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ABSTRACT

We proposed a deep learning based chemometric data analy-
sis technique. We trained L2 regularized sparse autoencoder
end-to-end for reducing the size of the feature vector to han-
dle the classic problem of curse of dimensionality in chemo-
metric data analysis. We introduce a novel technique of auto-
matic selection of nodes inside hidden layer of an autoencoder
through pareto optimization. Moreover, linear regression, e-
SVR , and Gaussian process regressor are applied on the re-
duced size feature vector for the regression. We evaluated our
technique on orange juice and wine dataset and results are
compared against state-of-the-art methods. Quantitative re-
sults are shown on Normalized Mean Square Error (NMSE)
and the results show considerable improvement in the state-
of-the-art.

Index Terms— Chemometric data,sparse autoencoder,
gaussian process regressor, pareto optimization.

1. INTRODUCTION

The term chemometric refers to the process of extracting
meaningful information from data obtained through a chem-
ical experiment [1]. It is a multidisciplinary field of study
where techniques from statistical modeling, bayesian infer-
ence, deep learning, signal and image processing are applied
for data analysis and achieve objective results. Usually,
data come from fields like chemistry, Pharmaceutics, bio-
chemistry, to name a few. In a nutshell, chemometric consist
of three steps:

e Data acquisition
e Descriptive analysis

e Predictive analysis

Chemometric process begins with data acquisition phase.
In our experiment, data is obtained through spectroscopy. In
spectroscopy, the material under consideration (wine and or-
ange juice in our case) is illuminated with a light source of
specific wavelength and the reflection and transmission prop-
erties are recorded as a function of wavelength. The instru-
ment that is used for measuring the intensity of light ray as
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Fig. 1: Chemometric analysis in a nutshell.

a function of its wavelength is called photometer. The es-
sential characteristics of a spectrophotometer is operational
bandwidth, i.e. the range of wavelengths a spectrophotometer
is capable of working on the test samples. The the transmis-
sion, reflectance and absorption capacities of a test sample are
also important parameters. Modern spectrophotometer works
in the following four steps:

e The light rays of the desired wavelength are passed
through sample under test.

e The incident rays are either transmitted or reflected
from the sample.

e The resultant light falls on photodetector device and
produces current.

e The current produced is amplified and converted into
absorption or transmission values that are later on used
for analysis.

Based on the nature of application, spectroscopic analysis
uses different light source like Ultraviolet-Visible (UV-Vis),
Infrared (IR), Near Magnetic Resonance (NMR) and X-ray.
We will here particularly focus on the IR spectroscopy due to
the fact the two datasets for our analysis are collected through
IR spectrophotometer.
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Fig. 3: Near-IR absorption spectrum of dichloromethane
showing complicated overlapping overtones of mid IR ab-
sorption features

1.1. IR spectroscopy

It deals with the effects of interaction of infrared radiation
with matter for experimental purposes. Infrared spectrom-
eters are used to create infrared spectrum for experimental
analysis on the samples, which is basically a graph of in-
frared light absorbance or transmittance on vertical axis and
frequency or wavelength on horizontal axis, as given in fig. 3.

The infrared portion of electromagnetic spectrum is fur-
ther divided into the following regions;

e Far infrared, with the range 40010 cm!
e Mid infrared, with the range 4000400 em!

e Near infrared, with the range 140004000 emt

The mid infrared region is also called FTIR, where FT
stands for Fourier Transform. It is called FTIR because to get
the actual spectrum a Fourier transform is applied to original
raw data that is obtained through FTIR spectrometer. Near in-
frared spectroscopy (NIR) has found wide use in applications
that are best suited with rapid analyses that allow one to mea-
sure a sample in its natural state, as it does not require sample
preparation.

Then second and third step of chemometric consist of
description and predictive analysis. In descriptive analysis,

properties of chemical systems are modeled for determining
the fundamental relationships and structure of the system.
While in predictive analysis, properties of chemical systems
are modeled for predicting new properties or behavior of
interest. In both cases, the datasets can be small but highly
complex. Depending on the system requirements and com-
plexity levels, the investigative parameters and variables can
range from few hundreds to few thousands resulting into a
large number of outcomes and case studies. This work is
mainly focused on the predictive analysis.

Primarily, the focus is on estimating sugar and alcohol
concentration in orange juice and wine. The data is acquired
through near infrared (orange juice dataset) and mind infrared
(wine dataset) reflectance spectroscopy. The acquired data
suffers from the curse of dimensionality. An autoencoder net-
work has been designed for reducing the data dimensional-
ity and hence addressing this issues. The parameters selec-
tion of network is modeled as an optimization problem and
pareto optimization is used to get the optimal set of parame-
ters. Moreover, three regression models (linear, SVM, Gaus-
sian process) have been used to get the estimation on sugar
and alcohol concentration.

The paper is organized in the following order. In section
2, related work is elaborated. In the section 3, the proposed
method is explained. In section 4, we present autoencoder
training and parameter optimization. The loss function and
the training strategies are explained in section 5 and 6, respec-
tively. Section 7 illustrate our baseline regressor. In section 8§,
quantitative results are presented and section 9 concludes the

paper.

2. RELATED WORK

Generally modern spectroscopic data is multivariate and col-
lected data has components from the entire spectrum instead
of a single wavelength over time (univariate date). It consists
of more variables or features than observations or samples.
This not only creates curse of dimensionality issue but also
the consecutive variables in a spectrum are highly correlated
in nature, that is, some spectral variables can be represented
as linear combination of other independent variables. Pre-



vious work suggests that existence of such high collinearity
between the spectral variables can result in inaccurate pre-
dictions [2, 3]. It is problematic to apply directly statistical
methods due to high collinearity, like multiple linear regres-
sion (MLR) in [4-7].

In order to deal with curse of dimensionality and data
collinearity, different works have been proposed in literature
[8]. Most of the previous work suggests to reduce the number
of variables or features to cope with curse of dimensionality
problem, thus allowing to get more accurate results through
regression techniques. The feature reduction can be gener-
ally achieved in two different methods. The first one contains
selecting the most relevant features based on a chosen crite-
rion from the original set of features [9—12], while in second
case the original features are transformed from one space to
another in such a way to keep the reconstruction error as mini-
mum as possible. This transformation of features set from one
space to another can either be linear or non-linear depending
upon the scope of application. The examples of later method
are Principle Component Regression [13] (PCR) and Partial
Least Square Regression (PLSR) [6]. PCR is composed of
simple linear regression model based on few principle com-
ponents of the original spectral data. While PLSR focuses on
calculating the linear projections that shows maximum cor-
relation with the output or target variable, thus estimating a
linear regression model determined by the projected coordi-
nates. Gujral et al. [14] used unlabeled data for reducing the
the modeling error. Moreover, an analytic study on a sequen-
tial version of Optimal filtering (OF) based PLSR and PCA-
based PLSR is conducted and it has been proved analytically
that OFbased PLSR is equivalent to that of PCAbased PLSR.

Benoudjit et al. [10] proposed linear and nonlinear regres-
sion methodologies which are based upon an incremental rou-
tine for feature selection and using a validation set. In [11,12],
different techniques have been introduced to improve the re-
sults of previous method by choosing the best feature set for
initializing the routine and finding a feature selection strat-
egy that depends entirely on the shared information between
spectral data and target variable. An interesting approach to
the chemometric problem has been discussed in [15], where
instead of traditional feature reduction approach, the whole
information in spectral data space is exploited by using Mul-
tiple Regression System (MRS). In MRS approach, the esti-
mates obtained from a group of regression methods are fused
together through a defined mechanism to get the final esti-
mate. The results obtained from MRS can be more accurate
than single regressor method provided the ensemble is prop-
erly designed. The results obtained from MRS technique out-
perform the ones obtained through traditional feature reduc-
tion techniques such as PCR and PLSR [6, 15].

Douak et al. [16] come up with two stage regression ap-
proach that is based on residual-based correction (RBC) con-
cept. Their basic idea is to correct any adopted regressor,
called functional estimator, by analyzing and modeling its
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residual errors directly in feature space. RBC is particularly a
correction method and not a regressor which does not focuses
on achieving the best possible accuracy on the given data set
but rather improving the estimation model of the given regres-
sion error. In general this proposed technique is suitable for
any regression method. The underlying motivation for RBC
is that it is typically challenging to acquire a single feature set
that is alone capable of giving highly accurate estimates over
the total input space. This is due to the fact that the accuracy
of the estimator depends on the region of the input space to
which the analyzed pattern belongs to.

A semi-supervised approach has been presented in [17],
where the unlabeled samples (whose spectral values are
known, but the corresponding output concentration values
are unknown) are used during the design and configuration of
the regressor model in order to counterbalance the deficiency
in labeled samples. The advantage in those samples come at
no price from the data which is under analysis. Similarly, [ 18]
et al. proposed a semi-supervised Fisher’s linear discriminant
analysis (LDA) for projecting the multivariate chemometric
data into a lower dimensional space for better data separabil-
ity. Consequently, these projections are used to classify test
data into different groups.

Another solution to the problem of collecting training
samples is proposed in [ 1 9], which is based on active learning
approach for classification problems. In active learning the
process starts from a small training set and the samples are
added to it from large amount of unlabeled data until a stop
criterion is reached. The added samples are labeled by human
expert. In case of regression problems, the idea of active
learning is used in [20] for estimation of chemical component
of interest in spectroscopic data. In order to prepare the possi-
ble optimal training set, the process starts from small and sub
optimal training set and iteratively chooses samples from the
set of unlabeled data that gives smaller prediction errors. For
this purpose, two active learning strategies are used in order
to obtain an optimal training set which are tested on various
linear and nonlinear regressors. The proposed method shows
higher performance in terms of estimation accuracy in com-
parison to the methods where features are chosen randomly
for the estimation of chemical components of interest for re-
gression methods. However, the computational cost is higher
due to the nature of learning approaches presented in [20].
In [21], the components of interest from the spectroscopic
data are estimated from the ensemble of regressors using the
induced ordered weighted averaging (IOWA) fusion opera-
tors. In the ensemble of regressors Gaussian process regres-
sion and extreme machine learning (EML) are used which
are characterized with different mapping kernels. These two
estimators have same prediction equation but problem for-
mulation approach is different. In order to cope with model
selection for EML, a novel automatic procedure is developed
that is based on differential evolution. DE provides simple
but powerful evolutionary optimization algorithm that uses



normalized mean square error as performance indicator for
obtaining optimal ELM parameters.

The commonality among existing approaches is, they as-
sumed that the training set is composed of sufficient number
of training samples in order to obtain accurate estimates of
the chemical components of interests through regression tech-
niques. However, the process of obtaining training samples
through spectroscopic technique is complex and costly. It can
be subjected to errors because the concentration measurement
is carried out manually by human experts. Consequently, the
datasets collected for both training and testing purposes are
limited and it possibly affects the performance of the overall
estimation process.

The importance of feature reduction and salient fea-
tures extraction have been highlighted in other computer
vision applications as well like scene understanding [22-24],
crowd analysis [25-27], illuminant estimation [28], segmen-
tation [29, 30], and anomaly detection [31], to name a few.
Similarly, In the last few years, deep learning has shown
outstanding results on a image classification [32], segmenta-
tion [33], and tracking [34, 35] etc. Inspired by the success
of deep learning in such applications, we proposed an auto-
matic deep learning based feature extraction technique. In a
nutshell, deep models learns hierarchical features [36,37] and
have the capability to learn the structure of the underlying
data. We designed an autoencoder neural network [38] for
removing redundant and irrelevant features from the spec-
tral data. It is an automatic feature extraction technique that
is capable of linear and nonlinear feature extraction based
upon the selection of parameters of the architecture. Pareto
optimization technique is applied in order to choose the best
architecture (in terms of model complexity) of autoencoder
for the feature extraction. After extracting meaningful fea-
tures from the original feature set, we exploited 3 repression
techniques (Linear, e-SVR, and Gaussian process regression)
to solved our concentration estimation problem.

3. PROPOSED APPROACH

We focus on estimating sugar and alcohol concentration in
orange juice and wine datasets. The whole pipeline can be
seen in 3 discrete steps. In the first step, date is acquired
from the liquids through near infrared (orange juice data set)
and mid infrared (wine dataset) reflectance spectroscopy tech-
nique Fig. 4 (a,b). In the 2nd step, the acquired data is
processed through auto-encoder neural network for feature
reduction Fig. 4 (c) and then in the last step, three regres-
sion techniques (Gaussian process regressor, linear regressor,
SVM regressor) has been used to estimate the concentration
of the mentioned components Fig. 4 (d). The aim of autoen-
coder is to retrieve set of features which are the best represen-
tation of original data without redundancy. In a nutshell, the
contribution of our work is three folds:
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e We proposed a deep learning based framework for au-
tomatic chromatic data analysis.

e An autoencoder neural network is designed for address-
ing the problem of curse of dimensionality and data
collinearity. Moreover, pareto optimization is used to
struck the optimal number of parameters in the net-
work.

e Three different regressor has been used for estimating
the concentration of sugar and alcohol in the datasets
and extensive experiments are conducted to validate the
proposed scheme.

In the next section 4, autoencoder design, the parameter
optimization and feature reduction strategy is explained.

4. AUTOENCODER

An autoencoder is a neural network that is trained to recon-
struct the input data into the output with minimum amount of
reconstruction error. They are designed in a way not to copy
the input but to learn important and unique feature of the in-
put data. Autoencoders are mainly used for pre-train deep
networks dimensionality reduction, feature learning and gen-
erative modeling of data. It is composed of two main parts,
input layer and output layer together with hidden layer con-
necting the two layers. The input layer has the same number
of nodes as the output layer. To build an autoencoder we need
encoding function at the input, decoding function at the out-
put and loss function to calculate the amount of information
loss between encoded representation and decoded representa-
tion of the input and output data respectively.

4.1. Encoder

It maps an input vector z € R", into encoded representation
h(z) € R™. The typical form is affine mapping followed by
nonlinearity (eq. 1). The parameter set is © = (w, b) where
w is weight matrix of size mazn and b € R™ is bias vector, f
is activation function.

he = f(wz +b) (1)

4.2. Decoder

It maps the resulting encoded representation h(z) back into
an estimate of reconstructed n-dimensional vector » € R",
where

ro = 9(f(2)) 2)

re = g(wh+1b) 3)
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Fig. 4: (a) Data collection through spectrophotometry. (b) Spectral signature. (c) Feature reduction through autoencoder neural
network. (d) Gaussian process regressor for estimating chemical parameter of interest.

The parameter ¢ = {w’, '}, where w’ is weight matrix
of size is nem, b’ € R™ is bias vector and g is activation func-
tion of the decoder. The autoencoder tries to learn a function
T ~ x, thus each training data x(7) is mapped to correspond-
ing reconstructed data r(¢). By forcing the number of hidden
nodes lower than the dimension of the input data, the autoen-
coder tries to learn representative structure of the data or by
imposing sparsity constraint on the hidden nodes the autoen-
coder learns useful features even for hidden nodes equal or
higher than the input dimension. For a given N training sam-
ples the autoencoder learns to minimize the loss function eq.
5 such as mean squared reconstruction error by optimizing the
model parameters O and 2 eq. 4

0,0 =argmin L(z,r) )
0,0
LN
_ 1 i 02
b=y 2 =) 5)

4.3. Regularized autoencoder

In order to have a flexible model independent of the size of the
hidden nodes and capability of the activation functions on the
other hand that relies on the complexity of distribution of the
data is an ideal condition. To achieve this, we introduce ad-
ditional regularization parameters to the loss function, mainly
sparsity of representation and smallness of the derivative of
the representation (weight decay).

4.3.1. Regularizing by weight decay (L2 regularization)

To avoid overfitting - a problem where a model memorizes
training data but not able to generalize when it is given unseen
data leading to performance decline in the model, the rate in
which the model reacts to changes in the training example
distribution is penalized by forcing the autoencoder to learn

most significant features.

L N K

Qweights = % El: Z Z(wij))2 (6)
j o1

where L the number of hidden layers is, /V is the number
of training examples and K is the number of features.

4.4. Sparse autoencoder

Typical use of sparse Autoencoders is to learn features for
the purpose of classification or regression. Imposing spar-
sity constraint on the hidden nodes enables the model to learn
unique statistical features of the data even when the number
of hidden units are larger compared to the feature space of the
input data. A neuron is considered active if its output value is
close to maximum value of the activation function used (close
to 1 for sigmoid activation function) and inactive if its output
is close to minimum value (0 in case of sigmoid). The average
activation of i*” hidden unit j; eq. 7, where n is total number
of inputs, x; is the 4" training example and h; activation of
4*" hidden unit is given as:

1
po= 23 ) )
j=1
Qsparsity = Z KL(pHﬁl) ®)
=1

Choosing sparsity parameter p small (p=0.01) and impos-
ing p; = p constraint, Kullback-Leibler divergence term is
applied to penalize p;. Penalty value that diverges from p will
give reasonable result.

1—p
9
where K L(pl||p;) is the Kullback-Leibler divergence be-
tween Bernoulli random variable with p mean and Bernoulli



random variable with mean g;. If p = g;,, KL(pl||p;) = 0,
else increases monotonically as p; diverges from p. Minimiz-
ing the K L divergence penalty term leads to p; to be close to

p-

5. LOSS FUNCTION

Imposing sparsity constraint on the hidden nodes of an au-
toencoder enables the model to learn unique statistical fea-
tures of the data even when the number of hidden units are
larger compared to the feature space of the input data. A neu-
ron is considered active if its output value is close to maxi-
mum value of the activation function used (close to 1 for sig-
moid activation function) and inactive if its output is close to
minimum value (0 in case of sigmoid). The average activa-
tion of i*" hidden unit p; is given in eq. 7, where n is total
number of inputs, x; is the 4" training example and h; acti-
vation of j*" hidden unit. The combining all the components,
the synergetic loss function can be written as:

N K
E E xkn_rkn +)\*Qwezqhts+ﬁ*gsparsztij
n=1k=1

(10

where gpqrsity 1S sparsity regularizer and calculated as

eq. 8: Similarly, Qyeignts 1S L2 regularization term. It’s

task is to avoid overfitting by penalizing the rate in which the

model reacts to changes in the training example distribution

and forcing the model to learn most significant features. It is
calculated as eq. 11

L N K

ZZZ wf;) (1)

where L is number of hidden layers, IV is the number of
training examples and K is the number of features. In the
lost function, A is coefficient for the L2 regularization term,
Queights and 3 is the coefficient for sparsity regularization
Qoparsity term.

wezghts =

6. TRAINING

Once the model is setup, our goal is to minimize the cost func-
tion L(O, ) as a function of weights w and bias b. To train
our autoencoder neural network, we initialized each parame-
ter w(l) and bgl) to a small random value near zero ( N(0, £2)
dlstrlbution for a small £)), and then apply stochastic conju-
gate gradient decent (SCG) algorithms to learn the network
parameters of autoencoder. Random initialization is neces-
sary, if all the parameters start off at identical values, then all
the hidden layer units will end up learning the same function
of the input.

SCG minimizes network parameters by taking steps in
negative direction of the loss function. Starting with initial set
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of parameter values, the algorithm iteratively approaches to-
wards a set of parameters values that minimize the loss func-
tion. Back-propagation is used to compute the derivative of
the loss function with respect to network parameters. A loss
function that penalizes for estimating r instead of z, gradi-
ent decent algorithm iteratively updates network parameter
(weights and biases) in such a way that the reconstruction
error at the output is minimized. A single iteration of SCG
updates the parameters w, b as (eq. 12) and (eq. 13) respec-
tively.

wl) = wl) - C o (12)

o _
Where ( is learning rate and L is the loss function. The
partial derivatives of the loss function L(w,b;x,r) defined
with respect to a single example (z,r) is given by (eq. 14)
and (eq. 15) respectively.

i) _ |1 N o
ol = {N D=1 O
ij

G
w;;

(i) (i ) o | 1-p
L(w,b,m(),r())}+)\wij +ﬁ( £ +1+;>
(14)

0 1. 0 -
WL:NZ:WL(w,b;xU,r()) (15)
i =1 “ij

Back-propagation is used to efficiently compute these par-
tial derivatives. Given a training example x, we will first run
a forward pass to compute all the activations throughout the
network, including the output value of the reconstruction 7.
Then, for each node ¢ in layer [, we would like to compute
an error term ¢; () that measures how much that node was re-
sponsible for any errors in our output. For an output node,
we can directly measure the difference between the network’s
activation and the true target value, and use that to define
0; (nl)(where layer nl is the output layer). For hidden units we
compute J; (1) based on a weighted average of the error terms
of the nodes that uses i;(l) as an input. In Back-propagation
algorithm, first perform a feed-forward pass computing the
activation of all layers starting from the first hidden layer to
the output layer nl, then for each output unit ¢ in layer nl the
error value is given by (eq. 16).

6 = —(z —r) % g/ (R (16)

O = (WHTe s g/ (BDY  I=n—1,m—2,...,2 (17)

For the hidden layers, the error is given by equation 16,

and the desired partial derivatives are given by (eq. 18) for
weight update and (eq. 19) for the bias term update.
Vel =38 (g")7" (18)



VL = 6! (19)

where g is activation function at a given layer. By repeat-
edly taking conjugate gradient decent steps it minimizes the
loss function L.

6.1. Optimization

The choice on model complexity and mean squared error
(MSE) are two trade-offs to optimize the loss function. As
we increase the number of hidden nodes MSE decreases.
However, the increase in the number of hidden-neurons might
lead to overfitting the data, thus decreasing the generalization
performance of the model. The goal is to find an optimal
solution for both model complexity and MSE that maxi-
mizes the model performance. We exploited Pareto Based
Multi Objective Learning(PMOL) for estimating the optimal
number of parameters for our autoencoder. It uses vector of
objective functions and therefore number of optimal solutions
are more than one. Pareto front of optimal solution is a set
of non-dominated solutions, being chosen as optimal, if no
objective can be improved without sacrificing at least one
other objective. On the other hand a solution X is referred
to as dominated by another solution Y if, and only if, Y is
equally good or better than X with respect to all objectives.
Pareto based multi object optimization can be formulated as
eq. 20 with () objective functions;

f(p) = [fl(p)az = Ly ?Q] (20)

subjected to the equality constraints
gi(p) =0 i=12..,J 2n

And the K inequality constraints
hi(p) <0 k=1,2,., K (22)

The aim is to find vector p* which minimizes f(p), in our
case since we have two objective function thus pareto based
bi-objective learning problem can be formulated to minimize
the two objectives, that is data fitting term and model com-
plexity term given by eq. 23

fr=-L(E®),  f2=r7klog(L) (23)

where f; = —L(E|©) is data fitting objective function
and fo = ~yklog(L) is model complexity objective function.
f1 is log-likelihood function that is found with a maximum
likelihood estimation algorithm. E = (e1,¢€2, ...€1,) is a set of
multi-dimensional reconstruction error. Assuming the error is
multivariate normal distribution with Mean vector M = 0 and
covariance X, then the distribution function is given by:

ple) = N(M, %) = exp(—3eT0e) 24

1
2m, [|5n%]
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Fig. 5: Pareto front and the median solution

where the negative log-likelihood function will be repre-
sented by

L
—L(E|©) =log [ [ p(e:) (25)
i=1

Assuming the features are identically independently dis-
tributed (iid), the covariance matrix ¥ is given by;

Q2 0 0 0
0 02 0 0
N=|0 0 02 0
0 0 0 02

v is a constant determined by a pareto optimizer, L is input
training sample size, k is the number of parameters of the
model to be estimated (weight and bias). € is the standard
deviation.

Pareto-based multi objective learning algorithms are able
to achieve a number of Pareto-optimal solutions, from which
the user is able to extract knowledge about the problem and
make a better decision when choosing the final solution. Once
the pareto front optimal solutions are found, one optimal so-
lution can be chosen using different methods for example the
average, median etc. In this paper, we use median value as an
optimal solution as shown in the fig. 5.

7. REGRESSION TECHNIQUES

Statistical regression is basically a way to predict unknown
quantities from a batch of existing data. In all regression tech-
niques the aim is to find ’the best’ function that is estimated
over training samples (X1, 1), (X,,y,) in order to predict
y given X, where X € R? and y € R. In our work, we
have used the following three regression techniques for pre-
dicting the concentration of chemical component of interest
in the given data sets.

e Linear regression (LR)
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Fig. 6: Near-infrared spectra of orange juice training samples

e support vector regression (SVR)

e Gaussian process regression (GPR)

A detailed description of regression techniques is beyond
the scope of this paper. Interested readers may refer to [39].
GPR worked well for our application because our data is non-
linear and it fits very well for our problem.

8. EXPERIMENTS

8.1. Dataset description

In this work we have used two spectrophotometric datasets,
coming from the food industry. The first dataset deals with
determining sugar content in the orange juice sample by near
infrared reflectance spectrometry [40]. The training and test
samples in the orange juice data are 149 and 67 respectively;
with 700 spectral variables that represents the absorbance
(log1/R) between 1100nm and 2500nm. The value of R
represents light reflected by the sample. The concentration
of sugar ranges from 0% to 95.2% by weight in the sample.
The spectra of orange juice obtained from the training set is
shown in fig 6.

The second dataset deals with the determination of al-
cohol content by mid-infrared spectroscopy in wine samples
[40]. The training and test data sets contain 91 and 30 spec-
tra, respectively, with 256 spectral variables that are the ab-
sorbance (log 1/T) at 256 wave numbers between 4000 and
400 cm~! (where T is the light transmittance through the
sample thickness). Alcohol content varies from 7.48% to
15.5% by volume. No preprocessing has been performed on
the orange juice and wine datasets.

8.2. Estimation Error Assessment

For the quantitative results, the accuracy of the approach is
represented in normalized mean square error (NMSE) metric,
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Methods Orange juice Wine

Douak et al. [16] 01574 0.0070
Benoudjit et al. [15] 0.2435 0.0052
Alhichri et al. [21] 0.32076 0.0034
Ours 0.1711 0.0042

Table 1: Quantitative results of our method against 3 state-
of-the-art methods. Numeric values shows Normalized Mean
Square Error (NMSE), the lower is NMSE, the better is per-
formance.

Dataset NMSE
Orange Juice 5.3972
Wine 0.0517

Table 2: NMSE achieved on orange juice and wine dataset
using all feature by linear regressor

which is define as:

M
1
NMSE = ———— itest — Yirest)” (26)
V;frain-‘rtest ;(y fest Y t t)

where M represents the number of testing samples, ¥zt
and y/,.,; are the real and estimated outputs for the i test
sample Z;iese and Vipginttest 1S the combined variance of the
training and test output samples Y;trqin and Yszest-

8.3. Quantitative results

An extensive experiments are conducted to validate our ap-
proach. Initially, we used all the spectral features for both
he datasets. Later, we used different number of features ex-
tracted through autoencoder neural networks for estimating
the sugar and alcohol concentration in the samples.

8.3.1. All features

This section report the results obtained from different regres-
sors by using ALL-features (original hyper dimensional input
space), that is, 700 and 256 features for orange juice and wine
data set, respectively.

For the e-SVR, it was necessary to set three parameters,
i.e., the width parameter of the kernel (v), the regularization
parameter (C), and the size of the insensitive loss tube (¢). In
particular, C, v and ¢ were varied from 10* to 103, from 10*
to 103 and from 10* to 10*, respectively. For the results given
in Table 3, the choices of parameters were;
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Table 3: NMSE achieved on orange juice and wine dataset
using all feature by e-SVR

Kernel function Basis Orange Wine
function juice

Squared exponential | constant 0.1316 0.0041
matern32 constant 0.1244 0.0038
matern32 constant 0.1313 0.0041
Squared exponential | linear 5.3972 0.0517
matern32 linear 5.3972 0.0517
matern32 linear 5.3972 0.0517

Table 4: NMSE achieved on orange juice and wine dataset
using all feature by GPR

Parameter for orange juice:

Linear: C = 183.29, e = 1072

Radial Basis Function: C= 103, € = 103, v=0.3

Parameter for wine:

Linear: C =103, =102

Radial Basis Function: C= 103, =10"2,~v=0.15

8.3.2. Deep features through autoencoder

This section report the results obtained from three regressors
using features that extracted through autoencoder neural net-
work. The number of hidden units used in the autoencoder
architecture are 2, 5, 10, 20,..., 200 with an increment value
of 10 between 10 and 200 nodes. The encoder and decoder
transfer functions used are ’satlin’ [41] and ’logsig’ [42].

Orange juice dataset

For the orange juice dataset, 700 spectral features are reduced
to 2, 5, 10, 20,..., 200 features, with an increment value of

Dataset Kernel type NMSE Regressor Number of features | NMSE
Orange juice linear 0.1905 Linear 140 0.1368
Orange juice radial basis function | 0.1820 Gaussian process | 50 0.1711
wine linear 0.0039 e-SVR 160 0.3038
Wine radial basis function | 0.0038 Table 5: NMSE achieved on orange juice dataset using deep

feature

10. The extracted features (2, 5, 10, 20,..., 200 with an in-
crement value of 10) of 149 training samples are used one by
one to train the regression model of Linear, Gaussian process
and support vector regressors. For testing, 67 samples from
test data set is used and the performance of each regressor
is shown in terms of normalized means square error NMSE
value. In table 5, the best NMSE values achieved on three
regressors are reported.

In case of GPR, the square exponential kernel function
is adopted with ’constant’ basis function. For SVR, the re-
sult reported in table 5 is achieved using ’radial basis func-
tion’. kernel function with regularization parameter C = 103,
e = 1072 and kernel width v = 0.1. In particular, C, v and
¢ were varied from 104 to 102, from 10~ to 10° and from
10~ to 1071, respectively. The result obtained using linear
kernel function is quiet close to the one reported in table 5,
which is NMSE = 0.3084. In fig. 7 (a-c), we demonstrate the
varying behavior of NMSE over different hidden units used in
autoencoder during feature extraction process for all the three
regressors.

In case of linear regressor, the performance achieved us-
ing ’logsig’ activation function for hidden units or nodes in
encoder and decoder of autoencoder is more consistent and
better than the one achieved used ’satlin’, as number of hid-
den nodes increases. While for GPR and SVR, the behavior
of NMSE achieved using "logsig’ and ’satlin’ activation func-
tions is consistent and more stable over the set of hidden units
chosen for the feature extraction through autoencoder.

8.3.3. Autoencoder parameter optimization for orange juice

To determine the optimal number of hidden nodes in the
network, we use pareto dominance optimization technique
to optimizes the trade-off between number of hidden nodes
and model complexity. Figure 8 shows a plot of dominated
and non-dominated solution using pareto dominance tech-
nique for orange juice data set. Based on pareto optimal
solution, the number of hidden nodes are 40. Once the opti-
mal number of parameters for the network is found, we use
them to form a deep neural network. The models are built
by cascading SAE. We experimented with 2 hidden layers
(stacked autoencoder(AE)). From table 6, the overall NMSE
decrease comparing to the values obtained using single layer,
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Fig. 8: Pareto dominance for orange juice dataset

Regressor | Number | NMSE Number || NMSE
of hid- | using 1 || of hid- || using 2
den hidden den hidden
units layer units in || layers
in first second
layer layer

Linear 140 0.1368 100 0.3086

Gaussian | 50 0.1711 150 0.4098

process

e-SVR 160 0.3038 100 0.4059

Table 6: Comparison of best NMSEs achieved using one and
two hidden layers for orange juice dataset

indicating increasing the hidden layer have negative effect in
the model. This is due to the fact that we already selected
an optimal number of hidden units in the first layer that best
represents the network architecture.

8.3.4. Wine dataset

In wine dataset, the number of spectral features are 256 which
are less as compare to the ones in orange juice dataset. Like
orange juice dataset experiment, the extracted features (2, 5,
10, 20,..., 200 with an increment value of 10) of 91 training
samples are used one by one to train the regression model of
Linear, Gaussian process and support vector regressors. For
testing, 30 samples from test data set is used and the per-
formance of each regressor is shown in terms of normalized
means square error NMSE value. In table 7, the best NMSE
values achieved on three regressors are reported.

In fig. 7(d-f), we demonstrate the varying behavior of
NMSE over different hidden units used in autoencoder dur-
ing feature extraction process for all the three regressors.
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Regressor Number of features | NMSE
Linear 50 0.0039
Gaussian process | 40 0.0042
e-SVR 80 0.0075

Table 7: NMSE achieved on wine dataset using deep feature

Regressor | Number | NMSE Number || NMSE
of hid- | using 1 || of hid- || using 2
den hidden den hidden
units layer units in || layers
in first second
layer layer

Linear 50 0.0039 30 0.0035

Gaussian | 40 0.0043 30 0.0137

process

e-SVR 80 0.0075 100 0.0241

Table 8: Comparison of best NMSEs achieved using one and
two hidden layers for wine dataset

8.3.5. Autoencoder parameter optimization for wine dataset

Just like orange dataset, we did quantitative analysis through
deep learning by using 2 hidden layers (stacked AE). From
table 11, the overall NMSE decrease comparing to the values
obtained using single layer for GPR and SVR, indicating in-
creasing the hidden layer have negative effect on the model.
This is due to the fact that we already selected an optimal
number of hidden units in the first layer which represents the
network architecture optimally.

To determine the optimal number of hidden nodes in the
network, we use pareto dominance optimization technique to
optimizes the trade-off between number of hidden nodes and
model complexity as we did for the orange juice dataset. The
fig. 9 shows a plot of dominated and non-dominated solution
using pareto dominance technique for wine data.

It can be seen from Table 5 and 7 that in contrast to the
concentration of alcohol in the wine samples, the estimation
of sugar concentration appears more difficult despite a larger
number of spectral data and training samples. This is due to
high nonlinearity of the spectral signature of this chemical
component.

8.4. Comparsion with state-of-the-art

In this section we summarize the results of the two datasets
and comparison can be made with the given state of art results.
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N R 1 Linear 0.1368 0.0039
" GPR 0.1711 0.0042
I :7 ! ' i s e-SVR 0.3038 0.0075
1 e | Table 10: NMSE values for both datasets using number of
N gl extracted features suggested by pareto optimization.
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Fig. 9: Pareto dominance for wine dataset

Table 9: NMSE values achieved on 3 regression methods im-
plemented with residual based correction (RBC) [16]

9. CONCLUSION

We propose a novel deep learning based chemometric data
analysis technique for estimating sugar and alcohol concen-
tration in orange juice and wine samples. L2 regularized
sparse autoencoder is trained end-to-end for reducing the size
of the feature vector to handle the classic problem of curse of
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