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ABSTRACT
The near infrared (NIR) spectra technique is an effective approach to predict chemical properties and it is
typically applied in petrochemical, agricultural, medical, and environmental sectors. NIR spectra are usually
of very high dimensions and contain huge amounts of information. Most of the information is irrelevant to
the target problem and some is simply noise. Thus, it is not an easy task to discover the relationship between
NIR spectra and the predictive variable. However, this kind of regression analysis is one of the main topics
of machine learning. Thus machine learning techniques play a key role in NIR based analytical approaches.
Pre-processing of NIR spectral data has become an integral part of chemometrics modeling. The objective of the
pre-processing is to remove physical phenomena (noise) in the spectra in order to improve the regression or
classification model. In this work, we propose to reduce the noise using extreme learning machines which have
shown good predictive performances in regression applications as well as in large dataset classification tasks.
For this, we use a novel algorithm called C-PL-ELM, which has an architecture in parallel based on a non-linear
layer in parallel with another non-linear layer. Using the soft margin loss function concept, we incorporate two
Lagrange multipliers with the objective of including the noise of spectral data. Six real-life dataset were analyzed
to illustrate the performance of the developed models. The results for regression and classification problems
confirm the advantages of using the proposed method in terms of root mean square error and accuracy.

1. Introduction
Near-infrared (NIR) (Pierna et al., 2011) spectroscopy are mainly
used to measure light absorption of the so-called mid-infrared light, in
order to identify and quantify various materials. Spectroscopy in combination with varied multivariate algorithms has played an important
role for fast and nondestructive analysis in petrochemical, agricultural,
medical, and environmental sectors (Liu et al., 2015a; Luypaert et al.,
2007; Kim et al., 2010; Park et al., 2012).
According to the Beer–Lambert law, the absorption of light in a
medium is proportional to the path length and the concentration of
the absorbing agent. That is, there is a linear relationship between
absorbance and concentration when the path length remains constant,
which motivated the use of linear multivariate calibration techniques,
such as multiple linear regression (MLR), principal components regression (PCR) (Keithley et al., 2009) and partial least squares regression
(PLS) (Wilcox et al., 2016).

However, the linearity of the Beer–Lambert law is limited by chemical and instrumental factors, such as, deviations in absorptivity coefficients at high concentrations, non-symmetrical chemical equilibrium, intermolecular reactions, existence of humidity inducing hydrogen bonding, changes in temperature, non-monochromatic radiation,
scattering of light, fluorescence or phosphorescence of the sample, stray
light, nonlinear detector response (Despagne and Luc Massart, 1998),
etc. When the system exhibits strong nonlinear behaviors, classical
linear methods may not completely identify the relationship between
the spectra and corresponding concentrations and thus would produce
large errors in regression and classification problems. Many nonlinear
techniques have been developed, such as, artificial neural network
(ANN) (Hajnayeb et al., 2011), support vector machine (SVM) (Li et al.,
2009), nonlinear partial least squares (Rosipal and Trejo, 2001), etc.
These methods may perform well on nonlinear data but are computationally more complex than linear methods and have the limitation of
being prone to overfitting (Peng et al., 2013).
In the case that the experimental measures deviate from the
Lambert–Beer law, a suitable pre-processing must be considered to
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compensate for this nonlinear behavior. The disadvantage of including
such additional factors is an increase in the complexity of the model
and, in turn, it is likely to have a reduction of the robustness of the
model for future predictions. All pre-processing techniques have the
aim to reduce the noise in the data with the purpose of improving the
characteristics looked for in the spectra. However, there is always the
danger of choosing the wrong type or applying a pre-processing that is
too severe that you may (unintentionally) delete valuable information.
This problem is described in detail by Rinnan et al. (2009).
For near-infrared spectroscopy data, it generally contains linear
and non-linear components in regression or classification problems.
Linear methods may have difficulty obtaining a good performance, since
the non-linearity is usually modeled in a limited way. However, the
linear methods are more simple and stable. The non-linear methods
can provide better performance than the linear methods, but are more
complex. Therefore, a simple, fast, precise and effective method is
required.
In the early 1990s, different authors (Schmidt et al., 1992; Pao et al.,
1994) independently proposed feedforward neural networks comprising
randomly initialized and untrained connections between the input layer
and a hidden layer of non-linear neurons. Then, in the 2000s these
type of networks were revisited under the name of Extreme Learning
Machine (ELM) (Huang et al., 2004). Recently, a comparison of these
neural networks with random weights, for classification and regression
problems, was carried out by Henríquez and Ruz (2018a), also, in Zhang
and Suganthan (2016b), a survey on randomized algorithms for training
neural networks was presented. In this paper, we will use the term ELM
as a reference for randomized feed-forward neural networks (Henríquez
and Ruz, 2018b).
ELM has been successfully applied in many fields (Samat et al., 2014;
Cao et al., 2016). Especially, for NIR data, ELM combined with feature
selection techniques has been used to determine amino acid nitrogen
in soy sauce (Ouyang et al., 2013), total acid content in vinegar (Chen
et al., 2012), pear internal quality attributes (Jiang and Zhu, 2013),
etc. Recently, in Li et al. (2016) was analyzed the feasibility of Fourier
transform infrared transmission (FT-IR) spectroscopy to detect talcum
powder illegally added in tea. In Yang and Sun (2016) the abilities of six
popular multivariate classification techniques are compared, including
ELM. In Bian et al. (2017) ELM was used for near-infrared spectral
quantitative analysis of diesel fuel and edible blend of oil samples.
A main difficulty when working with NIR data is the fact that there
are many pre-processing techniques from which to choose from (more
details in Section 2), and even combinations of them, where different
researchers use arbitrarily such methodologies, in order to achieve
good performance in classification and prediction problems. With this
motivation, there is a need for a robust methodology to solve this
problem. Therefore, we propose to reduce the noise in NIR data by using
a novel algorithm called C-PL-ELM, which has a parallel architecture.
This algorithm has a non-linear layer in parallel with another nonlinear layer, generating a more powerful nonlinear mapping. Using the
soft margin loss function concept (Bennett and Mangasarian, 1992),
we incorporate two Lagrange multipliers as optimization constraints
(similar to the concept of support vector regression (Drucker et al.,
1997)) with the objective of including the noise in spectroscopy data,
thus avoiding the pre-processing of the experimental measures.
The remaining of the paper is organized as follows: In Section 2, we
briefly review some of the most popular pre-processing techniques. The
detail of the proposed C-PL-ELM algorithm is presented in Section 3.
Simulation results and comparisons are provided in Section 4. Section 5
presents discussions on the performance of C-PL-ELM with respect to
the different datasets. Conclusions are drawn in Section 6.

Fig. 1. Illustration of the ELM structure, which consists of an input layer, an output layer
and a single hidden layer.

Applying pre-processing can increase the repeatability/reproducibility
of the method, model robustness and accuracy, although there are no
guarantees this will actually work.
The most widely used pre-processing techniques in NIR spectroscopy
can be divided into two group: scatter-correction methods and spectral
derivatives.
The first group of scatter-corrective pre-processing methods includes
Multiplicative Scatter Correction (MSC), Inverse MSC, Extended MSC
(EMSC), Extended Inverse MSC, de-trending, Standard Normal Variate
(SNV) and normalization. The spectral derivation group is represented
by: Norris-Williams (NW) derivatives and Savitzky-Golay (SG) polynomial derivative filters. The advantages and disadvantages of different
preprocessing techniques are discussed in Rinnan et al. (2009).
Noise represents random fluctuations around the signal that can
originate from the instrument or environmental laboratory conditions.
The simplest solution to remove noise is to perform 𝑛 repetition of the
measurements, and then use the average spectra. The noise will decrease
√
with a factor 𝑛. When this is not possible, or if residual noise is still
present in the data, the noise can be removed mathematically. In Table 1
we describe some commonly used mathematical models.
Therefore, the main goals of pre-processing in this context are:
• Reduce the noise in the spectrum.
• Improve exploratory analysis (e.g., using PCA).
• Improve classification or regression performance.
Different applications with NIR data and their respective preprocessing techniques are shown in Table 2.
3. Extreme learning machines
Extreme learning machine (ELM) (Huang et al., 2006b) is a unifying
learning algorithm which can be used for several learning tasks. It was
originally developed for the single hidden-layer feed forward neural
networks (SLFNs), and then extended to the generalized SLFNs (Huang
et al., 2012). In ELM, the feature mapping function is also called
the activation function. The network structure of ELM is shown in
Fig. 1. In accordance with the ELM’s universal approximation capability
theorems (Huang et al., 2006a), the activation function is required
to be nonlinear piecewise continuous and various activation functions
can be used. Several commonly used activation functions are listed in
Table 3. In the second stage, the output weights are usually analytically
determined by Moore–Penrose generalized inverse.

2. Brief review of Pre-processing techniques
The aim of signal pre-processing is to improve the data quality
before modeling and to remove physical information from the spectra.
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Table 1
Mathematical model of some pre-processing techniques. 𝑥𝑖 or 𝑋 is one original sample spectra measured by the
NIR instrument, 𝑁 is a normalizing coefficient, 𝑘 is the number of neighbor values at each side of 𝑗 and 𝑐ℎ are
pre-computed coefficients, that depend on the chosen polynomial order and degree (smoothing, first and second
derivate). 𝑋𝑐 and 𝑋𝑠 are the mean centered and auto-scaled matrices, 𝑋 𝑗 and 𝑠𝑗 are the mean and standard
deviation of variable 𝑗.
Name
Savitzky-Golay filtering (Savitzky and Golay, 1964)
First derivative (Rinnan et al., 2009)
Second derivative (Rinnan et al., 2009)
Standard Normal Variate (SNV)(Fearn, 2008)

Mathematical model
∑𝑘
𝑥∗𝑗 = 𝑁1 ℎ=−𝑘 𝑐ℎ 𝑥𝑗+ℎ
𝑥′𝑖 = 𝑥𝑖 − 𝑥𝑖−1
𝑥′′𝑖 = 𝑥𝑖−1 − 2𝑥𝑖 + 𝑥𝑖+1
𝑥 −𝑥
SNV𝑖 = 𝑖 𝑠 𝑖

Centering (Stevens and Ramirez-Lopez, 2013)

𝑋𝑐𝑖𝑗 = 𝑋𝑖𝑗 − 𝑋 𝑗

𝑖

𝑋𝑖𝑗 −𝑋 𝑗

Scaling (Stevens and Ramirez-Lopez, 2013)

𝑋𝑠𝑖𝑗 =

Multiplicative Scatter Correction (MSC) (Rinnan et al., 2009)

𝑥𝑖 = 𝑏0 + 𝑏𝑟𝑒𝑓 ,1 𝑥𝑟𝑒𝑓 + 𝑒
𝑥 −𝑏
MSC= 𝑏𝑖 0 = 𝑥𝑟𝑒𝑓 + 𝑏 𝑒

𝑠𝑗

𝑟𝑒𝑓 ,1

𝑟𝑒𝑓 ,1

Table 2
Overview of the applications used with different pre-processing techniques.
Application

Spectral preprocess

Ref.

Detection of talcum powder in tea
Determination of Protein Secondary Structure
Fescue grass powdered, pharmaceutical tablet, corn and meat
Determination of Amino Acid Nitrogen in Soy Sauce

Smoothing, normalized and SNV
Smoothing
SNV
First and second derivative,
SNV and MSC
First and second derivative,
SNV, MSC and smoothing
First and second derivative,
SNV and MSC
Baseline correction
First derivative, MSC, smoothing
EPO and SNV
First and second derivative,
SNV, MSC and smoothing
Baseline correction and normalized
MSC, SNV,
first derivative and smoothing
SNV, first and second derivative
MSC and SNV
SNV
First and second derivative,
MSC, normalization and ECO
SNV
First and second derivative,
smoothing and SNV
First derivative, MSC,
and smoothing

(Li et al., 2016)
(Wilcox et al., 2016)
(Peng et al., 2013)
(Ouyang et al., 2013)

Total acid content (TAC) in vinegar
Determination of Pear Internal Quality Attributes
Production of bioethanol from Pinus radiata pulps
Super premium gasoline adulteration
Predicting Soil Salinity
Minced beef meat adulteration with turkey meat
Interactions of selenium species with living bacterial cells
Quality of frozen guava and yellow passion fruit pulps
Protein and wet gluten in commercial wheat flour
Detection of fungal infections on citrus fruits
Analyze powdered, pure and adulterated sweet potato
Detection of volatile compounds in apple wines
Determination of egg content in dried egg-pasta
Detection of multiple adulterants in kudzu starch
Determination of total phenolic compounds in yerba mate

1
1+exp[−(𝝕⋅𝑥+𝑏)]

𝑔(𝝕, 𝑏, 𝐱) =

Gaussian function
Sine function
Cosine function

𝑔(𝝕, 𝑏, 𝐱) = exp(−𝑏‖𝐱 − 𝝕‖)
𝑔(𝝕, 𝑏, 𝐱) = sin(𝝕 ⋅ 𝑥 + 𝑏)
𝑔(𝝕, 𝑏, 𝐱) = cos(𝝕 ⋅ 𝑥 + 𝑏)
{
1, if 𝝕 ⋅ 𝑥 + 𝑏 ≥ 0
𝑔(𝝕, 𝑏, 𝐱) =
0, otherwise

Hard limit function

𝜷 𝑗 𝑔(⟨𝝕 𝑗 , 𝐱𝑖 ⟩ + 𝑏𝑗 )

∀𝑖 = 1, … , 𝑁,

(Feo et al., 2004)
(Alamar et al., 2016)
(Chen et al., 2017)
(Lorente et al., 2015)
(Ding et al., 2015)
(Ye et al., 2016)
(Bevilacqua et al., 2013)
(Xu et al., 2015)
(Frizon et al., 2015)

(2)

where 𝐻𝑖𝑗 = 𝑔(⟨𝝕 𝑗 , 𝐱𝑖 ⟩ + 𝑏𝑗 ) represents the entry in the 𝑖th row and 𝑗th
column of the hidden layer output matrix 𝐇, 𝜷 = (𝜷 1 , 𝜷 2 , … , 𝜷 𝐿 ) and
̂ = (̂
𝐎
𝐨1 , ̂
𝐨2 , … , ̂
𝐨𝑁 ).
From (Huang et al., 2012), the constrained-optimization problem of
regularized ELM is stated as (C-ELM)

Consider a set of 𝑁 training examples {(𝐱𝑖 , 𝐭𝑖 )}𝑁
⊂ ℜ𝑛 × ℜ𝑚 for
𝑖=1
the supervised learning process, where 𝐱𝑖 = [𝑥𝑖1 , 𝑥𝑖2 , … , 𝑥𝑖𝑛 ]𝑇 ∈ ℜ𝑛
and 𝐭𝑖 = [𝑡𝑖1 , 𝑡𝑖2 , … , 𝑡𝑖𝑚 ]𝑇 ∈ ℜ𝑚 are the input vector and output vector,
respectively, and the mathematical model of a SLFNs with 𝐿 hidden
nodes is described as
̂
𝐨𝑖 =

(del P. Castillo et al., 2015)
(Mabood et al., 2017)
(Liu et al., 2015b)
(Alamprese et al., 2016)

̂ = 𝐇𝜷,
𝐎

3.1. Constrained-optimization-based ELM

𝐿
∑

(Jiang and Zhu, 2013)

with respect to the input sample 𝐱𝑖 , and ⟨𝝕 𝑗 , 𝐱𝑖 ⟩ = 𝝕 ⋅ 𝑥 denotes the
Euclidean inner product.
For all 𝑁 samples, an equivalent compact form of (1) can be written
as

Table 3
Commonly used activation function in ELM.
Sigmoid function

(Chen et al., 2012)

min  =
𝜷,𝜉𝑖

𝑁
1
𝐶∑ 2
‖𝜷‖ +
𝝃
2
2 𝑖=1 𝑖

subject to: 𝐡(𝐱𝑖 )𝜷 = 𝐭𝑖 − 𝝃 𝑖 , ∀𝑖 = 1, … , 𝑁,

(3)
(4)

where 𝐶 and 𝝃 are the cost parameter and slack variables of the Lagrange
optimization function respectively. 𝐭𝑖 is the corresponding target of the
training data samples 𝐱𝑖 . The Lagrangian for this optimization problem
is

(1)

𝑗=1

where 𝑏𝑗 ∈ ℜ is the bias, 𝑔 here represents the activation function of
the network, 𝜷 𝑗 ∈ ℜ𝑚 is the link connecting the 𝑗th hidden node to
the output node. 𝑔(⟨𝝕 𝑗 , 𝐱𝑖 ⟩ + 𝑏𝑗 ) is the output of the 𝑗th hidden node

(𝜷, 𝜶, 𝝃) =
15

𝑁
𝑁
1
𝐶∑ 2 ∑
‖𝜷‖ +
𝝃𝑖 −
𝜶 𝑖 (𝐡(𝐱𝑖 )𝜷 − 𝐭𝑖 + 𝝃 𝑖 ),
2
2 𝑖=1
𝑖=1

(5)
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where 𝜶 𝑖 is the Lagrange Multiplier of the optimization function to be
computed by the learning machines. Based on the Karush–Kuhn–Tucker
(KKT) theorem the optimality conditions can be expressed as
⎫
𝜕
= 0⎪
𝜕𝜷
⎪
𝜕
⎪
= 0⎬ , ∀𝑖 = 1, … , 𝑁.
𝜕𝝃 𝑖
⎪
𝜕
= 0⎪
⎪
𝜕𝜶 𝑖
⎭

(6)

By setting the gradient of  with respect to 𝜷 to zero, we can get the
closed-form solution of 𝜷. There are two cases while solving 𝜷. If 𝐿 < 𝑁,
the size of the matrix 𝐇𝑇 𝐇 is less than that of the matrix 𝐇𝐇𝑇 , then the
closed-form solution can be obtained as
(
)
𝐼 −1 𝑇
𝜷 = 𝐇𝑇 𝐇 +
𝐇 𝐓,
(7)
𝐶
where 𝐼 denotes the identity matrix of size 𝐿. If 𝐿 > 𝑁, the size of
the matrix 𝐇𝐇𝑇 is less than that of the matrix 𝐇𝑇 𝐇, the solution of the
equations is
)
(
𝐼 −1
𝐓.
(8)
𝜷 = 𝐇𝑇 𝐇𝐇𝑇 +
𝐶
For the multiclass case, the class label of a sample is formulated as
𝑙𝑎𝑏𝑒𝑙(𝐱) = arg

max {̂
𝐨𝑖 (𝐱)}.

1≤𝑖≤𝑚

(9)
Fig. 2. Illustration of the C-PL-ELM structure. 𝐿 hidden neurons for each parallel layer
with two activation functions 𝜙(⋅) and 𝑔(⋅).

3.2. Description of the proposed method
We propose to avoid the difficult and time consuming pre-processing
stage for NIR data for regression and classification problems by directly
incorporating in the training phase of the machine learning algorithm a
parameter that can handle the noise, and therefore allowing the use of
the NIR data without having to perform any of the pre-preprocessing
techniques mentioned earlier. Given that ELM has shown promising
results in this domain, we will adapt a recent version that considers
a parallel architecture called PL-ELM which improves the predictive
power of the classic ELM (Henríquez and Ruz, 2017b).
The proposed method incorporates two Lagrange multipliers that
mimics support vector regression (SVR) (Drucker et al., 1997) into
the basis of PL-ELM with the idea of mitigating the influence of the
noise in the data samples. Our proposed method is called C-PL-ELM
which is endowed with the ability to effectively deal with non-fixed
and asymmetrical characteristics usually present in NIR data.
The C-PL-ELM algorithm (C-PL-ELM network structure is illustrated
in Fig. 2) begins with the decision function as follows,

̂
𝐨𝑖 =

𝐿
∑

𝜷 𝑗 𝜙(⟨𝐦𝑗 , 𝐱𝑖 ⟩)𝑔(⟨𝝕 𝑗 , 𝐱𝑖 ⟩ + 𝑏𝑗 ),

⎡ 𝑔(⟨𝜛1 , 𝑥1 ⟩ + 𝑏1 )
𝐇𝟐 = ⎢
⋮
⎢
⎣𝑔(⟨𝜛1 , 𝑥𝑁 ⟩ + 𝑏1 )

min  =
𝜷,𝜉𝑖

{

(11)

|𝝃|𝜀 ∶=

𝜙(⟨𝑚𝐿 , 𝑥1 ⟩) ⎤
⎥ ∈ ℜ𝑁×𝐿 ,
⋮
⎥
𝜙(⟨𝑚𝐿 , 𝑥𝑁 ⟩)⎦

(15)

0,

if |𝝃| ≤ 𝜀,

|𝝃| − 𝜀, otherwise.

(16)

where 𝜀 for a Gaussian loss function has to be zero, i.e., 𝜀 = 0 (other
loss functions are described in Smola and Schölkopf (2004)). We can
transform the problem (15) into the solution of the dual problem and
construct the following Lagrangian function

(12)

⋯
⋮
⋯

𝑁
𝑁
1
𝐶 ∑ 2 𝐶 ∑ ∗2
‖𝜷‖ +
𝝃𝑖 +
𝝃
2
2 𝑖=1
2 𝑖=1 𝑖

The soft margin loss function (Bennett and Mangasarian, 1992)
which was used in support vector machines by Cortes and Vapnik
(1995), one can introduce slack variables (𝝃, 𝝃 ∗ ) to cope with, otherwise infeasible, constraints of the optimization problem. In (15), each
training sample has its own corresponding (𝝃, 𝝃 ∗ ) values which are used
to determine whether the training instances fall outside the scope of
𝜀. The penalty parameter 𝐶 > 0 determines the trade-off between the
flatness of the network output and the amount up to which deviations
larger than 𝜀 are tolerated. This corresponds to dealing with a so called
𝜀-insensitive loss function |𝝃|𝜀 described by Smola and Schölkopf (2004):

(10)

where

⎡ 𝜙(⟨𝑚1 , 𝑥1 ⟩)
𝐇𝟏 = ⎢
⋮
⎢
⎣𝜙(⟨𝑚1 , 𝑥𝑁 ⟩)

(14)

subject to: 𝐡(𝐱𝑖 )𝜷 = −𝜀 + 𝐭𝑖 − 𝝃 𝑖 , 𝐡(𝐱𝑖 )𝜷 = 𝜀 + 𝐭𝑖 + 𝝃 ∗𝑖 , ∀𝑖 = 1, … , 𝑁.

𝑗=1

𝐇 = 𝐇𝟏 ◦𝐇𝟐 ,

𝑔(⟨𝜛𝐿 , 𝑥1 ⟩ + 𝑏𝐿 ) ⎤
⎥ ∈ ℜ𝑁×𝐿 ,
⋮
⎥
𝑔(⟨𝜛𝐿 , 𝑥𝑁 ⟩ + 𝑏𝐿 )⎦

̂ = (̂
𝜷 = (𝜷 1 , 𝜷 2 , … , 𝜷 𝐿 ) and 𝐎
𝐨1 , ̂
𝐨2 , … , ̂
𝐨𝑁 ). A least mean squares
solution of (11) can be expressed by 𝜷 = (𝐇𝟏 ◦𝐇𝟐 )† 𝐎, where (𝐇𝟏 ◦𝐇𝟐 )†
is the Moore–Penrose generalized inverse of the Hadamard product
between 𝐇𝟏 and 𝐇𝟐 . We can see from Eqs. (13) and (14) that each
layer has the same number of hidden nodes 𝐿. The Hadamard product
(𝐇 = 𝐇𝟏 ◦𝐇𝟐 ) guarantees that the dimension of the 𝐇 matrix will not
change.
However, the least squares problem is usually ill-posed and one can
employ a regularization model to find a solution, that is,

where 𝐦𝑗 , 𝝕 𝑗 are the weights matrix for each input layer, 𝐱𝑖 the 𝑖th
input sample, 𝜙(⋅) and 𝑔(⋅) are nonlinear activation function and 𝑏𝑗 is
the bias. In relation to the bias term in the output neurons, (Zhang
and Suganthan, 2016a) analyzed empirically the effect of this term,
concluding that the bias term in the output neurons has mixed effects
on the performance, as it may or may not improve the performance.
Therefore, from now on we will only use one bias.
Eq. (10) can be written compactly as
̂ = 𝐇𝜷,
𝐎

⋯
⋮
⋯

(13)

(𝜷, 𝜶, 𝜶 ∗ , 𝝃, 𝝃 ∗ ) =
16

𝑁
𝑁
1
𝐶 ∑ 2 𝐶 ∑ ∗2
‖𝜷‖ +
𝝃𝑖 +
𝝃
2
2 𝑖=1
2 𝑖=1 𝑖

(17)
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𝜶 𝑖 (𝐡(𝐱𝑖 )𝜷 − 𝐭𝑖 + 𝝃 𝑖 ) −

𝑖=1

𝑁
∑

4. Performance evaluation

𝜶 ∗𝑖 (−𝐡(𝐱𝑖 )𝜷 + 𝐭𝑖 + 𝝃 ∗𝑖 ),

𝑖=1

In this section, the performance of the proposed C-PL-ELM learning
algorithm is measured. All the simulations are carried out using the free
R software for statistical computing environment running on a 2.6 GHz
Intel Core i5 and 8 GB-RAM computer. In relation to the scope of the
random weights and biases, the random values are considered typically
in the range [−1, 1] (as we do in this paper), some additional conditions
are considered in Gorban et al. (2016); Li and Wang (2017); Tyukin
and Prokhorov (2009); Henríquez and Ruz (2017a). All the experiment
runs were performed 20 times and averages and standard deviations
are reported. In all the simulations, the input and output variables of
the two regression problems are normalized into the range [0, 1], and
the input variables of the four classification problems are normalized
into the range [−1, 1].

𝐡(𝐱𝑖 ) corresponds to the Hadamard product generated by each parallel layer of the network. (𝝃, 𝝃 ∗ ) are slack variables used to measure the
error above and below the targeted output. (𝜶, 𝜶 ∗ ) are the corresponding
Lagrange multipliers. (17) was proposed for the classic version of the
ELM in Wong et al. (2016) (This algorithm was called CO-ELM-R).
Using the well-known KKT theorem, we have
∑
∑
𝜕
=0→𝜷−
𝜶 𝑖 𝐡(𝐱𝑖 ) +
𝜶 ∗𝑖 𝐡(𝐱𝑖 ) = 0,
𝜕𝜷
𝑖=1
𝑖=1
𝑁

𝑁

(18)

which yields,
𝜷 = 𝐇𝑇 (𝜶 𝑖 − 𝜶 ∗𝑖 ).

(19)

The derivatives of  with respect to the primal variables (𝜶, 𝜶 ∗ , 𝝃, 𝝃 ∗ ),
can be rewritten as follows
𝜕
𝜕𝝃 𝑖
𝜕
𝜕𝝃 ∗𝑖
𝜕
𝜕𝜶 𝑖
𝜕
𝜕𝜶 ∗𝑖
(

= 0 → 𝐶𝝃 𝑖 − 𝜶 𝑖 = 0,

(20)

= 0 → 𝐶𝝃 ∗𝑖 − 𝜶 ∗𝑖 = 0,

(21)

= 0 → 𝝃 𝑖 − 𝐭𝑖 + 𝐡(𝐱𝑖 )𝜷 = 0,

(22)

= 0 → 𝝃 ∗𝑖 + 𝐭𝑖 − 𝐡(𝐱𝑖 )𝜷 = 0.

(23)

By introducing (19) and (20) in (22), we obtain
)
𝐼
𝐇𝐇𝑇 +
𝜶 = 𝐓 + 𝐇𝐇𝑇 𝜶 ∗ ,
𝐶

4.1. Data descriptions
Six spectral datasets were chosen for this study:
Dataset 1 contains a collection of 983 Mid-infrared spectra collected
from different authenticated fruit purees in one of two classes: Strawberry and non-Strawberry (Holland et al., 1998).
Dataset 2 contains 120 spectra of fresh minced meats: chicken, pork
and turkey. Duplicate acquisitions from 60 independent samples (AlJowder et al., 1997).
Dataset 3 contains coffee samples (Briandet et al., 1996) obtained by
Fourier transform infrared spectroscopy with diffuse reflectance sampling. It contains 56 samples (arabica and robusta species, respectively
29 and 27 of each).
Dataset 4 consists of an olive oil dataset obtained using Fourier transform infrared spectroscopy with attenuated total reflectance sampling.
Duplicate acquisitions from 60 authenticated extra virgin olive oils from
4 different countries of origin: Greece, Italy, Portugal and Spain (Tapp
et al., 2003).
Dataset 5 contains near infrared measurements on brick cheese
samples. Also included as independent variables are two temperature
terms. It contains 140 samples and 16 attributes (14 independent and 2
dependent).1
Dataset 6 contains spectra of hydrocarbon mixtures from two different diode array spectrometers. Absorbances from 470 to 1100 nm were
collected. It contains 60 samples and 320 attributes (316 independent
and 3 dependent).1
In Fig. 3 we show the dataset 1, we can see the spectra without preprocessing and with pre-processing. From the same figure we can see
the changes that the spectrum suffers due to different pre-processing
techniques. As we have already described in Sections 1 and 2, the
performance of the algorithms in classification and prediction problems
is strongly influenced by the pre-processing used.

(24)

in the same way, by introducing (19) and (21) in (23), we obtain
(
)
)
𝐼 −1 (
𝜶 ∗ = 𝐇𝐇𝑇 +
𝐇𝐇𝑇 𝜶 − 𝐓 .
(25)
𝐶
By introducing (25) in (24), we obtain
)
(
𝐼 −1
𝐓.
𝜶 = 2𝐇𝐇𝑇 +
𝐶
Also, by introducing (26) in (25), we obtain
)
(
𝐼 −1
𝐓.
𝜶 ∗ = − 2𝐇𝐇𝑇 +
𝐶
Using (12), we have the corresponding Lagrange multipliers
(
)
𝐼 −1
𝜶 = 2(𝐇𝟏 ◦𝐇𝟐 )(𝐇𝟏 ◦𝐇𝟐 )𝑇 +
𝐓
𝐶
(
)−1
𝐼
𝜶 ∗ = − 2(𝐇𝟏 ◦𝐇𝟐 )(𝐇𝟏 ◦𝐇𝟐 )𝑇 +
𝐓.
𝐶

(26)

(27)

(28)
(29)

Finally, we can determine the slack variables using (28) and (29)
𝜶
𝐶
𝜶∗
𝝃 ∗𝑖 =
.
𝐶
𝝃𝑖 =

(30)

4.2. Model performance evaluation

(31)

3.2.1. Algorithm description
Given a training set with 𝑁 points {(𝐱𝑖 , 𝐭𝑖 )}𝑁
⊂ ℜ𝑛 × ℜ𝑚 and 𝐿
𝑖=1
hidden neurons in total with two activation functions (𝜙(⋅), 𝑔(⋅)). Follow
the next steps:

In this paper, root mean square error (RMSE) and accuracy are used
to measure the performance. The RMSE is defined as:
√
√
𝑁
√1 ∑
RMSE = √
(𝑓 (𝑖) − 𝑓𝑜 (𝑖))2
(32)
𝑁 𝑖=1 𝑝

1. Randomly generate input weights using an uniform distribution
[−1, 1] (𝐦𝑗 , 𝝕 𝑗 and biases 𝑏𝑗 )

where 𝑓𝑝 (𝑖) and 𝑓𝑜 (𝑖) are the predicted value and the target value,
respectively. The accuracy is defined as:

2.
3.
4.
5.
6.

Calculate the first parallel layer matrix 𝐇𝟏 using (13).
Calculate the second parallel layer matrix 𝐇𝟐 using (14).
Compute hidden layer output matrix, 𝐇 = 𝐇𝟏 ◦𝐻2 ⊂ ℜ𝑁×𝐿 .
Compute Lagrange multipliers using (28) and (29).
Calculate output weight matrix 𝜷 = 𝐇𝑇 (𝜶 𝑖 − 𝜶 ∗𝑖 ).

Accuracy =

1

17

#(correct classifications)
.
#(all classifications)

(33)

Dataset 5 and 6 were obtained from the Software Pirouette; Infometrix, Inc.
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Fig. 3. Spectra of dataset 1 obtained from: without preprocessing, baseline correction preprocessing spectra, first derivative preprocessing spectra, second derivative preprocessing
spectra.
Table 4
Information of the datasets used.

and

Datasets

Training

Testing

Variables

Classes

Dataset 1
Dataset 2
Dataset 3
Dataset 4
Dataset 5
Dataset 6

632
80
36
80
89
38

351
40
20
40
51
22

235
448
287
570
14
316

2
3
2
4
–
–

𝑔(⟨𝝕, 𝐱⟩ + 𝑏) =

(35)

All the hidden-node parameters (𝐦𝑗 , 𝝕 𝑗 , 𝑏𝑗 )𝐿
are randomly gener𝑗=1
ated based on the uniform distribution.
The user-specified parameters are (𝐶, 𝐿), where 𝐶 is chosen from the
range {10−9 , 10−6 , … , 104 , 109 } for the dataset 1 and {2−20 , 2−10 , … , 210 ,
220 } for the other datasets. The experiment setup is in accordance
to Zheng et al. (2014), that performs a grid search, within a range, to
explore different values of 𝐶.
The number of hidden nodes 𝐿 was also determined by grid search
using the following ranges: from 60 to 300 for dataset 1, 20 to 200 for
dataset 2, 20 to 300 for dataset 3, 50 to 400 for dataset 4, 20 to 300 for
dataset 5, and 100 to 500 for dataset 6.
Seen from Fig. 4, C-PL-ELM can achieve a good generalization
performance as long as the number of hidden nodes 𝐿 is large enough.
However, our proposal is sensitive to the value of 𝐶. In all our simulations on C-PL-ELM with parallel architecture we observed the same
behavior. The best parameters found from Fig. 4 are summarized in
Table 5.

4.3. Analysis and comparisons for C-PL-ELM algorithm

In this subsection, the performance of the proposed C-PL-ELM algorithm is evaluated and compared using four classification problems
and two regression problems. The datasets were randomly divided to
generate the training set and the testing set, respectively. We divided
all the datasets in approximately 70% for training and 30% for testing
to avoid underfitting. The basic information of the datasets are described
in Table 4.
For C-PL-ELM algorithm we used two activation functions,
1
𝜙(⟨𝐦, 𝐱⟩) =
,
1 + exp[−(𝐦 ⋅ 𝑥)]

1
.
1 + exp[−(𝝕 ⋅ 𝐱 + 𝑏)]

4.3.1. Activation functions
In this section, we give a detailed analysis of the different activation
functions. We combined five activation functions (Sig/Sig, Sig/ Sin,

(34)
18
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Fig. 4. Performance of C-PL-ELM with a parallel architecture in function of the user-specified parameters (𝐶, 𝐿).

Sin/Sin, Hardlim/Sin and Hardlim/Sig). The parameters (𝐶, 𝐿) used are
those found in Table 5. The results presented in Table 6 show that the
combination of activation functions impact on the performance of the
proposed algorithm. Overall, we can see that the Sig/Sig activation
function always achieves the best performance in all the cases. For
classification problems, Sig/Sin and Hardlim/Sin activation functions
obtained the worst performances. In terms of RMSE, the worst performance was with Hardlim/Sin (average RMSE of 0.1491 ± 0.0678).

4.3.2. Results
After finding good parameters and the activation function for each
layer, we compared the proposed method with ELM (Huang et al.,
2006b), C-ELM (Huang et al., 2012) and CO-ELM-R (Wong et al., 2016).
In addition, for classification problems, we compared the proposed
method with two popular algorithms used for this type of datasets:
partial least-squares discriminant analysis (PLS-DA) (Bevilacqua et al.,
2012) and support vector machine (SVM) (Li et al., 2009). In regression
19
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Table 5
Best parameters (𝐶, 𝐿) found for the datasets.

5. Discussions

Datasets

𝐶

𝐿

Dataset 1
Dataset 2
Dataset 3
Dataset 4
Dataset 5
Dataset 6

10−1
26
230
2−2
210
2−1

300
200
300
400
200
400

The selection of an appropriate pre-processing technique for NIR
data is a difficult problem. As mentioned in Rinnan et al. (2009) this
can affect the robustness of the model. In the previous sections, we have
proposed a novel method to include the noise from the data in the model.
We use two Lagrange multipliers as optimization constraints (similar to
the concept SVR proposed by Drucker et al. (1997)). We propose an
algorithm without using pre-processing techniques. We believe that a
robust model must include the noise in near-infrared spectroscopy and
should avoid the use of pre-processing techniques.
This paper is a first approach for these types of datasets, we demonstrated that the performance of the proposed algorithm is strongly
influenced by the parameters (𝐶, 𝐿). As mentioned above, the activation
function, the number of hidden nodes and cost parameter are three
important parameters requiring to be optimized, which have great
effects on the predictive accuracy and stability of proposed model. The
best parameters found in this work for the different datasets are shown
in Fig. 4. In addition the best performances (on average) were found for
the following combinations of activation functions:

problems, we compared the proposed method with partial least-squares
(PLS) (Wilcox et al., 2016) and support vector regression (SVR) (Bian
et al., 2016). For SVM and SVR algorithms, a radial basis function (RBF)
was chosen, and the parameters (𝛾, 𝜎) were selected by grid search.
For PLS and PLS-DA models, the number of latent variables (LV) was
determined by cross-validation.
For each case, the training set and testing set are randomly generated
from the complete dataset before each trial of simulation.
Table 7 shows the results for the four classification problems, where
the accuracy (for each model on each dataset) represents the mean
and standard deviation of accuracies for all the datasets used. For the
four datasets the best performance was obtained with the algorithm
C-PL-ELM. The performance is less effective for dataset 3 because it
contains too much noise. The best performance non-ELM algorithm for
classification problems was the PLS-DA algorithm.
Table 8 shows the average results of 20 trials of simulations for all of
these six methods for the two regression problems (dataset 5 and dataset
6). Our proposed method obtained the lowest RMSE values for the two
datasets. For non-ELM algorithms, SVR obtained the best performance
in terms of RMSE.
In Table 9 we compare our model with the results presented in Zheng
et al. (2014). Our results have no pre-processing technique but the
authors in Zheng et al. (2014) use the Savitzky-Golay (Savitzky and
Golay, 1964) first-order derivative with a 5-point moving window (fitted
by a polynomial of two degree). It can be observed in Table 9 that
the proposed C-PL-ELM was better in three out of the four datasets
when evaluated in the test set. The comparisons of the results with the
ones reported in Zheng et al. (2014), can only give a rough idea of the
performance, since comparisons are not based on the same partitions
and proportions of the training and testing examples.
We statistically analyzed the experimental results with a paired 𝑡test with a confidence level 0.05. From the 𝑝-values in Table 10, we can
confirm statistically that the proposed algorithm C-PL-ELM outperforms
ELM, C-ELM, CO-ELM-R, PLS-DA, SVM, PLS, and SVR.

Sig/Sig > Hardlim/Sig > Hardlim/sin > Sin/Sin > Sig/Sin,
in classification problems and
Sig/Sig > Sig/SiN > Hardlim/sig > Sin/Sin > Hardlim/Sin,

6. Conclusion
In this paper, we propose a novel algorithm for the analysis in
near-infrared spectroscopy. We use the algorithm C-PL-ELM with an
architecture in parallel based on a non-linear layer in parallel by
another non-linear layer. We incorporate two Lagrange multipliers as
optimization constraints with the aim of avoiding the pre-processing
of the spectra. The experimental results of this paper are promising

Activation functions
Sig/Sig

Sig/Sin

Sin/Sin

Hardlim/Sin

Hardlim/Sig

54.69 ± 4.30
68.25 ± 9.77
50.75 ± 10.42
23.75 ± 5.16
49.36 ± 7.41

61.82 ± 2.86
56.25 ± 12.65
52.75 ± 11.29
24.75 ± 5.01
48.89 ± 7.95

94.82 ± 0.98
71.51 ± 5.41
81.75 ± 4.66
90.11 ± 3.53
84.55 ± 3.65

0.0072 ± 0.0180
0.2848 ± 0.0185
0.1460 ± 0.0183

0.0238 ± 0.1072
0.2744 ± 0.0285
0.1491 ± 0.0678

0.0172 ± 0.0716
0.2672 ± 0.0261
0.1422 ± 0.0488

Classification problems
Dataset 1
Dataset 2
Dataset 3
Dataset 4
Average

96.39 ± 0.35
99.13 ± 1.22
87.65 ± 2.04
98.18 ± 1.49
95.33 ± 1.28

Dataset 5
Dataset 6
Average

0.0032 ± 0.0003
0.2322 ± 0.0172
0.1177 ± 0.0008

62.27 ± 0.43
58.25 ± 9.77
52.01 ± 10.68
23.25 ± 4.59
48.95 ± 6.37

Regression problems
0.0046 ± 0.0042
0.2701 ± 0.0308
0.1373 ± 0.0175

(37)

in regression problems. Where ‘‘>" means that the method on the left
performs better than the method on the right
In all the previous simulations, we used two hidden layers in parallel
as in Henríquez and Ruz (2017b). However, the effect of using more
parallel layers has not been studied previously. In Table 11, we show
the performance of our proposal using two hidden layers, three hidden
layers, four hidden layers, and five hidden layers in parallel. For this
simulation, we can see that with two hidden layers in parallel the best
performance was obtained.

Table 6
Performance of the proposed model for different combination of activation functions.
Datasets

(36)

Table 7
Results for classification problems in terms of accuracy (%).
Datasets

ELM

C-ELM

CO-ELM-R

C-PL-ELM

PLS-DA

SVM

Dataset 1
Dataset 2
Dataset 3
Dataset 4

95.34 ± 0.95
97.12 ± 2.72
84.75 ± 3.43
97.12 ± 2.12

96.11 ± 0.50
96.37 ± 2.97
86.01 ± 3.01
97.13 ± 1.59

96.12 ± 0.48
98.25 ± 1.16
86.15 ± 2.25
97.09 ± 1.89

96.39 ± 0.35
99.13 ± 1.22
87.65 ± 2.04
98.18 ± 1.49

95.12 ± 2.30
97.45 ± 1.56
79.44 ± 2.17
96.67 ± 1.97

94.87 ± 1.87
96.40 ± 2.21
55.10 ± 2.98
95.78 ± 1.77

20

P.A. Henríquez and G.A. Ruz

Engineering Applications of Artificial Intelligence 79 (2019) 13–22

Table 8
Results for regression problems in terms of RMSE.

Dataset 5
Dataset 6

ELM

C-ELM

CO-ELM-R

C-PL-ELM

PLS

SVR

0.0096 ± 0.0042
0.2421 ± 0.0116

0.0036 ± 0.0008
0.2602 ± 0.0159

0.0035 ± 0.0005
0.2458 ± 0.0151

0.0032 ± 0.0003
0.2322 ± 0.0172

0.0264 ± 0.0078
0.4233 ± 0.0091

0.0109 ± 0.0096
0.3469 ± 0.0198

Table 9
Comparison between (Zheng et al., 2014) and C-PL-ELM in terms of accuracy (%).
Datasets

Zheng et al. (2014)

Dataset 1
Dataset 2
Dataset 3
Dataset 4
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Proposed method

LS-SVM

ELM

C-PL-ELM

96.01 ± 1.88
95.83 ± 2.98
97.50 ± 1.73
95.08 ± 3.92

95.05 ± 3.15
97.78 ± 3.41
100.00 ± 0.00
97.35 ± 3.65

96.39 ± 0.35
99.13 ± 1.22
87.65 ± 2.04
98.18 ± 1.49

Table 10
Statistical significance test for different simulations. The ✓mark indicates that these two
methods are statistically significantly different.
Datasets

M vs M1

M vs M2

M vs M3

M vs M4

M vs M5

Dataset 1
Dataset 2
Dataset 3
Dataset 4
Dataset 5
Dataset 6

✓
✓
✓

✓
✓
✓
✓
✓
✓

✓
✓
✓
✓
✓
✓

✓
✓
✓
✓
✓
✓

✓
✓
✓
✓
✓
✓

✓
✓

M is the proposed C-PL-ELM algorithm.
M1 is the ELM algorithm (Huang et al., 2006b).
M2 is the C-ELM algorithm (Huang et al., 2012).
M3 is the CO-ELM-R algorithm (Wong et al., 2016).
M4 is the PLS-DA or PLS algorithm.
M5 is the SVM or SVR algorithm.

Table 11
Performance of our proposal (C-PL-ELM) with different number of hidden layers in parallel
using dataset 1.
Number of hidden layers in parallel

Accuracy (%)

two
three
four
five

96.39 ± 0.35
95.45 ± 0.65
95.14 ± 0.86
93.66 ± 1.09

and indicate that C-PL-ELM has a good performance in the presence of
spectra with noise. More research in this direction should be considered
with robust models for regression and classification problems for NIR
data with noise.
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