength. So that 𝑑𝑎𝑟𝑘2 (𝑡) = 𝑅𝑎𝑤 𝑠𝑖𝑔𝑛𝑎𝑙(𝑡, 𝜆0 ) −
𝑑𝑎𝑟𝑘1 (𝜆0 ). In the following sections we will show that this way of correcting the dark is not completely
satisfying. However, showing the results obtained if the dark is not properly corrected will be an
interesting illustration of how important pre-processing steps are.
Sensitivity of the sensor, 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦(𝜆), is evaluated by recording the emission spectrum of a black
body at a known temperature, 𝑇𝑏𝑜𝑑𝑦 . The spectrum of a black body is known to follow Planck’s law so
that the useful signal of a black body is known. If the dark is also known, the sensitivity curve can be
computed as follows:
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𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦(𝜆) =

𝑅𝑎𝑤 𝑠𝑖𝑔𝑛𝑎𝑙 𝑜𝑓 𝑡ℎ𝑒 𝑏𝑙𝑎𝑐𝑘 𝑏𝑜𝑑𝑦(𝜆) − 𝑑𝑎𝑟𝑘(𝜆)
.
𝑃𝑙𝑎𝑛𝑐𝑘(𝜆, 𝑇𝑏𝑜𝑑𝑦 )

Once the useful signal has been extracted from the data, we can select the area of interest in the
spectrum, by taking wavelengths actually receiving enough of a signal.
Finally, so as to reduce the computation time and because the information that we have about
temperature are sampled at a frequency of 5Hz, we decided to reduce sampling rate of the spectral
recording which was originally of 60 Hz. This is done by taking the mean of the signal in none overlapping
time windows of 60/5 = 12 points. The final preprocessed signal will be denoted 𝑆𝑝(𝑡, 𝜆) in the
following.
3.2.2.2 Model for temperature correction
Once the useful signal has been extracted from raw data, the data analysis can be performed. The goal is
now to characterize the spectrum of the different steel grades. However we know that the spectrum
heavily depends on the temperature of the coil through Planck’s law. Thus it is necessary to find a way to
remove of the measured spectrum information related to temperature and keep only information
related to the steel’s surface state. This is a tricky task since changes on the steel surface can be
correlated to changes of temperature.
Three models were tried in order to get rid of the signal variation due to temperature variation and
obtain what we called an “eigen-spectrum”. Among those three models we selected one that we will
present here. The eigen-spectrum is noted 𝑓(𝑡, 𝜆). We called this model the additive model because we
suppose that the measured spectrum is equal to the sum of something following Planck’s law and the
eigen-spectrum:
𝑆𝑝(𝑡, 𝜆) = 𝑘(𝑡) ∙ 𝑃𝑙(𝜆, 𝑇(𝑡)) + 𝑓(𝑡, 𝜆)
Where






𝑇(𝑡) is a temperature estimate of the strip given by an external device (pyrometer) placed at the
same point of the process.
𝑆𝑝(𝑡, 𝜆) is the pre-processed spectrum.
𝑃𝑙(𝜆, 𝑇) is Planck’s law at wavelength 𝜆 and temperature 𝑇.
𝑘(𝑡) is a coefficient that we will call pseudo-emissivity which is computed by fitting Planck’s law
to the useful signal using a least square linear regression (without the fit of the intercept).
𝑓(𝑡, 𝜆) is the eigen-spectra. It corresponds in fact to the residuals of the linear regression.

The two other models tried on the data were the simple multiplicative model used for liquids studied in
section 2.2.2.2 and the tuned multiplicative model used in section 2.3.2.2. We chose to keep the additive
model for several reasons. First of all, the additive model has the advantage of separating in the output
phenomena due to change of global emissivity from phenomena related to change of spectral signature.
The pseudo-emissivity 𝑘(𝑡) is a punctual measure really easy to interpret and containing relevant
information in itself. If we want to look at more detailed information, and in particular if we look for
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spectral signature of the defects, the eigen-spectrum given by the additive model is the relevant
information to look at. The tuned multiplicative model used in section 2.3.2.2 also had the ability to
separate spectral signature from global emissivity. However, this model is mathematically less natural
and harder to handle if we want to estimate errors has it will be done in section 3.3.
3.2.2.3 First results
A first analysis was performed on three different coils of the data gathered at A:
-

Two coils of the same steel grade that we called poor or light because their composition is poor
in complementary alloy element.
A coil that we called Rich or heavy because its alloy contains a lot of complementary elements.
These added elements. On these rich grades of steel defects are likely to appear if the process
conditions are not closely controlled.

After applying the additive model to the data, we performed a principal component analysis (PCA) on the
spectra. Looking at the first PCA projection values, an unexpected period of about 8 minutes appeared in
the data (Figure 3-1). By looking at it closer, we realized that this period was the same as a period
appearing in value of the blind wavelength 𝜆0 . This period on the blind wavelength value probably
corresponds to changes of the sensor temperature which was regulated by a temperature stabilizer. By
looking at the discrete Fourier transformed of the data (analysis done on all the data and not only on
three coils), we saw that the periods are indeed the same (Figure 3-2). The conclusion of this study was
that the dark was badly corrected. This study shows that the way dark is corrected becomes really
important when we look at the subtle variations of the eigen-spectra. If we only look the useful signal
before temperature correction (cyan line on Figure 3-2) we cannot see the period at all. Even in the
pseudo-emissivity 𝑘 the period does not appear.

Figure 3-1 Period appearing in the first component of the PCA
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Figure 3-2 Fourier transform of the signal. Blue line is the blind wavelength, black line the first principal component.

3.2.3 Solution to get rid of the periodic noise
As we said at the beginning, only a few wavelengths of the spectrometer actually receive signal. We
chose the first wavelength 𝜆0 as a blind wavelength. We had in fact a lot more choice than one
wavelength for online dark correction (see Figure 3-3). Looking at the values of the other wavelengths
receiving low signal as a function of time, we could immediately see that the dark was badly corrected
(Figure 3-4) and that period in our data came from bad dark correction.

Figure 3-3 Raw signal repartition as a function of the wavelength. The different lines are for different time t step. The red
zone on wavelengths’ axis is the zone of selected wavelength for further processing. The green zones are the used blind
wavelengths. The blue are blind wavelengths used for testing dark correction.
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Figure 3-4 Values of some blind wavelengths as a function
of the time after the first treatment.

Figure 3-5 One blind wavelength after the two-sided dark
correction (scale is different than on Figure 3-4)

We tried to correct the dark using more wavelengths as a dark references (green zone on Figure 3-3).
And in particular, we tried to have blind wavelengths on both side of the spectrum.
We can check the validity of this method by looking at all the unused blind wavelengths (blue zone on
Figure 3-3). Using this method to correct the dark doesn’t lead to perfect results since the mean value of
these wavelengths is not always zeros (at most +/- 1). However, we managed at least to get rid of the
period and to reduce the variability as we can see on Figure 3-5. A more advanced study of these blind
wavelengths will be performed later in section 3.3.
This method for dark correction is finally the one chosen to obtain results presented in the following
sections.
3.2.4 Results
The pre-processing step with the use of blind wavelengths on both sides of the spectrum for dark
correction was applied to the data. This section shows the results we obtained first with data gathered at
point PA and then with the data gathered at PB.
3.2.4.1 Pseudo emissivity
Important information is contained in the pseudo-emissivity. Figure 3-6 is a scatter plot the temperature
as a function of the pseudo-emissivity. Each color represents a grade of steel. We see that pseudo
emissivity is higher and more variable for heavy steel. The overall standard deviation of 𝑘 for heavy
grades is 0.016 which is about three times bigger than the one for light steels, 0.005. The inner coil
standard deviation is also much bigger for heavy steel than for light steel (0.010 against 0.002).
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Figure 3-6 Temperature as a function of the pseudo-emissivity k. Light green is heavy steel.

3.2.4.2 Mean eigen-spectrum
The eigen-spectra obtained present too peaks (see Figure 3-7 and Figure 3-8): a big one around 𝜆 = 𝜆𝑘
and a small one around 𝜆 = 𝜆𝑙 . The first peak is much bigger for heavy steel (ARC-H) than for the others.
On the contrary, the second peak is bigger for light steels (ARC-L).

Figure 3-7 Mean eigen-spectra for different grades of steel.
Red line on the top is grade ARC-H.

Figure 3-8 Mean eigen-spectra for different coils. Red
spectra: heavy steels, blue spectra: light steels

3.2.4.3 Principal component analysis (PCA)
We performed a PCA on all the eigen-spectra. In the first principal component (Figure 3-9), we see the
peak at 𝜆 = 𝜆𝑘 found on the mean eigen-spectra. Looking at the projections on the first principal
component as a function of time (Figure 3-10) we see that the period we had seen after the first
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treatment (Figure 3-1) completely disappeared. We also see that the values for the projection are much
higher and more variable for heavy steels than for the others. On Figure 3-11 and Figure 3-12, we see
that first and second PCs are interesting to distinguish between steel grades. However, the third principal
component doesn’t seem interesting to distinguish steel grades. First component explains 41% of the
data variation and second component contains 17% of the data variation whereas third component only
explains 6% of the data variation. One has to notice that the first component of the PCA is heavily
correlated to the pseudo-emissivity 𝑘.

Figure 3-9 Principal components. Blue is the first one, green the
second one and red the third one.

Figure 3-11 Projection of the eigen-spectra along the first
component vs second component. Light green is heavy steel.

Figure 3-10 Projection of the eigen-spectra on the first PC.
Light green is the heavy steel. (The time series is smoothed
with a moving average window of 6 seconds)

Figure 3-12 Projection of the eigen-spectra along the second
component vs first component. Light green is heavy steel.

42

3.2.4.4 Comparison between PA and PB
The data processing pipeline was designed on the data gathered at PA (in April 2014). We applied this
processing pipeline to data gathered later in the process at point PB. Two different trials were lead at PB
one in September and one in November 2014.
On data of the first trial gathered at PB (September 2014), we observed an unexplained behavior of the
first selected wavelength (see Figure 3-14). After dark and sensitivity correction of the signal, we could
see an unrealistic drop in the intensity of the first selected wavelength. Thus for September trial we
decided to remove this wavelength from the selected spectra before correcting the temperature.

Figure 3-13 Shape of a pre-processed spectrum, April and
November trials

Figure 3-14 Shape of a pre-processed spectrum, September
trials.

Once this small change in the data processing pipeline is done, we can compare the results. The shapes
of the obtained eigen-spectra were similar in the three trials. The main differences observed are
differences in the values of the pseudo-emissivity. Though we saw the same relative behavior of the
pseudo emissivity during the different trials (higher and more variable for heavy steels), the absolute
values obtained were not comparable. In particular, we computed lower values of emissivity at PB than
at PA which is physically unexpected. Moreover, even between the two trials done in September and
November 2014 at the same stage of the process, PB, the global levels of emissivity observed during the
two trials were not alike (lower in September than in November). This is probably due to the fact that we
didn’t take the first wavelength into account during September trial. However this shows that it will be
hard to perform inter-trials comparisons.

3.3 Error estimation
With the data of the very first trial (spectrometer placed in PA) we performed an error estimation study.
This will give an idea of the quality and reliability of our results.
3.3.1 Notations and simplifications
In this section, we will use the following notations



𝜌(𝑡, 𝜆) is the raw signal and 𝜌̃(𝑡, 𝜆) the real useful signal.
𝑆𝑝(𝑡, 𝜆) is the pre-processed data (estimate of 𝜌̃(𝑡, 𝜆)).
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𝑠(𝑡, 𝜆) is the sensitivity and 𝑠 ∗ (𝜆) its estimation measured in front of a black body furnace,
independent of the time.
𝑑(𝑡, 𝜆) is the dark, 𝑑∗ (𝑡, 𝜆) the estimated dark.
𝑇(𝑡) is the temperature on the steel surface and 𝑇 ∗ (𝑡) is its estimation
𝑓(𝑡, 𝜆) is the eigen-spectrum. 𝑓 ∗ (𝑡, 𝜆) is its estimation.
𝑃𝑙(𝑇, 𝜆) is the Planck’s law at temperature 𝑇 wavelength 𝜆.



𝑢 𝑇 (𝜆) is a vector of norm one collinear to Planck’s law at temperature 𝑇: 𝑢 𝑇 (𝜆) =




We also note Δ𝑢 𝑇 = 𝑢 𝑇 ∗ − ⟨𝑢 𝑇 ∗ |𝑢 𝑇 ⟩𝑢 𝑇 .
𝑘(𝑡) is the “coefficient of pseudo-emissivity” in front of Planck’s law in the additive model. 𝑘 ∗ (𝑡)
is its estimation.



𝑃𝑙(𝑇,𝜆)
.
‖𝑃𝑙(𝑇,𝜆)‖

Using these notations, we have:
𝜌(𝑡, 𝜆) = 𝑑(𝑡, 𝜆) + 𝑠(𝜆) × 𝜌̃(𝑡, 𝜆)
𝑆𝑝(𝑡, 𝜆) =
We take 𝐷(𝑡, 𝜆) =

𝑑(𝑡,𝜆)−𝑑 ∗ (𝑡,𝜆)
𝑠 ∗ (𝜆)

and 𝑆(𝜆) =

𝜌(𝑡, 𝜆) − 𝑑∗ (𝑡, 𝜆)
𝑠 ∗ (𝜆)

𝑠(𝜆)
𝑠∗ (𝜆)

so that:

𝑆𝑝(𝑡, 𝜆) = 𝐷(𝑡, 𝜆) + 𝑆(𝑡, 𝜆) × 𝜌̃(𝑡, 𝜆).
The goal is now to get statistics on 𝐷 and 𝑆 so as to estimate the level of noise in our different models.
3.3.2

Statistics of 𝑺 and 𝑫

3.3.2.1 Statistic of 𝑫(𝒕, 𝝀)
To study the statistic of 𝐷 we used a long recording of dark. We put a mask in front of the spectrometer
and recorded the measured signal during 20 minutes (6000 points). The spectrometer was placed online
in exactly the same acquisition conditions as the ones underwent by the sensor during the trials. During
this experiment, the raw signal measured 𝜌(𝑡, 𝜆) is in fact a realization of the process 𝑑(𝑡, 𝜆). Thus, we
have 𝑆𝑝(𝑡, 𝜆) = 𝐷(𝑡, 𝜆). This means that we have at our disposal a 6000-points realization of the process
𝐷(𝑡, 𝜆) that can be studied.
The characteristics of this noise can be seen on the following figures (Figure 3-15 to Figure 3-19). It is
interesting to notice the value of 𝐷(𝑡, 𝜆1 ) is independent from the value of 𝐷(𝑡, 𝜆2 ) for 𝜆1 ≠ 𝜆2 (Figure
3-16). However, at a fixed wavelength 𝜆0 , 𝐷(𝑡, 𝜆0 ) is not white noise. The autocorrelation function can
be seen on Figure 5-6: at lag one, the autocorrelation is greater than 0.4. Finally one has to highlight the
fact that the mean over time of 𝐷(𝑡, 𝜆) is not zero (Figure 3-15).
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Figure 3-15 Time mean value of 𝑫(𝝀)

Figure 3-16 Correlation matrix of 𝑫(𝝀)

Figure 3-17 Standard deviation of 𝑫(𝝀)

Figure 3-18 Repartition of the noise at a fixed wavelength
and fitted Gaussian.

Figure 3-19 Auto-correlation function for 𝝀 = 𝟖𝟔𝟎𝟎𝒏𝒎

3.3.2.2 Statistics on 𝑺(𝒕, 𝝀)
We know that the sensitivity of the spectrometer slightly depends on the sensor temperature.
Experimental studies have shown that changes of the spectrometer temperature underwent by the
spectrometer during the trials should correspond to at most 1% of variation in the sensitivity value.
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At a fix sensor temperature, we can obtain statistics on 𝑆 by looking at the black body spectra recorded
to evaluate the sensitivity of spectrometer. We have a 60Hz recording of approximately 16 min (1000
points). A study on these data showed that at a fixed sensor temperature the variations of 𝑆(𝑡, 𝜆) around
1 are rather small with a standard deviation of at most 0.5% (see Figure 3-20).
To conclude, we considered that for each wavelength, 𝑆 evolves between 0.99 and 1.01. By a lack of
data, we couldn’t get more precise statistics on 𝑆. We had to consider only an estimate of the variation
range of 𝑆.

Figure 3-20 Standard deviation of 𝑺(𝝀) at a fixed sensor temperature.

3.3.3 Error on the additive model
In the additive model used for spectra/temperature separation, we have
𝑆𝑝(𝑡, 𝜆) = 𝐷(𝑡, 𝜆) + 𝑆(𝑡, 𝜆) × (𝑘(𝑡) ∙ 𝑢 𝑇(𝑡) (𝜆) + 𝑓(𝑡, 𝜆))

(3.1)

With 𝑓(𝑡) perpendicular to 𝑢 𝑇(𝑡) , i.e. ⟨𝑓(𝑡)|𝑢 𝑇(𝑡) ⟩ = 0. Where, ⟨. |. ⟩ denotes the scalar product along
the wavelengths:
⟨𝑎|𝑏⟩ = ∑ 𝑎( 𝜆) ∙ 𝑏(𝜆)
𝜆

However, the real temperature 𝑇 is not known and we use its estimation 𝑇 ∗ to compute an estimate of
the pseudo emissivity 𝑘 ∗ and an estimate of the eigen-spectrum 𝑓 ∗.
𝑆𝑝(𝜆) = 𝐷(𝜆) + 𝑆(𝜆) × (𝑘 ∙ 𝑢 𝑇 (𝜆) + 𝑓(𝜆)) = 𝑘 ∗ ∙ 𝑢 𝑇 ∗ (𝜆) + 𝑓 ∗ (𝜆)
With ⟨𝑓 ∗|𝑢 𝑇 ∗ ⟩ = 0
Using properties of linear regression we have:
𝑓 ∗ = 𝑆𝑝(𝜆) − ⟨𝑆𝑝(𝜆)|𝑢 𝑇 ∗ ⟩ ∙ 𝑢 𝑇 ∗
Using equation (3.1) we finally obtain the following equation for 𝑓 ∗ .
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𝑓 ∗ = 𝑓 + {𝐷 − ⟨𝐷|𝑢 𝑇 ∗ ⟩ ∙ 𝑢 𝑇 ∗ } + {𝑆 ∙ 𝑘 ∙ ‖𝑃𝑙(𝑇)‖ ∙ (𝑢 𝑇 − ⟨𝑢 𝑇 │𝑢 𝑇 ∗ ⟩ ∙ 𝑢 𝑇 ∗ )} + { (𝑆 − 1) ∙ 𝑓}
− {𝑆 ∙ ⟨𝑓│𝛥𝑢 𝑇 ⟩ ∙ 𝑢 𝑇 ∗ }
We

denote: 𝐸𝑟𝑟𝑜𝑟𝐷 = 𝐷 − ⟨𝐷|𝑢 𝑇 ∗ ⟩ ∙ 𝑢 𝑇 ∗ , 𝐸𝑟𝑟𝑜𝑟𝑃𝑙 = 𝑆 ∙ 𝑘 ∙ ‖𝑃𝑙(𝑇)‖ ∙ (𝑢 𝑇 − ⟨𝑢 𝑇 │𝑢 𝑇 ∗ ⟩ ∙ 𝑢 𝑇 ∗ ) ,

𝐸𝑟𝑟𝑜𝑟𝑆 = (𝑆 − 1) ∙ 𝑓 and 𝐸𝑟𝑟𝑜𝑟(𝑓,𝑃𝑙) = 𝑆 ∙ ⟨𝑓│𝛥𝑢 𝑇 ⟩ ∙ 𝑢 𝑇 ∗
𝑓 ∗ = 𝑓 + 𝐸𝑟𝑟𝑜𝑟𝐷 + 𝐸𝑟𝑟𝑜𝑟𝑃𝑙 + 𝐸𝑟𝑟𝑜𝑟𝑆 + 𝐸𝑟𝑟𝑜𝑟(𝑓,𝑃𝑙)
The estimated eigen-spectrum is the sum of the real eigen-spectrum and error terms that we are going
to characterize.
We also have
𝑘∗ = 𝑆 ∙

‖𝑃𝑙(𝑇)‖
∙ ⟨𝑢 𝑇 |𝑢 𝑇 ∗ ⟩ ∙ 𝑘 + 𝑆 ∙ ⟨𝑓|𝛥𝑢 𝑇 ⟩ + ⟨𝐷|𝑢 𝑇 ∗ ⟩
‖𝑃𝑙(𝑇 ∗ )‖

‖𝑃𝑙(𝑇)‖

Numerically, we have ( 𝑆 ∙ ‖𝑃𝑙(𝑇 ∗ )‖ ∙ ⟨𝑢 𝑇 |𝑢 𝑇 ∗ ⟩ − 1) ∙ 𝑘 ≫ 𝑆 ∙ ⟨𝑓|𝛥𝑢 𝑇 ⟩ + ⟨𝐷|𝑢 𝑇 ∗ ⟩
𝑘∗ ≅ 𝑘 + ( 𝑆 ∙

‖𝑃𝑙(𝑇)‖
∙ ⟨𝑢 𝑇 |𝑢 𝑇 ∗ ⟩ − 1) ∙ 𝑘 = 𝑘 + 𝐸𝑟𝑟𝑜𝑟𝑘 ∙ 𝑘
‖𝑃𝑙(𝑇 ∗ )‖

3.3.3.1 Error due to a wrong dark correction
The characteristics of 𝐸𝑟𝑟𝑜𝑟𝐷 can be evaluated using the 6000-points realization 𝐷(𝑡, 𝜆) used in section
3.3.2.1 to study characteristics of 𝐷(𝑡, 𝜆). The results are shown below. The standard deviation of this
error term is very high compare to the signal variations (Figure 3-22). We see that the standard deviation
of 𝐷(𝑡, 𝜆) is especially high compare to our signal variation around the wavelengths where the eigenspectra were close to zero between the two peaks at 𝜆𝑘 and 𝜆𝑙 .On the contrary around the two peaks
signal-to-noise ratio is lower and the variation we observe are more significant.
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Figure 3-21 Standard deviation of 𝑬𝒓𝒓𝒐𝒓𝑫 (𝝀)

Figure 3-22 Standard deviation of 𝑬𝒓𝒓𝒐𝒓𝑫 (𝝀) over standard
deviation of the eigen-spectra.

3.3.3.2 Error due to a wrong temperature estimation
The error on the temperature estimation is of at most 10°C. We take 𝑘 = 0.19, the mean value of its
estimate 𝑘 ∗ over all the data. We also take 𝑆 = 1.01 the maximum possible value of 𝑆 (see section
3.3.2.2). Then, Figure 3-23 represents 𝐸𝑟𝑟𝑜𝑟𝑝𝑙 as a function of the wavelength. We see that the error
due to an error in the temperature estimation is rather small compare, for example, to the error due to
an error in the dark estimation. It is at most an error of 0.6. This error term is thus negligible.

Figure 3-23 𝑬𝒓𝒓𝒐𝒓𝑷𝒍 (𝝀), with a temperature error of 10°C. Each line is for a given temperature between 760°C and 880°C.

3.3.3.3 Other error terms
𝐸𝑟𝑟𝑜𝑟𝑆 is at most 1% of the real eigen-spectrum.
𝐸𝑟𝑟𝑜𝑟𝑓,𝑃𝑙 is very small because Δ𝑢 𝑇 is very small. It is at most 0.01% of 𝑓 which clearly is negligible.
𝐸𝑟𝑟𝑜𝑟𝑘 , the multiplicative error term on the estimate of the pseudo emissivity 𝑘 is very low. In the worst
case, taking 𝑆 = 0.99, 𝑇 = 760°𝐶 and 𝑇 ∗ − 𝑇 = 10°𝐶 its value is 0.029. This means that 𝑘 is known with
a precision of 2.9% (+/- 0.008).

48

3.3.4 Conclusion on error estimation
For the estimation of the eigen-spectrum, the error due to a bad dark estimate, 𝐸𝑟𝑟𝑜𝑟𝑑 (𝑡, 𝜆), is the most
important one +/- 5 u.a. All the over sources of error are negligible in front of this one. Since we cannot
consider that 𝐸𝑟𝑟𝑜𝑟𝑑 (𝑡, 𝜆) is white noise, it is even more problematic. However, at a given time 𝑡0 , the
different values of 𝐸𝑟𝑟𝑜𝑟𝑑 (𝑡0 , 𝜆) are roughly independent. Thus, smoothing the spectra in the direction
of 𝜆 could be a good way to reduce noise even though we have a limited number of wavelengths.
The estimate of the pseudo emissivity 𝑘 is really good. It is known with a precision of 2.9% of its value.

3.4 Specific online trial in degraded process conditions
3.4.1 Experimental protocol
The way defects are formed on the steel surface is linked to the value of an important process variable.
This process variable that we will call PV is closely controlled and measured all along the process. In
standard process conditions, for heavy steel like the ARC-H, the PV is maintained around a value +10 to
prevent defect apparition. If the strip undergoes a lower value of PV (around -10), it becomes very likely
that the surface will present defects.
During a specific trial, we let the PV over one coil of ARC-H vary from -10 to +35 (see Figure 3-24). The
goal was to observe how the surface evolves as a function of the PV. In particular, with a PV of -10, we
wanted to see if we are able to observe spectral changes characteristic of the defects we are looking for.
However, during this trial, even though the beginning of the coil underwent a PV lower -10, the final coil
getting out of the line didn’t present any defect visible with a naked eye. This means that the surface
didn’t change as much as we would have liked it to. Therefore, it will be much harder than expected to
see clear spectral differences between the coils of a standard production and our coil formed in
degraded production conditions.
To study the coil surface, we placed the spectrometer at PB, when the defects are supposed to be
completely formed. The data gathered by the spectrometer were processed and analyzed with the
procedure defined in section 3.2. Later in this project, the coil of ARC-H will be analyzed so has to
compare what was seen with the spectrometer to the actual surface state of the strip at different
location.

Figure 3-24 Experimental protocol.
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3.4.2 Data study
With a first glance at the pseudo emissivity and at the eigen-spectra of the coil, we couldn’t see any
significant and clear differences between points of the coil which underwent a low PV and points which
underwent a normal PV of +10. As we’ve seen before, even in standard production conditions, the
surface of an ARC-H is much more variable than the one of other grades. Thus, we have a turbulent
signal in which it is really hard to see something. Moreover when we look at the eigen-spectra, as we
have shown before, we are reaching the limits of the detector precision so that it is hard to distinguish
significant variation from noise. However, since the PV is related to likelihood of producing a defect, we
would really expect being able to at least distinguish between points of the coil which underwent an
unusual PV under -5 and points of the coil which underwent a standard PV between +5 and +11. This is
the differences between these two classes of data we will try to highlight in the following sections.
3.4.2.1 Classification model
We split the data into two sets, one for each class and developed a linear model to predict the class of a
data point. The linear model we chose is a logistic regression (section 1.2.3.1).
The predictors used are the eigen-spectra (each wavelength is a covariate) and the variable to be predict
is the class (PV under -5, i.e. points on which we expect to observe defects or standard PV, i.e. points on
which we have no defect).
To test our model we have at our disposal data from several coils of the grade ARC-H. Figure 3-25 shows
the data we can use. The green points correspond to the coil we are interested in. One can observe that
except for the first coil we don’t have a measure of the PV for all the points of the coils. This is because
the detector measuring the PV moves along the line in standard production. For the specific coil, the
sensor was stopped at a position around PA so as to improve the accuracy of the measures: when the
sensor moves along the line, measures suffer from inertia of sensor and are less reliable. On Figure 3-25
we see that the yellow coil also underwent a big variation of PV and the data of this coil will be
interesting to use for training linear classifier before testing it on the first green coil. We couldn’t use
data on the same coil for training and testing since eigen-spectra on one same coil are heavily
interdependent. Thus training and testing the model on the same coil would lead to a huge overestimation the regression quality (doing a brute regression on data of the same coil we obtained an
accuracy of 99%). Because of this important data interdependency our model is also very prone to overfitting. Moreover, as it is usually the case in spectral analysis, our predictors suffer from high multicollinearity of the covariates so that our coefficients’ estimates won’t be reliable. To convince ourselves
that the regression suffers indeed from multi-collinearity, we can look at the variance inflation factor1
(VIF) of each covariate. We saw that the VIF of the first wavelength for example greater than 10.

1

The VIF is an index measuring how much the variance of the estimated regression coefficient 𝛽𝑖 increases because
th
of multicollinearity. We denote 𝑅𝑖2 the coefficient of determination of the linear regression of the i covariate by all
the other covariates. The VIF of 𝛽𝑖 is defined by 𝛽𝑖 =

1

1−𝑅𝑖2

. The higher the VIF is the more our covariate suffers

from multicollinearity. Usually, with a VIF greater than 2.5 (corresponding to a 𝑅2 of 0.6), we can start worry about
multicollinearity in a regression [19].
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Two handle the two problems of over-fitting and multicollinearity we chose to use a logistic regression
with an added 𝐿1 regularization factor: if we denote 𝑤 the vector of coefficient fitted during the
regression, we must have ‖𝑤‖1 < 𝜇.
The model is regressed on data from the coil 90386800 (“yellow” coil on Figure 3-25). The shrinkage
coefficient of the regression is chosen by cross-validating the regression on the data from coil 90387000
(the first green coil on Figure 3-25).

Figure 3-25 PV underwent by coils of ARC-H at PA as a function
of the time. Colors correspond to different coils.

Figure 3-26 Results of the first logistic regression as a
function of the penalization factor.

3.4.2.2 First results
Points were selected randomly in each class of the training data set (coil 9086800) so as to form two
subsets of classes with equal sizes. The same procedure was applied to the testing set and the
classification was tested for different value of the regularization factor 𝜇.
Figure 3-26 shows the results of the first classification model. The blue line represents the proportion of
well classified points on the testing set as a function of −log(𝜇). The green line is the proportion of well
classified points of the training set. It is clear from these results that the model is completely unable to
find satisfying coefficients.
3.4.2.3 Model refinement
We saw with the first results that a brutal regression is completely un-efficient to characterize properly
what distinguish the two classes in the data. This shows that it is absolutely necessary to introduce some
physical knowledge on what we expect to see to regularize the model. Laboratory results (Annex B)
showed that we expect to see two peaks around the higher wavelengths (between the wavelengths 𝜆𝑖
and 𝜆𝑗 ) in case of a low PV. Thus, we will force the model too look for peaks in this area.
In the following:
 𝑋 is the matrix of covariates used for the regression, i.e. the matrix containing all the training
eigen-spectra.
 𝑛 is the number of training samples and 𝑝 the number of covariates (i.e the number of
wavelengths).
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𝑦 is the vector of size 𝑛 containing the class of the training points. The value of 𝑦 is -1 if the PV
underwent was smaller than -10 and 1 if the PV underwent was between +5 and +11.

The strategy adopted is to construct a big set of 𝑝̃ unitary vectors 𝑃𝑖 looking like peaks in the area 𝜆𝑖 -𝜆𝑗
(see Annex B). The set of vectors is gathered in a matrix 𝑃 of dimension 𝑝 × 𝑝̃. Prior to the regression,
data are projected in these different directions so as to produce a new matrix of covariates 𝑋̃ = 𝑋𝑃.
Then we run a sparse logistic regression using 𝑋̃ instead of 𝑋.
In practice the vectors 𝑃𝑖 , or directions of projection, were generated by taking all the Gaussian of mean
in the set a given set [𝜆𝑖 : 𝜆𝑗 : 0.1𝜇𝑚] and standard deviation of the set [0.1: 1: 0.1]2. The dimension of 𝑃
was 23 × 153. A first regression on 𝑋̃ and a well-chosen regularization factor enabled us to select three
directions of projection relevant to explain differences between two classes and coherent with what we
were expecting considering laboratory results (see Figure 3-27). With this regression, we reached a good
classification rate on the testing set of 50.06% which is clearly no enough but still better than what we
had managed to reach with the first brutal regression.
Among the three directions chosen in the first place by the sparse regression, we further selected only
two peaks 𝑃𝑘 and 𝑃𝑙 (the blue and the red peaks Figure 3-27) which seemed more relevant considering
what had been seen during laboratory trials. Then, we run a non-penalized logistic regression with only
two covariates 𝑋̃𝑘 = 𝑋𝑃𝑘 and 𝑋̃𝑙 = 𝑋𝑃𝑙 . The computed model was then tested on the testing set. This
way, we managed to obtain a very satisfying good-prediction rate of 81.89%. The rate of false positive
was of, which is rather high with 31.02% if misclassified points in class -1. However our training set might
suffer from misclassified points in the class − 1 since a point of the strip can underwent a very low PV
without producing surface defect. Thus the high rate of false positive is not an important issue.

Figure 3-27 The three projections directions of projection
(blue, green and red) selected by the sparse regression with
−𝒍𝒐𝒈(𝝁) = 𝟎. 𝟎𝟎𝟐𝟔. The cyan line is the linear combination
of these projection vector weighted with the fitted
coefficients.

2

Figure 3-28 Last direction of projections chosen for the
regression. The cyan line is the linear combination of the
blue and the red projection vectors weighted with coefficient
computed by a logistic regression.

By the notation [𝑎: 𝑏: 𝑐] we mean that we take all the from 𝑎 to 𝑏 with a stepsize of 𝑐.
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These results tend to show that we are indeed able to distinguish between points likely to present
defects and points without defects. However if we test the model on all the other available data (i.e. all
the other coils of Figure 3-25), we obtained a percentage of well classified point of only 64.5% with a
large rate of false negative. The model is still poorly generalizable.
In this study we stick to linear models. However there is no good reason to suppose that the relationship
we are seeking after is linear. Further work could be done trying to look for nonlinear relationships using
kernel models.

3.5 Conclusion
With this study, we found a satisfying way of correcting the raw signal by using blind wavelengths on
both side of the spectra. The useful signal obtained was then processed to get information on the steel
surface independent from its temperature. The model chosen to do this is an additive model where we
fit Planck’s law to the initial spectrum using a least square linear regression. In this model, two things are
computed: the pseudo-emissivity (coefficient of the regression) and an “eigen-spectrum” (residuals of
the regression).
The pseudo-emissivity was found to be much higher for heavy steel than for light steel. This pseudoemissivity contains interesting information because it enables to distinguish heavy steels from standard
steels and because it is known with a good precision of 2.9%. Looking at the pseudo-emissivity, we also
showed that the surface of heavy steels is much more variable than the surface of light steel. Thus, we
know that it will be harder to detect defects on heavy steels than on light steels.
The eigen-spectrum is the residuals of the fit of Planck’s law to the initial spectra. Since the steel
emission spectrum is very close to Planck’s law, the eigen-spectrum has a very low intensity especially in
the highest wavelengths. We reach the limit of the system’s precision. In particular, we face a very
important error due to a bad estimation of the spectrometer dark. However, by looking at the mean
eigen-spectra it was possible to distinguish between the different types of coil.
Finally, we studied data from a specific trial. On these data we had points likely to contain a defect and
points without defect. With a tuned linear model, we were able to distinguish the eigen-spectra of these
two classes of points. The coefficients found in the model were coherent with what had been observed
during laboratory trials. However, the differences observed were very tiny and the model obtained was
not completely generalizable.
The next steps of this project will be to perform other specific trials in conditions favorable for defect
creation on some other steel grades so as to further investigate industrial spectral signature of the
defects.
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4 Temperature estimation in a perturbed environment
4.1 Introduction
4.1.1 Problem presentation
Temperature is a key parameter to control both strip quality and energy consumption during steel
production. Usually, one uses pyrometer to measure temperature of the strip at different stage of the
production. Pyrometers are devices measuring the intensity, 𝐼, emitted by the strip at one given
wavelength 𝜆0 . If the emissivity, 𝜖, of the strip at wavelength 𝜆0 is known and if the environment
between the strip and the pyrometer has a known transmissivity 𝛼(𝜆0 ) one can easily trace back the
temperature using the formula 𝐼 = 𝜖(𝜆0 ) ∙ 𝛼(𝜆0 ) ∙ 𝑃𝑙(𝑇, 𝜆0 ). If neither the emissivity of the strip nor the
transmissivity of the environment between the strip and the sensor are known one cannot use
pyrometer any more. At some point of the process we face a situation where there is a random amount
of water and vapor between the strip and the sensor. In this situation it is impossible to know the
transmissivity of the environment with a good precision and pyrometers don’t work. A proposed solution
is to replace the pyrometer by a spectrometer.
The spectrometer chosen had a very high spectral resolution with more than 500 wavelengths. As usual,
the strip emits a spectrum which is related to temperature through Planck’s law. However, several
uncontrolled phenomena deform the emitted spectrum which can differ a lot from Planck’s law: the
different oxidation levels of the strip, the presence of water drop on the strip and the presence of vapor
and water in the air. These three uncontrolled factors make it impossible to trace back the temperature
in an analytic way. This is the reason why it was chosen to use a probabilistic approach and to compute
𝑃(𝑠𝑡𝑟𝑖𝑝 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒|𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝑠𝑝𝑒𝑐𝑡𝑟𝑢𝑚). The strip temperature is then evaluated using a maximum
likelihood estimator.
The probabilistic model was first designed, calibrated and tested with data gathered in laboratory
conditions. Then the model had to be adapted to fit industrial measuring condition.
4.1.2 Model description
We consider that the spectrum measured at time 𝑡 (after dark correction), 𝑂𝑏𝑠(𝜆, 𝑡), is related to the
strip temperature, 𝑇, by the following equation:
𝑂𝑏𝑠(𝜆, 𝑡) = 𝑘(𝜆, 𝑇(𝑡)) ∙ 𝜖(𝜆, 𝑡) ∙ 𝛼(𝜆, 𝑡) ∙ 𝑃𝑙(𝜆, 𝑇(𝑡))

(4.1)

Where:



𝑘(𝜆, 𝑇) is the transfer function or sensitivity of spectrometer. This parameter can be estimated
by experiments in front of a black body furnace as it was done in section 3.2.2.1.
𝜖(𝜆, 𝑡) is the emissivity of the strip. The emissivity curve depends on the oxidation level of the
strip and is an unknown of the problem.
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𝛼(𝜆, 𝑡) is the transmissivity of the media between the strip and the sensor, i.e. the proportion of
light for each wavelength that the media doesn’t absorb (see section 1.1.2.2). This factor
between 0 and 1 for each wavelength depends on the air composition (amount of water and
vapor) and on the amount of water drops on the strip. 𝛼(𝜆, 𝑡) is also an unknown parameter of
the problem.
𝑃𝑙(𝜆, 𝑇) is Planck’s law as usual.

We now want to estimate 𝑃(𝑇|𝑂𝑏𝑠). The temperature estimate will then be chosen as the maximum
likelihood estimator. By Bayes rule, we have:
𝑃(𝑇|𝑂𝑏𝑠)~𝑃(𝑂𝑏𝑠|𝑇) ∙ 𝑃(𝑇)
Where ~ indicates proportionality. We don’t have prior knowledge on 𝑇 so 𝑃(𝑇) can be taken as a
constant and the problem is reduced to the estimation of 𝑃(𝑂𝑏𝑠(𝜆)|𝑇).
𝑃(𝑂𝑏𝑠|𝑇 = 𝑇0 ) = 𝑃 (𝜖 × 𝛼 =

𝑂𝑏𝑠
)
𝑘(𝑇0 ) × 𝑃𝑙(𝑇0 )

Where 𝑂𝑏𝑠, 𝜖, 𝛼, 𝑘(𝑇0 ) and 𝑃𝑙(𝑇0 ) are vectors for which each element corresponds to a wavelength. The
operator × and \ represent element by element multiplication and division.
The last equation shows that to estimate 𝑃(𝑂𝑏𝑠|𝑇) we need to estimate the density function of the
random variable 𝑋 = 𝜖 × 𝛼. This was done using data gathered during laboratory trials.

4.2 Calibrating the model with laboratory trials
4.2.1

Data set

4.2.1.1 Data description
To estimate density function of 𝜖 × 𝛼 we made use of spectra gathered in laboratory conditions.
First of all, the emission spectra of a steel strip covered with black paint to imitate behavior of a black
body were gathered at different temperature and in different conditions:





With only air between the strip and the sensor (B+A). We had 15 recordings corresponding to
strip temperatures between 520 and 800°C.
With a random amount of vapor added in the media between the strip and the sensor at 15
different temperatures (B+V).
With added water (B+W) between the strip and the sensor at 15 different temperatures.
With both vapor and water (B+VW) added between the strip and the sensor at 15 different
temperatures.

We also had at our disposal emission spectra of an oxidized strip in the same conditions:


Without anything added in the air between the strip and the sensor at 14 different temperatures
(O+A)
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With vapor added (O+V), 14 recordings at different temperature
With water added (O+W), 14 recordings at different temperatures
With both vapor and water added (O+VW), 14 recordings at different temperatures

Each recording lasts 2 seconds with a sampling frequency of 50Hz so that for each configuration, we have
a hundred spectra. In only 2 seconds, in configurations with added vapor or water the spectrum
gathered changes a lot as it can be seen on Figure 4-1. This means that within one recording at a given
temperature we have interesting variations characteristic of possible spectral variation around one
operating point of the system.

Figure 4-1 Image of the signal received in O+W configuration. X axis corresponds to the wavelengths. Y axis corresponds
to time evolution. Color from dark blue to dark red are for the received intensity.

4.2.1.2 Data pre-processing
As usual the pre-processing step is to correct the dark. Here, the recording is very short so it is enough to
simply subtract from the raw data a dark estimated right before the recording by placing a mask in front
of the spectrometer. The next step of preprocessing is to select the interesting wavelengths. We selected
wavelengths first of all wavelengths receiving enough signal. Moreover we erased wavelengths
corresponding to CO2 absorption peak between 𝜆1 and 𝜆2 .
Figure 4-2 shows the initial spectra for the different configurations. Figure 4-3 shows the selected
wavelengths. After this treatment, each spectrum is a vector of dimension 179.
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Figure 4-2 Raw spectra. Colors correspond to the different
experimental configuration.

Figure 4-3 Selected wavelengths of the raw spectra

4.2.2 Estimation of the system’s transfer function 𝒌(𝝀, 𝑻)
To estimate the transfer function of the spectrometer, the strategy is the same as usual. The system is
placed in front of a black body furnace whose emission spectrum is known. We denote 𝐵𝐵(𝜆, 𝑇) the
spectrum measured by the sensor when observing a black body at temperature 𝑇. We have:
𝑘(𝜆, 𝑇) =

𝐵𝐵(𝜆, 𝑇)
𝑃𝑙(𝜆, 𝑇)

As we have seen in section 2, the transfer function, or sensitivity of the spectrometer is not supposed to
depend on the temperature. However, trials showed that 𝑘 was decreasing with the temperature (Figure
4-4 and Figure 4-5). This phenomenon might be due to some defect in the acquisition procedure but we
cannot explain it yet. However we chose to take this phenomena into account by adding a temperature
dependency in the definition of 𝑘. For values of 𝑇 not measured in front of the blackbody, we estimate
𝑘(𝜆, 𝑇) by a simple linear interpolation.
One last thing important to notice is that the sample of steel painted in black doesn’t have exactly the
same behavior as a real black body. We denote 𝐵𝑆(𝜆, 𝑇) the emission spectra of the black steel at
temperature 𝑇. We have : 𝐵𝑆(𝜆, 𝑇) = 𝜖𝐵𝑆 (𝜆, 𝑇) × 𝐵𝐵(𝜆, 𝑇). Once again we are not expecting 𝜖𝐵𝑆 the
emissivity to vary when temperature evolves in the temperature range we are looking at (520-800°C).
However, experimental data showed that the emissivity of the painted sample depends on temperature.
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Figure 4-4 𝒌(𝝀). Each line corresponds to a temperature. Blue
lines are the transfer functions of a real black body. Red lines
the transfer functions of the painted black steel used in the
first set of trials.

4.2.3

Figure 4-5 𝒌(𝑻). Each line corresponds to a wavelength.
Blue lines are the transfer functions of a real black body.
Red lines the transfer functions of the painted black steel
used in the first set of trials.

Model calibration using O+VW

4.2.3.1 Density estimation of 𝝐 × 𝜶 for O+VW
For our problem, we want to estimate the density of 𝑋 in the configuration O+VW. A natural idea is then
to use only data gathered in this configuration O+VW. We have a set 1400 spectra that we can split in
two subsets: one for training and one for testing.
Let us call 𝐴(𝜆) = −log(𝜖(𝜆) ∙ 𝛼(𝜆)) the pseudo-absorbance. For a spectrum, 𝑂𝑏𝑠(𝜆), emitted by the
strip with a known temperature 𝑇, we have:
𝐴(𝜆) = −𝑙𝑜𝑔 (

𝑂𝑏𝑠(𝜆)
𝑂𝑏𝑠(𝜆)
)
) = −𝑙𝑜𝑔 (
𝑘(𝜆, 𝑇) ∙ 𝑃𝑙(𝜆, 𝑇)
𝐵𝐵(𝜆, 𝑇)

The notion of pseudo absorbance doesn’t bring anything new to the model. However, we will use it later
on because this quantity is used a lot in spectral analysis state of the art. Moreover, this will be more
convenient to work with quantities which can be decomposed into sums.
With a training set of 700 spectra randomly extracted from the set O+WV we can learn the density
function of 𝐴(𝜆). 𝐴(𝜆) is a random vector of size 179, thus 700 spectra is not enough to estimate its
density without any prior dimension reduction. We write:
𝑛

𝐴(𝜆) = ∑ 𝑏𝑖 ∙ 𝑆𝑝𝑖 (𝜆) + Ρ(𝜆)
𝑖=1

Where:



𝑆𝑝𝑖 (𝜆) are deterministic spectra. They are the n first principal components of the training set.
𝑏𝑖 = ⟨𝐴(𝜆)|𝑆𝑝𝑖 (𝜆)⟩ are random variables ( ⟨. |. ⟩ denotes the scalar product).
𝐵 = (𝑏1 , 𝑏2 , … , 𝑏𝑛 )𝑇 is a random vector whose density will have to be estimated.
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Ρ(𝜆) is a random vector, residual of the PCA decomposition.
𝑛, the number of components used in the decomposition is a fixed parameter which will be
chosen by cross validation.

We now make the hypothesis that 𝑎 and 𝜌(𝜆) are independent. Since PCA decompose signal into
uncorrelated features this hypothesis is a reasonable assumption. We have then:
𝑃(𝐴 = 𝑎) = 𝑃(𝐵 = 𝑏) ∙ 𝑃(Ρ = 𝜌) ≈ 𝑃(𝐵 = 𝑏) ∙ 𝑃(‖Ρ‖ = ‖𝜌‖)
𝑛 must be small enough so that the number of spectrum used to estimate the density of 𝐵 is reasonable
and big enough so that 𝜌 doesn’t contain important information which could be erased by taking
𝑃(Ρ = 𝜌) ≈ 𝑃(‖Ρ‖ = ‖𝜌‖).
The density function of 𝐵 is estimated using a Gaussian mixtures model with parameters fitted through
an EM algorithm (see section 1.2.4). The number of Gaussians 𝑝 to use to model the distribution of 𝐵 is a
parameter to choose carefully.
Looking at the distribution of ‖Ρ‖ on the training set (Figure 4-6) we see that an exponential distribution
is a reasonable choice to estimate its density. The parameter 𝜇 of the exponential is fitted with a plug in
‖𝜌‖. With ̅̅̅̅̅
‖𝜌‖ the mean norm of 𝜌 on the training set.
estimator : 𝜇̂ = ̅̅̅̅̅
4.2.3.2 Results
In our final model we took four principal components to describe the observed absorbance spectrum
(𝑛 = 4). Four PCs explain here 99% of the data variability. We took five Gaussians to describe the
distribution of 𝐵 (𝑝 = 5). And we computed 𝜇̂ = 467.6.
Now that we have a density estimate for a pseudo absorbance vector 𝐴(𝜆) we can estimate the
temperature of an observed spectrum 𝑂𝑏𝑠(𝜆) using a maximum likelihood estimator.
For each temperatures 𝑇 = 𝑇0 in the range 300°C to 1000°C with step size of 5°C we compute the
likelihood of 𝑇0 :
ℒ((𝑇0 |𝑂𝑏𝑠)~ ℒ(𝑂𝑏𝑠|𝑇0 ) = ℒ(𝐴 = 𝑎) = ℒ(𝐵 = 𝑏) + ℒ(‖Ρ‖ = ‖𝜌‖)
Where 𝑎 = − log(𝑂𝑏𝑠) + log(𝐵𝐵(𝑇0 )) = ∑𝑛𝑖=1 𝑏𝑖 ∙ 𝑆𝑝𝑖 (𝜆) + ρ(𝜆)
The temperature prediction results obtained with this model can be seen on Figure 4-7 and Figure 4-8.
The mean absolute error is of 17.1°C. The 90% percentile of the absolute error is 35°C which is rather
satisfying.
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Figure 4-6 Distribution of ‖𝝆‖ and fitted exponential law
(green line). Model trained on half of the O+VW samples.

Figure 4-7 Temperature estimation error repartition. Model
trained on half of the O+VW samples.

Figure 4-8 Boxplots of the temperature estimates. Each boxplot corresponds to one temperature and contains about 50
spectra. The model used is the model trained on half of the O+VW samples. Green line is the real temperature.

4.2.4 Model calibration without using O+VW
The previous model gave interesting results. However, the model is not flexible enough if we want to use
it on spectra gathered in slightly different acquisition conditions. To have a flexible model which can be
modified to better fit industrial recording conditions we have to take advantage of the
emissivity/transmissivity decomposition of the absorbance described in section 4.1.2.
In this calibration procedure we will train the model only on data gathered in configurations B+W, B+V
and O+A. Spectra gathered in condition O+WV will be used to test the model. The advantage of such a
model will get clearer in section 4.3 when we will have to adapt the model to industrial conditions.
4.2.4.1 Generating virtual data for training
For each recording in configuration 𝑋 + 𝑌 at a given temperature 𝑇 we denote 𝑂𝑏𝑠𝑋+𝑌 (𝑇) the mean
observed spectra over the all recording.
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To estimate the density of the absorbance spectra, 𝐴𝑂+𝑉𝑊 in the configuration O+VW without using
spectra measured during the corresponding experiment step one has to generate virtual spectrum using:


Absorbance spectra measured during the experiment B+V to characterize transmissivity of
vapor. We define the absorbance spectrum of a spectra measured in configuration B+V at
temperature 𝑇 as 𝐴𝑉 (𝑇) = − log(𝑂𝑏𝑠𝐵+𝑉 (𝑇)) + log(𝐵𝑆(𝑇)).



Absorbance spectra, measured during the experiment B+V to characterize transmissivity of
water. We define similarly as above 𝐴𝑊 (𝑇) = − log(𝑂𝑏𝑠𝐵+𝑊 (𝑇)) + log(𝐵𝑆(𝑇)).



Absorbance spectra, 𝐴𝑂 , measured during the experiment O+A to characterize emissivity of the
oxide. We define 𝐴𝑂 (𝑇) = − log(𝑂𝑏𝑠𝑂+𝐴 (𝑇)) + log(𝐵𝐵(𝑇)).

We generate spectra the following way:
𝐴̃𝑂+𝑊𝑉 (𝑐, 𝑇1 , 𝑇2 , 𝑇3 ) = 𝐴𝑂 (𝑇1 ) + 𝑐 ∙ 𝐴𝑉 (𝑇2 ) + (1 − 𝑐) ∙ 𝐴𝑊 (𝑇3 )
Where



𝑐 is here to simulate different possible proportions of Water/Vapor in the air between the strip
and the sensor. 𝑐 takes values: 0,0.25, 0.5, 0.75, 1 and 1.25.
(𝑇1 , 𝑇2 , 𝑇3 ) takes all the possible values.

Figure 4-9 shows the absorbance spectra obtained in the different laboratory configurations. One
interesting thing to see on these spectra is that the presence on vapor in the air (yellow, black, pink and
cyan curves) is characterized by an absorption peak around 𝜆𝑉 .
Figure 4-10 shows in blue lines some of the virtual absorbance spectra generated by the pipeline
described above. Those spectra are to be compared with the absorbance spectra obtained in
configuration O+VW (lines with circles markers). We see that virtual spectra reproduce real spectra
rather well.
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Figure 4-9 Absorbance spectra
experimental configuration.

in

the

different

Figure 4-10 Some of the generated virtual absorbance spectra
(blue lines) and some of the real O+WV absorbance spectra at
different temperature.

Once sample of virtual spectra 𝐴̃𝑂+𝑉𝑊 have been generated, one can estimate their density using the
method described in section 4.2.3.1.
4.2.4.2 Results
In our final model we took four principal components to describe the observed absorbance spectrum
(𝑛 = 4). Four PCs explain here 99% of the data variability. We took five Gaussians to describe the
distribution of 𝐵 (𝑝 = 5). And we computed 𝜇̂ = 459.4.
Results are gathered on Figure 4-11 and Figure 4-12. The mean absolute error is of 23.8°C. The 90%
percentile of the absolute error is 50°C which is 15°C higher than with the model trained on non-virtual
data.

Figure 4-11 Boxplots of the temperature estimates. Each
boxplot corresponds to one temperature and contains 100
spectra. Model trained on virtual data. Green line is the real
temperature.

Figure 4-12 Temperature estimation error repartition. Model
trained on virtual data.
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Since the virtual spectra have been artificially produced, they cannot represent perfectly well
distribution of real O+VW spectra. This is why our results are worst. We can illustrate that the virtual
model is not perfectly well fitted to the real data by comparing the distributions of the virtual data,
[𝐵𝑣𝑖𝑟𝑡𝑢𝑎𝑙 , ‖Ρ𝑣𝑖𝑟𝑡𝑢𝑎𝑙 ‖], and the distribution of the real data, [𝐵𝑂𝑉𝑊 , ‖Ρ𝑂𝑉𝑊 ‖] (where 𝐵𝑂𝑉𝑊 and ‖Ρ𝑂𝑉𝑊 ‖
are computed with the real temperature). We see that those two distributions are very different. In
particular this is very clear if we look at the distributions of 𝐵3 (Figure 4-13). Figure 4-14 shows the
distribution of ‖Ρ‖. As we could have expected, the values of ‖Ρ‖ are higher on real than on virtual data.
This makes sense because the PCs have been computed to fit virtual spectra. We tried to take this
predictable phenomenon into account by changing the prior distribution of ‖Ρ‖ in our model for
likelihood estimation to an exponential distribution with smaller parameter (red full line on the figure) or
to a gamma distribution (red dotted line). However, this didn’t give better results of temperature
estimation.

Figure 4-13 Distribution of 𝑩𝟑,𝒗𝒊𝒓𝒕𝒖𝒂𝒍 (green) and 𝑩𝟑,𝑶𝑽𝑾
(blue)

Figure 4-14 Empirical distributions of ‖𝚸𝒗𝒊𝒕𝒖𝒂𝒍 ‖ (green) and
‖𝚸𝑶𝑽𝑾 ‖ (red). Lines are fitted exponential and gamma
distributions.

Even if this model didn’t work perfect on laboratory data, the results are satisfying enough for us to try it
on industrial data.

4.3 Industrial trials
4.3.1 Data set
The spectrometer was placed online just above the strip and recorded the emission spectra of 62 coils.
Almost at the same place, we had a pyrometer giving an estimation of the strip’s temperature. As we
said before this estimation is not reliable because pyrometer don’t work if we don’t know the emissivity
of the strip and the transmissivity of the environment. The pyrometer gives in fact a lower bound of the
real temperature. The plant uses a model based on the pyrometer measurement and added knowledge
about the strip and its environment to have a better estimate of the temperature. The results of our
model will be compared to this pyrometer-based model.
4.3.2 Model adaptation
To be representative of industrial recording conditions, our model needs to be adapted in several ways.
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4.3.2.1 Integration time
During industrial trials, the spectrometer was placed further away from the target so that the amount of
water/vapor crossed by light before reaching the spectrometer is more important than in laboratory
conditions. Beer-Lambert’s law (section 1.1.2.2) tells us that the received intensity will thus be lower. In
reality, the received intensity was so much lower that the integration time (exposure time of the lens to
light) of the spectrometer had to be increased from 0.113ms to 0.512ms. In these conditions, industrial
and laboratory spectra are not directly comparable. To compensate for this change in the data
acquisition process, we make the approximation that recorded intensity is proportional to integration
time and add an “integration time correction” step to the pre-processing of the spectra:
𝑃𝑟𝑒 − 𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑒𝑑 𝑠𝑝𝑒𝑐𝑡𝑟𝑎(𝑡, 𝜆) =

0.113
∙ (𝑅𝑎𝑤 𝑠𝑝𝑒𝑐𝑡𝑟𝑢𝑚(𝑡, 𝜆) − 𝑑𝑎𝑟𝑘(𝑡0 , 𝜆))
0.512

4.3.2.2 Beer-Lambert’s Law
As we said before, the amount of water/vapor crossed by the light between the strip and the sensor is
bigger in industrial conditions and this has to be taken into account in our model. This is where we see all
the interest of constructing virtual absorbance spectra as linear combinations of emissivity spectra,
water absorbance spectra and vapor absorbance spectra. Indeed, Beer-Lambert’s law tells us that the
absorbance spectrum received by the spectrometer can be written as follows:
𝐴(𝜆) = 𝐴𝑂 + 𝑐𝑉 ∙ AV + 𝑐𝑊 ∙ 𝐴𝑊
Where 𝑐𝑉 and 𝑐𝑊 represent the amount of vapor and water crossed by the light (related to the distance
between the strip and the sensor and to the concentration of vapor/water in the air).
Base on this equation, we can generate a new virtual set of absorbance spectra which will be more
representative of spectra gathered online. The formula used for generating virtual data is the following:
𝐴̃𝑂+𝑉𝑊 = 𝐴𝑂 + 𝑑 ∙ (𝑐 ∙ AV + (1 − 𝑐) ∙ 𝐴𝑊 )
Where 𝑑 represents the distance between the strip and the sensor and 𝑐 is the relative concentration of
water/vapor in the environment. In practice we used values of 𝑑 in the set [4,5,6,7,8,9] and values of 𝑐 in
the set [0,0.5,1]. The range of variation for 𝑑 was chosen so as to bring the virtual and industrial spectra
to approximately the same level of intensity.
4.3.2.3 Oxidation level of the strip
One last model adaption step has to be done on the data. The oxidation levels of the steel samples used
during laboratory trials are not completely representative of what happens online. Thus the emissivity of
the steel measured in laboratory is not very realistic. However, some experiments were led to measure
very precisely the online emissivity spectrum. These measures were done using a spectro-radiometer
which is a devise measuring spectra with a very high spectral resolution. Thanks to these measurements,
we can inject more realistic spectra 𝐴′𝑂 into the generation of virtual spectra for density approximation:
𝐴̃𝑂+𝑉𝑊 = 𝐴′𝑂 + 𝑑 ∙ (𝑐 ∙ AV + (1 − 𝑐) ∙ 𝐴𝑊 )
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Figure 4-15 shows a comparison between emissivity measured with the spectrometer on samples used
for the laboratory trials and emissivity measure with a spectro-radiometer on more realistic steel
samples. Since we have only three samples of steel measured with the spectro-radiometer, we need to
generate more spectra (we need 15) in a realistic way. This was done by taking linear combinations of
the radio-spectrometer spectra. The coefficients of the linear combinations were chosen so has to keep
the virtually generated emissivity spectra in-between the real spectra.

Figure 4-15 Emissivity measured with spectro-radiometer (red lines) and emissivity measured with the spectrometer
(blue lines). Highest red line corresponds to red oxidation (not realistic online); the three lines (two lines are almost
confused) bellow are grey and black oxidations which are a more realistic oxidation level online.

4.3.3 Results
Now that the way we generate data for model calibration has been adapted to industrial trials
conditions, we tested our model on several coils. The results of this trial are very mixed.
First of all, we saw that the setting of the spectrometer wasn’t satisfying for every coil. For some coils the
sensor has saturated (integration time too long) for some other the measured signal was too low
(integration time too short). This shows that the amount of water/vapor present in the environment has
a wide range of variation, much wider than what was simulated in laboratory conditions.
Secondly, among the 62 coils observed, we had:
-

-

12 coils for which we were able to get reasonable temperature estimates all along the coil:
Figure 4-16.
21 coils for which we were able to get reasonable temperature estimates almost all along the
coil except in some area where the signal was too low to make any estimation (negative signal
after dark correction).
9 coils where the signal was so low that the pyrometer couldn’t measure anything whereas we
were able to make some realistic temperature estimations at some point of the coil (not all
points): Figure 4-17.
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-

-

9 coils for which the estimated temperature was rather unstable so that we had realistic
temperature estimates as well as non-realistic estimates (temperature below the pyrometer
measure): Figure 4-18.
8 coils for which the temperature estimates were completely wrong though there were no
acquisition problem: Figure 4-19.
3 coils for which the spectrometer saturated.

On the following figures, the green line is the pyrometer measure, the red line is the pyrometer-based
model used by the plant for temperature estimation and the blue dots are our temperature estimates.

Figure 4-16 Coil for which we have satisfying temperature
estimates

Figure 4-17 Coil emitting a very low signal (a lot of
water/vapor) for which we are able to make some estimates.

Figure 4-18 Coil with unstable temperature estimates

Figure 4-19 Coil with non-satisfying temperature estimates.

4.4 Conclusion
Laboratory trials gave interesting results which let us think that temperature estimation in an unstable
environment using emissions spectra is possible. Since we lacked of reliable temperature values to trust
for evaluating our online model, we couldn’t quantify properly the quality of our online temperature
estimates. However, we saw that the online trials results are very mixed. Even though we got satisfying
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results on some coils, for a lot of other coils, we could surely say that our model gave completely wrong
results.
To calibrate a model adapted for industrial settings, we made a lot of changes compare to laboratory
trials and a lot of approximations which are as many uncontrolled sources of error:








Unexplained dependency of the sensor’s transfer function, 𝑘, with the temperature. This
unexplained dependency is all the more a problem that the studied temperature range is
different in laboratory and industrial conditions.
Changes of the integration time. In reality the measured intensity is not simply proportional to
the integration time.
Changes of distance between the sensor and the strip.
Wider range of variation in the amount of water/vapor in industrial conditions than in laboratory
conditions. In particular in industrial conditions for some coils there is a thick layer of water
flowing on the strip, something which was not simulated in laboratory at all.
Oxidation level of the strip used in laboratory trials is not completely representative of the real
industrial oxidation level.

Better controlling all these error sources would be a good way to improve our results. In particular it
would be interesting to do laboratory trials in more realistic conditions, with more modalities of
oxidation, water and vapor for each temperature point. This would be a way to better calibrate the
model for industrial trials.
Finally we could also imagine improving the online estimation by:




Adding a prior factor on the temperature estimate based on the pyrometer measures (since we
know that temperature cannot be below the pyrometer measure) or based on the neighboring
temperature estimates (since we know that a non-smooth change of temperature is not
possible).
Introducing additional measurements to give an idea of the environment (amount of
water/vapor).

67

5 Defect detection on samples of varnish
5.1 Introduction
At the end of the production process, steel strips are often covered with a layer of varnish. Once this is
done the strip is inspected with a very high resolution linear grey-level camera to detect defects. Nature,
size, color and shape of the defects vary a lot. Some of the defects are really hard to see with the grey
level camera. Getting spectral information on the varnishes could be interesting to help detecting those
anomalies more easily and getting some ideas about their nature not given by a grey level camera (lack
of varnish, oxidation, pick-up, burned varnish…).
Devices like spectrometers enable to get a point measure of the light spectrum in a given spectral range
(visible, infrared, ultraviolet…) but don’t give any spatial information. In laboratory we were able to
construct a sensor combining the spectral resolution of a spectrometer with the spatial resolution of a
linear camera to get at the same time spectral and spatial information about the light emitted by an all
line of pixels on an object. By letting an object filing past the linear sensor, we are able to re-construct its
spectral image. The final output of the device is an image in three dimensions where the third dimension
corresponds to the different wavelengths measured with the “linear spectrometer”. Two linear
spectrometers with two different spectral ranges were built in laboratory and used to inspect the surface
of different varnish samples.
The data set to be studied in this consists in pictures of 21 samples of steel covered with a thin layer of
varnish. Each sample presents a defect on the steel surface. Nature, size and shape of the defect change
a lot. The images were gathered in laboratory conditions using specular reflection with an angle of 45°.
This simply means that a light beam is send in direction of the surface to be studied with an angle of 45°
and the linear spectrometer measures the beam reflected at right angle by the surface.
The pictures were taken by two different devices:
A linear spectrometer, SENS1, with spectral range 𝜆𝑠𝑡𝑎𝑟𝑡1 - 𝜆𝑠𝑡𝑜𝑝1 , with 380 spatial pixels
and with 50 wavelengths (or spectral pixels).
Another linear spectrometer, SENS2. This device gets a very high spectral resolution with
512 wavelengths measured in the range 𝜆𝑠𝑡𝑎𝑟𝑡2 -𝜆𝑠𝑡𝑜𝑝2 . It also has a better spatial resolution
than the first sensor, SENS2, with its 640 spatial pixels.
With the images of varnish, the goal is to evaluate the possibility of detecting defects using spectral
images. In particular we wanted to compare the ability to detect defects of the two sensors. This part
will give mostly qualitative results and will give the reader some ideas of how spectral analysis can be
improve if we can combine spectral and spatial analysis.
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Figure 5-1 Example a defect seen
with a gray-level camera in the
visible. Sample 29.

Figure 5-2 Example of a defect seen with a
gray-level camera in the visible: pick-up.
Sample 14.

Figure 5-3 Example of a defect seen
with a grey-level camera in the
visible: exfoliated line. Sample 34

5.2 Data pre-processing
5.2.1 Principles of dark and sensitivity correction
Images recorded by linear spectrometer have to be corrected to get the useful signal using the following
formula:
𝑈𝑠𝑒𝑓𝑢𝑙 𝑠𝑖𝑔𝑛𝑎𝑙( 𝜆, 𝑥, 𝑦) =

𝑅𝑎𝑤 𝑠𝑖𝑔𝑛𝑎𝑙( 𝜆, 𝑥, 𝑦) − 𝐷𝑎𝑟𝑘(𝜆, 𝑥)
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦(𝜆, 𝑥)

The analogy with the correction of a spectrometer’s raw signal is clear. We also notice the dissymmetry
of directions 𝑥 and 𝑦. This dissymmetry is related to the fact the device used to construct the image is a
linear device constructing pixels successively.
The dark is evaluated at the beginning of the acquisition process by putting a mask in front of the sensor.
Sensitivity is a quantity qualifying the transfer function of the sensor. The sensitivity of the linear
spectrometer is hard to measure. However for anomaly detection on a spectral image, the real shape of
the spectrum is not really important. We are mostly interested in the changes of shape as a function of
the position (𝑥, 𝑦) in the image. Thus, a good way around sensitivity correction problems is to look at a
relative image:
𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑠𝑖𝑔𝑛𝑎𝑙(𝜆, 𝑥, 𝑡) =

𝑅𝑎𝑤 𝑠𝑖𝑔𝑛𝑎𝑙(𝜆, 𝑥, 𝑡) − 𝐷𝑎𝑟𝑘(𝜆, 𝑥)
𝑊ℎ𝑖𝑡𝑒(𝜆, 𝑥)

Where 𝑊ℎ𝑖𝑡𝑒(𝜆, 𝑥) is a reference signal obtained by recording a surface as uniform as possible. The
spectra obtained after white correction are called reflectance spectra.
5.2.2 Sensitivity correction applied to the data set
For images measured with the SENS1, the data set contained the image of a uniform steel sample which
could be used as a white reference. However on Figure 5-4 we clearly see vertical lines corresponding.
This shows that the sensitivity correction is not completely satisfactory. The quality of the picture is
much better in direction 𝑦 than in direction 𝑥. The image inhomogeneity in direction 𝑥 is enhanced by
the fact that we also see lines due to lamination during the hot-rolling and cold-rolling processes.
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A natural idea to improve the image obtained after dark and white correction would be to filter the
image (wavelength by wavelength) using filters larger in direction 𝑥 than in direction 𝑦. The anomaly
detection algorithms that we will present later were applied on non-filtered and filtered images
(Gaussian and median filters of different shapes were used, see annex A.1). However the outputs of the
algorithms applied on filtered images weren’t significantly better than the outputs of algorithms applied
on non-filtered images so that we finally chose not to smooth the images here.
For images constructed with the SENS2 we had no picture of a sample uniform enough to be used as a
white reference so that it was decided not to correct the sensitivity (see Figure 5-5). The sensor SENS2 is
a rather stable sensor so that sensitivity as a function of 𝑥 doesn’t change a lot.

Figure 5-4 Preprocessed image of the SENS1 in false RGB colors.
The defect to be seen indicated by the arrows is impossible to
see without further treatments.

Figure 5-5 Corrected image obtained with the SENS2 in
false colors. Small chevrons can hardly be seen in the
middle of the picture.

5.2.3 Other pre-processing step for the images constructed with SENS2
Since SENS2 has more than 500 pixels in the wavelength direction it is necessary to reduce the
dimension of the image to sped-up later computations. This was done by performing a principal
component analysis so as to reduce the image dimension to only 10 channels.

5.3 Anomaly detection using distance to the background
In most of the anomaly detection algorithms for spectral images, the basic idea is to compute for each
pixel, (𝑥, 𝑦), of the image the distance, 𝐷(𝑠(𝑥, 𝑦)), between its spectrum, 𝑠(𝑥, 𝑦), and a reference
spectrum, 𝜇0 , characteristic of the background. One has to choose the appropriate distance measure and
reference spectra depending on the application. Then the further away a pixel is from the reference
spectra the more likely it is that it belongs to a defect.
Looking at the mean spectra of our samples (see Figure 5-6) we see that there are a lot of variations
between samples even if we look at samples with the same type of varnish. This shows that it won’t be a
good strategy to use the same reference spectrum for each sample. Thus, we chose to evaluate a
different reference spectrum for each steel sample. The natural idea we used is to take the mean
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spectrum on the sample as the reference spectrum. This solution is satisfying only if the defect to be
seen is small and the background uniform.

Figure 5-6 Mean reflectance spectra (measured with SENS1)
for each steel sample. Colors represent the type of varnish
used.

Figure 5-7 Example of a defect to be detected (Varnish
sample 26)

5.3.1 Spectral angle map (SAM)
One of the commonly used distance is to compute the angle between spectra, producing as a result what
is called a spectral angle map (SAM) [11], [12].
𝐷(𝑠(𝑥, 𝑦)) = arccos (

𝑠(𝑥, 𝑦)𝑇 ∙ 𝜇0
)
‖𝑠(𝑥, 𝑦)‖ ∙ ‖𝜇0 ‖

This measure has the advantage that the norm of the spectrum is not is not taken into account, which is
a good way to reduce the effect of bad sensitivity correction. However, this also means that we lose
information which could be important. Another problem of this distance is that it treats each wavelength
the same way. So that a wavelength with big, non-interesting intensity variations has the same weight as
a wavelength with small, interesting variations. This is the reason why in the state-of-the-art of spectral
images analysis people rather use a distance in which the spectral covariance matrix is introduced: the
Mahalanobis distance.
5.3.2 Mahalanobis distance
The anomaly detection algorithm using Mahalanobis distance is also called RX-detector [12], [13], [14]. If
we denote Γ0 the spectral covariance matrix of the background in our image Mahalanobis distance is
computed as follows:
𝐷(𝑠(𝑥, 𝑦)) = (𝑠 − 𝜇𝑂 )𝑇 ∙ Γ0−1 ∙ (𝑠 − 𝜇0 )
If the anomaly to be detected is small and the background is uniform a good estimation Γ0 is to use the
overall empirical covariance matrix of the image. This distance is designed to that it gives less weight to
spread out wavelength.
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If we consider that pixels of the background are i.i.d realizations of a random variable with normal
distribution of parameters (𝜇0 , Γ0 ), one can also look at Mahanabolis distance as the log-likelihood of
𝑠(𝑥, 𝑦) under the hypothesis that (𝑥, 𝑦) belongs to the background.
With this observation we can easily imagine some refinement of the Rx-detector in the case we have
some prior knowledge about the distribution of defect’s pixels [15]. This can be the case if the nature of
the defect we are looking for is known and if it has a known spectral signature. If we know what the
target is supposed to look like, we can test the hypothesis 𝐻0 : 𝑠 𝑏𝑒𝑙𝑜𝑛𝑔𝑠 𝑡𝑜 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 against
𝐻1 : 𝑠 𝑏𝑒𝑙𝑜𝑛𝑔𝑠 𝑡𝑜 𝑡ℎ𝑒 𝑡𝑎𝑟𝑔𝑒𝑡. To test the hypothesis we naturally look at the likelihood ratio:
𝐿𝑅(𝑠) =

𝑝(𝑠|𝐻0 )
𝑝(𝑠|𝐻1 )

Under the hypothesis that the two conditional distributions are normal distributions with parameters
(𝜇0 , Γ0 ) and (𝜇1 , Γ1 ) looking at the likelihood ratio is equivalent to looking at what is called the NeymanPearson detector (following equation is obtained by taking the log of 𝐿𝑅(𝑠)):
𝐷(𝑠) = (𝑠 − 𝜇0 ) ∙ Γ0−1 ∙ (𝑠 − 𝜇0 ) − (𝑠 − 𝜇1 ) ∙ Γ1−1 ∙ (𝑠 − 𝜇1 )
We notice immediately that the Neyman-Pearson detector compares the Mahalanobis distance of the
observed spectrum from target and from background. This example of extension of Mahalanobis
distance demonstrates the power of this distance measure. However, in our case, we do not have
sufficient prior knowledge about the anomalies’ statistic and we cannot use the Neyman-Pearson
detector.
On our data set, Rx-detector and SAM gave similar performances. The results on one sample are shown
on Figure 5-8 and Figure 5-9. On these pictures as well as on the following ones we used a “jet” colorscale which means that colors are going from dark blue to dark red and the closer we are to red the
more likely it is that the pixel is a defect. Figure 5-7 shows the original spectral image in false colors. The
main problem of these two algorithms is that it relies on uniformity of the background through the
estimation of the reference spectra 𝜇0 and the covariance matrix Γ0 . In the next section we will explain a
strategy to bypass this constraint.

Figure 5-8 SAM. (Varnish sample 26)

Figure 5-9 Rx-Detector. (Varnish sample 26)
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5.4 Pixel clustering
To avoid the problem of background non-uniformity one can first divide the image into homogeneous
zones and then apply one of the anomaly detection algorithm described above to each homogenous
zone of the image (take the mean and the covariance on each cluster). To cluster the image we chose to
use a Gaussian mixture model (see section 1.2.4).
The following figures (Figure 5-10, Figure 5-11, Figure 5-12, Figure 5-13) show the result of this method
on an example where the defect to be detected is an exfoliated line in direction 𝑦 indicated by the
orange arrow on Figure 5-10. This defect is really hard to see because it is very narrow in direction 𝑥
where we suffer from bad sensitivity correction of the image. Using the Rx-detector cluster by cluster on
the image we are able to highlight the exfoliated line.

Figure 5-10 Example of a sample with two different zones.
The big stain top right is not a defect.

Figure 5-11 Rx-Detector without clustering.

Figure 5-12 Clusters of the image.

Figure 5-13 Rx-Detector applied on each cluster.

One of the difficulties of the clustering is to choose the good number of clusters. If it is too low, the
region may not be homogeneous enough. If it is too high, the defect might form a cluster by itself (see
Figure 5-14). The optimal number of cluster to be used is heavily dependent on the sample.
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Figure 5-14 Clustered image. Example of a defect where the
cluster is a defect

Figure 5-15 Initial false colors image, sample 14. The defect is
a pick-up bump which isn’t detected with the distance to
background algorithms.

5.5 Edge detection
The main weakness of the previous algorithms is that it never takes into account spatial repartition of
the pixels. If we had permutation of the spatial pixels on the image they would have all been classified
exactly the same way. Figure 5-15 illustrates the necessity of taking spatial repartition of the spectra into
account. The defect, a pick-up bump, doesn’t correspond to a change in the nature of the surface (which
is the case for other defect types: lack-of varnish, oxidation…) so that the shape of the spectrum on the
defect will be completely similar to spectra of the background. Thus with the previous algorithms this
defect is impossible to detect. What we want to detect in fact in this case is a spatial discontinuity of the
spectra. In other words, we want to detect edges of the image.
For grey scale images, edge detection algorithms are based on an evaluation of the image Laplacian. The
algorithms look for the zeros of the Laplacian corresponding to changes of convexity on the image (see
annex A.2). However this pipeline is not easily generalizable to multi-channels images. For RGB images
what is often done is to perform an edge detection algorithm on each channel independently before
combining it. This method is not perfectly suited for spectral images because there is no good reason to
consider each channel independently [16].
For spectral images, one of the methods develop for edge detection is to order the pixels of the image to
get a grey level image. Then an edge detection algorithm is applied to the grey level image [17].The idea
of the ordering is to compare how far away each pixel is from its neighbors. The ordering we chose for
our application is called R-ordering.
𝑅𝑜𝑟𝑑𝑒𝑟(𝑠(𝑥0 , 𝑦0 )) =

∑

‖𝑠(𝑥0 , 𝑦0 ) − 𝑠(𝑥, 𝑦)‖

𝑥,𝑦∈𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑

Depending on the images characteristics, one has to choose the right neighborhood and the appropriate
vector norm, ‖. ‖. In our application, we first tried to use 𝐿2 norm with a square window around the pixel
of dimensions 5 × 5 to serve as the neighborhood. On Figure 5-16, it is clear that the neighborhood
chosen is not satisfying. The problem is that the quality and resolution of the image is not as good in
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direction 𝑥 as it is in direction 𝑦. Using a square window will thus highlight in particular discontinuities in
direction 𝑥 and will fail to see discontinuities in direction 𝑦.

Figure 5-16 R-ordering of sample 14. Neighborhood: square
window, size 𝟓 × 𝟓.

Figure 5-17 R-ordering of sample 14. Neighborhood:
rectangular window, size 𝟏 × 𝟓.

One idea, then is to use less neighbors’ pixels in direction 𝑥 than in direction 𝑦. Figure 5-17 shows the
result of R-ordering in the extreme case where the neighborhood is a rectangular window of size 1 × 5.
The results are much more satisfying for this example.
Another idea is to use a weighted window to compute the R-ordering
𝑅𝑜𝑟𝑑𝑒𝑟𝑖𝑛𝑔(𝑠(𝑥0 , 𝑦0 )) = ∑ 𝑊(𝑖, 𝑗) × ‖𝑠(𝑥0 , 𝑦0 ) − 𝑠(𝑥0 + 𝑖, 𝑥0 + 𝑗)‖
𝑖,𝑗

Where 𝑖, 𝑗 ∈ ⟦−ℎ𝑥 , +ℎ𝑥 ⟧ × ⟦−ℎ𝑦 , +ℎ𝑦 ⟧. With ℎ𝑥 , ℎ𝑦 the sizes of half the window in direction 𝑥 and 𝑦.
Figure 5-18 shows the result of this weighted R-ordering with a specific set of weights.

Figure 5-18 R-ordering of sample 14 with a weighted
window.

Figure 5-19 Sample 29. A dig defect really easy to see in the visible
(grey-level image on the left) but impossible to see on the infrared
image (right).

5.6 Conclusion
The lack of information about the exact position of the defect to be seen and the presence of handwritten marks on the sample (arrows, sample id…) make it hard to give any quantitative results of our
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study. However, we could perform an interesting qualitative study which gave the reader an overview of
some classical anomaly detection algorithms. These algorithms were tuned to fit our needs and to
compensate for specific problems related to the quality of our data set (in particular bad sensitivity
correction).
Because of the high variability of the data set (steel and varnish nature, defect size, shape and nature,
background uniformity…) none of the algorithms were shown to work equally well for each sample. If
the right algorithm and right parameters are chosen it is possible to highlight the defect in most of the
cases but the method has to be chosen sample by sample.
Even by tuning algorithms sample by sample some defects were impossible to highlight. In particular,
exfoliated lines (see Figure 5-3), i.e. a very thin line without varnish in lamination direction (direction 𝑦)
were impossible to see clearly. The reason is that the spatial resolution (in direction 𝑥) of the sensor isn’t
good enough. For some other defects (see Figure 5-19) the defect is easy to see in the visible but
impossible to see with the infrared sensors. This comes from the nature of the defect which may not
have any signature in the infrared.
Finally, SENS2 showed a slightly better ability to detect the defects due to its better spatial resolution.
But data from this linear spectrometer were a little bit heavier to process because of the high spectral
resolution (512 wavelengths).
This study shows that linear spectrometers coupled with performant and well-chosen visualization
algorithms could help operators detecting defects online. However, the infrared sensors built in
laboratory will not be able to replace completely grey-level cameras with very high spatial resolution in
the visible. To improve the study the first thing to do will be to better handle sensitivity correction. In
particular one could use the picture of a reference material much more homogeneous than the varnish
sample we used in this study for SENS1 Next step will also be to gather more images, ideally including
defect’s pixels labeled with defect’s nature information, so as to perform a more expansive and
quantitative study. This kind of study would help getting a better understanding of what the defects’
spectra look like so that prior knowledge about the defect could be introduced into target detection
algorithms (through Neyman-Pearson detector for example).

76

Conclusion
During this thesis, we explored ways of processing spectral data to solve some specific problems for steel
industry. We participated in four projects led by ArcelorMittal which had reached different level of
advancement: from preliminary prospective laboratory work (defect detection on varnish) to close to the
final industrial application (detection of defects on hot product). The strategies adopted to tackle the
problems were various but shared some common points. A general pipeline for processing industrial
spectra is the following: raw data pre-processing Temperature correction  eigen-spectra study and
signature extraction + comparison with laboratory results. Each steps of this pipeline had to be
designed specifically for in each case studied here but the general idea remained the same.
Raw data pre-processing consists in dark correction, sensitivity correction, wavelengths selection and
eventually point selection. Our work highlighted the importance of this pre-processing step. Depending
on whether we want to get absolute spectral information or whether relative spectra are enough the
strategy chosen to correct raw data is different. However, the way dark and sensitivity will be corrected
is always something which has to be thought of as much as possible while designing an experimental
protocol. This is a prerequisite to get clean data.
Part of our work after pre-processing consisted in adapting models developed on laboratory data to data
gathered in industrial conditions. One of the main problems we faced when expending a solution to
industrial acquisition conditions is that in industrial conditions the temperature of the observed product
is harder to assess and much more variable. Spectral variations due to temperature variation may be so
important that a spectral signature easily seen in laboratory data disappears completely in online data.
Thus it was necessary to develop models to “correct” temperature variation and extract from an original
spectrum an “eigen-spectrum” independent from the temperature. Depending on the case we could
take advantage of a reliable temperature estimate to correct temperature or we had to estimate the
temperature as a part of the “correction" procedure. The eigen-spectrum was then the useful signal to
look at to reach information about the surface state or the product composition.
To study element signature on eigen-spectra, we’ve illustrated the interest of using constrained
regressions. Constrained regressions are particularly interesting if we can introduce some knowledge
about the signature we expect to see into the constraint. Knowledge about elements or defect signature
can be obtained with laboratory study. However, we noticed that eigen-spectra obtained in laboratory
are sometime very different from industrial eigen-spectra. This phenomenon is not surprising since it is
impossible to reproduce perfectly in laboratory what happens online. The problem is that it makes it
difficult to transpose laboratory results to study data online. Then the regression pipeline describe in
section 3.4.2.3 is a very convenient solution because it constraints a model to look for signatures in the
area we want while letting it enough freedom to find signatures slightly different from what was seen in
laboratory conditions.
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Annex
A

Image processing background

A.1
Image convolution
Image convolution is a two dimensional discrete convolution. It is a commonly used image treatment
step. In particular one uses convolutions to correct noise, smooth pictures or detect edges.
For discrete convolution in 2D, we consider a convolution matrix (also called kernel or weighted mask) 𝑊
of shape (2𝑛 + 1) × (2𝑚 + 1). From an initial image 𝑋 with pixels 𝑥𝑖,𝑗 where 𝑖, 𝑗 represents the position
on the image, we compute a new image 𝑋̃ = 𝑊 ∗ 𝑋 whose pixels’ values 𝑥̃𝑖,𝑗 are such that:
𝑛

𝑚

𝑥̃𝑖,𝑗 = ∑ ∑ 𝑊𝑘,𝑙 ∙ 𝑥𝑖+𝑘,𝑗+𝑙
𝑘=−𝑛 𝑙=−𝑚

In case of multidimensional images of dimension 𝑃, one has 𝑃 different kernels 𝑊𝑝 and applies a
convolution to the image channel by channel.
Image convolutions are used in particular as noise filters. One of the common filters is a Gaussian filter.
Another very common filter is the median filter. For median filters we often use a uniform convolution
matrix and the output is computed as follows:
𝑥̃𝑖,𝑗 =

Median

(𝑊𝑘,𝑙 ∙ 𝑥𝑖+𝑘,𝑗+𝑙 )

𝑘,𝑙∈[−𝑛,𝑛]×[𝑚,𝑚]

A.2
Edge detection for gray-level images
Edge detection is the highlighting of edges on an image. An edge can be defined as a significant change in
the gray-level intensity. Basic idea of edge detection for grey-level images is to say that the rate of
change of a quantity can be measured by the magnitude of its derivative. One of the simplest edge
detection algorithms is called Sobel filter. This operator use convolutions to compute an estimate of the
image gradient in direction 𝑥 and 𝑦.
−1 0 +1
𝐺𝑥 = (−2 0 +2) ∗ 𝐼
−1 0 +1

and

−1 −2 −1
𝐺𝑦 = ( 0
0
0 )∗𝐼
+1 +2 +1

The coefficients of the convolutions matrix are based on a Taylor approximation of the gradient.
The final output of Sobel edge detection algorithm is a grey-level image:
𝐼̃ = √𝐺𝑥2 + 𝐺𝑦2

(Where the operations are done pixel by pixel)
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Sobel operator is only one example of edge detection algorithm which performs rather well. The other
algorithms are however based on the same ideas: approximation of the image gradient or Laplacian
using convolution operations.

B

Laboratory spectra of ARC-H

In laboratory we simulated industrial conditions to favor defect growth on the surface of a sample of
ARC-H. We could observe how emission spectrum of the sample varies as the defect appears on the steel
surface. The goal of this experiment was to investigate the spectral signature of the defect we are
seeking on ARC-H. Figure C-1 shows the result of this experiment. We see that when defects grow the
emissivity increases. Moreover we observe two growing peaks between 𝜆𝑖 and 𝜆𝑗 . [1]

Figure C-1 The pseudo absorbance spectra. [1]

C

Industrial absorbance spectra of vapor

An experiment was led to investigate what vapor absorption spectra look like in industrial conditions.
The spectrometer used in experiments of section 4 was placed online so as to get a transversal picture of
the environment between the strip and the sensor. Since vapor doesn’t emit light by itself, the
environment was to be enlightened by a halogen lamp whose emission spectrum has a given shape 𝜖(𝜆).
If we denote 𝐴𝑉,𝑖𝑛𝑑𝑢𝑠 the absorption spectrum of the industrial vapor, we have
− log(𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝑠𝑖𝑔𝑛𝑎𝑙) = 𝐴𝑉,𝑖𝑛𝑑𝑢𝑠 − log(𝜖)
We don’t know the emissivity of the lamp light. However, we can estimate it. On the recording we
selected a few spectra with the highest intensities. We consider that the mean of these spectra gives a
good approximate of the lamp emissivity (combine with the spectrometer transfer function). For these
spectra we make the hypothesis that there were no vapor in the environment and that no light had been
absorbed by the media between the light source and the sensor.
Figure D- shows a comparison of the laboratory absorption spectra and the industrial one. We see that
industrial spectra are noisier. This is probably due to the fact that the spectrum used as reference to
compute absorbance, i.e. the estimate of 𝜖, is less reliable than the one used in laboratory conditions.
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The absorption peak around 𝜆𝑉 is found in laboratory as well as in industrial measurement. Finally, the
variation range of the absorptivity is wider on industrial data.

Figure D-1 Laboratory (green) and industrial (blue) absorption spectra
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