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Abstract—In this paper, we present an IoT application tar-
geting food quality. We utilize the spectrometer as a ubiquitous
sensor to provide a Near-infrared (NIR) spectrum that can be
used to develop regression models targeting milk quality. We
solve a regression problem for different milk components such as
Fat, Protein, Lactose, and Solids-Non-Fat. We apply a variety of
comparative configurations of regression models, pre-processing
techniques, wavelength selection, and feature extraction methods.
Our study shows that for the milk data, non-linear models (GPR
and SVR) are better choices when compared to linear models.

I. INTRODUCTION

Measuring and analyzing food quality became demanding
nowadays. NIR spectroscopy is being widely used in vari-
ous fields analyzing chemical and physical properties of the
substances concerned. Our aim is to provide a simple means
to test and analyze food quality and to be able to measure
the concentration of a specific component in a specified food.
We collected our data using MEMS-based spectrometers [1],
which are compact and low-cost Fourier Transform Near
Infrared (FT-NIR) spectral sensors that measure the spectral
response of the transmitted or reflected light from material
samples for quantification, qualification or identification. The
sensors offer performance comparable to laboratory based
spectrometers, but at dramatically smaller sizes and lower
costs.

In this work, we are introducing a study that relies on five
main aspects: pre-processing of spectral data to eliminate non-
linear variations, selection of wavelengths that contribute with
useful information, feature extraction and selection to choose
best features, identification of suitable calibration models using
linear/nonlinear regression.

We used NIR liquid milk data sets in our project with
wavelength varies approximately from (1300 - 2600 nm)
with four components for regression: Fats, Protein, Lactose
and Solids non-fats. In figure 1 we show an example of
a single reading spectrum.The small size and robustness of
the FT-NIR spectrometer used can enable the collection and
measurement of milk samples inline in the milking station
without interrupting the milking process and saving the hassle
of transporting the samples to the laboratory for measurement
as conducted in other experiments [2] [3].

This process can be part of an IoT platform where the
measured data can be subsequently transmitted over wires

or wirelessly to different compute platform to perform the
Machine Learning Regression and present the results.

We based our implementation on a comparative interac-
tion between wavelength selection, pre-processing and lin-
ear/nonlinear regression methods inspired by the benchmark
study [4]. We used Orthogonal Signal Correction (OSC), Scal-
ing and Extended multiplicative signal correction (EMSC) for
the pre-processing methods. Stepwise Forward Selection for
Wavelength Selection. First and second derivative, first integral
and their combinations with the original data, moreover, we
implemented multi-level covariance with and without overlap-
ping for feature selection. And for the regression models we
implemented Principal Component Regression (PCR), partial
least squares (PLS), Support Vector Regression (SVR), and
Gaussian Process Regression (GPR). We preferred classical
regression models rather than neural network models due to
the lack of data availability.

We used this bank of pre-processing techniques, feature se-
lection methods and regression models in our implementation
to obtain best results on the Milk Data components and to
report minimum root mean square error (RMSE) and mean
absolute percentage error (MAPE) on each milk component.
Based on our implementation we found that the SVR model
showed best results in our validation set in the Proteins
and Lactose components, using scaling as a pre-processing
method and concatenation of the integration of data readings
and the original data for Proteins and no pre-processing and
original data for Lactose. While GPR gave best results in Fats
and Solids non Fats when using scaling as a pre-processing
method and concatenating the integration of the reading with
its original reading as feature extraction technique.

II. RELATED WORK

Detecting food components is considered a hot topic in
research. Spectroscopy and hyper-spectral imaging (HSI) play
a major role in providing applications for analyzing the
components of materials. It is used to analyze chemicals, soil,
pharmaceuticals, detecting food adulterants and many other
materials.

Spectroscopic data is considered a challenging problem
as the data samples are highly correlated and studies use
sophisticated statistical methods to identify the presence or
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Fig. 1. Original spectrum of a sample milk reading.

the concentration of each component. In [19] they used NIR
hyper-spectral imaging to detect peanut traces in wheat flour,
they mainly used princioal component analysis (PCA) after
normalizing and smoothing of the data as a pre-processing
step to achieve remarkable results.

Another study [20] used visible and NIR spectroscopy for
estimating soil organic carbon, soil nitrogen, enzymes and
other soil properties. They applied in their experiments partial
least squares regression (PLS) as a chemometric approach.
Moreover, In [21] paper spray mass spectroscopy used partial
least squares discriminant analysis to differentiate between
beers brands.

A benchmark study [4], chose a bank of comparative
studies with all combinations of pre-processing, wavelength
selection, and regression models. for wavelength selection
they used: step forward selection (SFS) and genetic algorithm
optimization combined with partial least squares regression for
spectral data (GAPLSSP). And for preprocessing techniques
they used:orthogonal signal correction (OSC), extended multi-
plicative signal correction (EMSC) and optical path-length es-
timation and correction (OPLEC). And for regression models
they used: partial least squares (PLS), least absolute shrinkage
and selection operator (LASSO), least squares support vector
machine (LS-SVM), and Gaussian process regression (GPR).
They benchedmarked their findings on different materials
including: pharmaceutical tablets, corn, sugarcane and a multi-
component system consisting of water (H20), deuterium oxide
(D20), ethanol (C2H50H), and polystyrene particles. The
study concluded that non-linear regressions with the addition
of wavelength selection achieves superior performance over
linear regressions without wavelength selection methods.

In this paper, we are working on liquid milk data, whereas
it is not popular to find a similar dataset, however there is
a study [7] that was conducted on fat content of milk using
Raman. they used liquid milk, dried milk and ) liquid milk
contained in quartz cuvettes. In this study they also used PLS
for modeling and gave good fat prediction with low root mean
square errors and high correlation coefficients.

III. MACHINE LEARNING TECHNIQUES
A. Software

We implemented our Machine Learning Library using
Python. We used scikit-learn [18] regression functions to build
the GPR and SVR regression models and pychem library
[14]to build the EMSC pre-processing method.

The offline experiments follow the sequential procedure of
randomly splitting the whole data-set into the training set
,validation set and the testing set, then applying all the com-
binations of wavelength selection pre-processing, feature
selection methods, and regression models on our training set.
Firstly, we tune pre-processing hyper-parameters and models
hyper-parameters on the training set to obtain best hyper-
parameters that give least RMSE using k-fold cross validation
algorithm, which is explained later, then fit the training set
on the tuned pre-processing and model hyper-parameters.
Afterwards, we obtain results by predicting the validation set
on each model configuration, and compare the root mean
square error (RMSE) and Mean Absolute Percentage Error
(MAPE) of each configuration to choose the best model for
each component. Then we apply the resulting pre-processing,
wavelength selection, feature extracted and regression model
configurations to predict the result of the test set. Finally, we
report the RMSE and MAPE of the test set.
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where P; is the predicted value, while O; is the original
ground truth value.

B. Wavelength Selection

A technique used to decrease the number of NIR wave-
lengths used, this decreases the running time overhead and
removes unwanted, redundant or noise data.

1) Step-Wise Forward Selection: It is used to compare
regression models with and without a particular predictor, with
a sequential addition of explanatory variables that continues
until a stopping point based on the value of a certain criterion
is reached [10].

Our implementation of SFS depends on the original least
square regression model (OLS) to determine the least p-value
of each wavelength in each iteration and append it to the
selected wavelengths and continues until a stopping point
based on the value of a threshold parameter that we adjusted
to take only 10%-15% of the given wavelengths. We show the
sample in figure 1 after SFS wavelength selection procedure
in figure 2.

C. Pre-processing

We tried three different algorithms to pre-process our data to
remove irrelevant and redundant information in the data-set,
to try to improve the performance of the regression models
afterwards.
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Fig. 2. SFS wavelength selection technique on a sample reading from milk
data.

1) Orthogonal Signal Correction: OSC [8] [9] was in-
troduced in order to avoid removal of information that is
important for prediction. The goal with OSC is to construct
a filter that removes from the spectral matrix X only the part
that is linearly unrelated (orthogonal) to the response matrix
Y. OSC fearn algorithm is used. OSC fearn was obtained by
solving the following constrained optimization problem:

max v} X7 Xv, (3)
[lvil]=1
subject to  (Xv)TY =0 “4)

The solution of the optimization problem is an eigen
vector of unit length corresponding to the largest eigen-
value of the matrix Q(transpose(X)Y)transpose(X)X, where
Q(transpose(X)Y) is given by :

I - (X"TY)(XTY)"(XTY) (X TY)" (5)

XTY is assumed to be of full column rank. This assumption
is justified for most spectral data sets, as the number of
columns of X is usually much larger than the number of
columns of Y.

Typically Y is of the order of one or two. If (transpose(X)Y)
is not of full column rank, then those constraints which
are redundant can be deleted. The additional weight vectors
v; (j = 2,...,A) are given by eigenvectors of unit length
corresponding to the jth largest eigenvalue of the matrix
Q(transpose(X)Y)(transpose(X)X) where A is the maximum
number of iterations (N-MAX).

The component and loading vectors of fearn’s OSC are
defined respectively as

r; = X Uj (6)
g = X"r;/(rj ;) (7
Clearly the optimization problem is a constrained PCA prob-

lem. In comparison with ordinary PCA, the extra constraint
is enforced to ensure that the latent variables r; = Xwv; are

A Sample before and after OSC

le—3
3
—— QOriginal Sample
—— A Sample after O5C
5
E
g4
(¥}
il
[=%
(5]
o 3
=
£
2
1
1400 1600 1800 2000 2200 2400 2600
Wavelength

Fig. 3. OSC pre-processing technique on a sample reading from milk data.

orthogonal to the target variable Y. fearn’s OSC filter consists
of the building block v;,7;,¢q; and is given by:

A
erqj + E (8)
j=1

We show the sample in figure 1 after OSC pre-processing in
figure 3.

2) Scaling: For some data the range of its values is too
small or too large which has a negative effect on regression
models, so we need to transform the readings by scaling each
reading to a given range. We used MinMax Scaler Scikit-learn
[18] algorithm to scale the data-set between -1 and 1.

(10)

Xstd = (X - szn)/(Xmax

Kscated = Xstd * (max — min) + min

where max and min is the range we want the data to fall in
between.

3) Extended multiplicative signal correction: EMSC is
used in elimination of uncontrollable path length or scattering
effects in the data. As it isolates and removes complicated
multiplicative effects caused by physical phenomena so that
chemical effects can be more easily modeled. We used Pychem
library [14] implementation and it showed improvement in
error measurement especially in the PLS model. The EMSC
model can be written as:

2 =y + b Zi chem + di\ + e\’ (11)

where a; baseline offset and b; the path length, relative to the
baseline offset and path length in a reference spectrum. Co-
efficients d; and e; allow for unknown, smoothly wavelength-
dependent spectral variations from sample to sample. If the
coefficients in the equation above had been known theoreti-
cally, or estimated perfectly, then the EMSC correction:

Zi,corrected = (Z’L — a; — d1 - 61)\2)/171 (12)

would remove the baseline and path-length variations as
well as the wavelength-dependent spectral effects, yielding
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Fig. 4. EMSC pre-processing technique on a sample reading from milk data.

corrected spectra with only chemical absorbency information
left: Zi,corrected = Zi chem.

Function takes the each testing and training X-data sample
with a polynomial order and return pre-processed testing and
training X-data. The polynomial order is determined according
to the pre-processing tuning parameters algorithm that will
be mentioned afterwards, that chooses the polynomial that
results in the least root mean square error of the validation data
with the specified model, feature selection and pre-processing
techniques. We show the sample in figure 1 after EMSC pre-
processing in figure 4.

D. Features

We tried seven different feature extraction techniques shown
in figure 5 and figure 6.

1) Ist Derivative: It calculates the first derivative of the
data.

2) 2nd Derivative: It calculates the second derivative of the
data.

3) Ist and 2nd Derivative Combined: It concatenates the
first derivative and the second derivative of the data.

4) Ist Integral: It returns the area under curve from point
0 till point i, where i belongs to 1 : (length of data)-1 which
is equivalent to the first integration of the X data-set.

5) Ist Derivative, 1st Integral and Original data Combined:
It concatenates the first derivative, the first integration of the
X data-set with the original data.

6) Ist Integral and Original data Combined: It concate-
nates the first integration of the X data-set with the original
data to provide wider variety of attributes.

7) Covariance: For a given reading of the data, we cal-
culate the first derivative, second derivative, first integral and
second integral. Then we create a matrix of the first derivative,
second derivative, original signal, first integral and second
integral and calculate the covariance matrix of this matrix [15].

n—
The resultant covariance matrix size is 25 5 x 5. Example of

the covariance matrix is shown in figure 6.

We take only one triangle from the matrix so we get a vector
of size 15 to remove redundancy. In one level covariance,
the given data will be the reading (from O to 314) and the
output vector size will be 15. In two levels covariance without
overlap, the given data will be each half of the reading (from
0 to 156 and from 157 to 314) and the output vector will be
45 (15 of level 1 and 30 of level 2). In two levels covariance
with overlap, we take the overlapped half in the middle of the
reading (from O to 156, from 78 to 235 and from 157 to 314)
and the output vector size will be 60 (15 of level 1 and 45 of
level 2).

E. Regression Models

We include in our trials different techniques that covers the
most commonly used models in similar problems with limited
amount of training data. We used linear methods such as PCR
and PLS. And we used non-linear methods such as GPR and
SVR.

1) Linear Models: The idea is to find a few linear com-
binations of the original x-values and to use only these
linear combinations in the regression equation. To discard any
irrelevant and unstable information and keep only the most
relevant part of the x-variation is used for regression [5]. The
data matrices used as input to PCR and PLS are denoted by
X and y. The model structure for both methods is given by
the equation:

X=TP"+E,=T,+f (14)

The matrix P and vector q are called loadings and describe how
the variables in T relate to the original data matrices X and y.
The matrix E and vector f are called residuals and represent the
noise or irrelevant variability in X and y, respectively. Unlike
PCR, PLS uses both X and y in the estimation process directly.

a) Principal Component Regression: The PCR method
is based on principal component analysis where the algorithm
looks for the most dominant principal components of the
data that are determined by their ability to account for the
variability in the data. We need to determine the number
of principal components that produces the least error in the
training data. Then the model is re-trained using that number
of components and tested on the validation set to capture
accuracyof the results.

b) Partial Least Squares Regression: Development of
PLS regression method was made to avoid the problem of
deciding which components to use in the regression equa-
tion. PLS uses factors determined by employing both data
and labels in the estimation of the component. PLS looks
for components that maximize the covariance between the
labels and all possible linear functions of the data, making
these components more directly related to variability in labels
than the principle components. During the training phase we
initially have to determine the number of components to use
for testing our model, an initial phase of training is done to
determine the best number of components to be used for the
current pre-processing and feature extraction operation with
the goal of optimizing the error in prediction on the folds on
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Fig. 5. Features extraction from the original Data

10°
3
1st Derivative
25
2nd Derivative )
Original 15
1
1st Integral
05
2nd Integral 0

1stDerivative  2nd Derivative Original 1st Integral 2nd Integral

Fig. 6. 5x5 covariance matrix extracted from five variables: 1st, 2nd
derivatives, 1st, 2nd integrals and the original signal.

the training data. Then after determining the optimal number
of components. The models is re-trained and tested on the
validation set to capture accuracy results.
2) non-linear methods:
a) Support Vector Regression: SVR [16] tries to solve
the following optimization problem:

l

minimize  0.5||w?|| 4+ C 2(61 +e€l) (15)
i=1
yi— <w,x; >—-b <e4g
subject to{ <w,x;>+b—y; <etel (16)
€i EF >0

The kernel functions transform the data into a higher dimen-
sional feature space to make it possible to perform the linear
separation. We use the Radial basis function (RBF) kernel.

b) Gaussian Process Regression: GPR [17] is a proba-
bilistic non parametric modeling technique, assuming that the
joint distribution over any finite set of fixed test points is a
multivariate Gaussian. The Gaussian process is fully specified
using the mean function and the covariance function of this

joint Gaussian distribution. The mean function is often as-
sumed to be zero. The parameters y for the covariance function
can be optimized to maximize the conditional probability

p(y;(X,y)

using the training data. According to Bayes’ rule, the related y
for a new sample can then be predicted by extending the joint
distribution with the optimized covariance function. The used
kernel is Radial basis function kernel (RBF) and it is given
by: )

k(zi, ;) = exp( — i/, z;/A)?) (17
where A is the length scale.

IV. RESULTS AND DISCUSSION
A. Data Set

The data set is the NIR analysis of liquid MILK. We worked
on 74 samples, where each sample is 5 readings. Samples are
divided into 50 training set, 14 validation set and 10 testing set.
The data set consists of NIR measurements of 314 wavelengths
in the range of 1300 - 2600 nm . The NIR measurements is
used to determine the percentage of each component in the
Milk Samples, where the percentage of 0.7 to 4.4% for fats,
2.88 to 4.8% for proteins, 4.11 to 5.25% for lactose and 8.86
to 13.94% in solids non-fats.

B. Tuning

For each Regression Model and Pre-processing technique
there are one or more hyper-parameter that needs tuning,
our results is derived upon root mean square error (RMSE)
between the predicted y and the referenced y data. We used 2
different approaches to determine best parameters using only
the training data-set.

1) Leave one sample tuning:
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Fig. 7. Validation set results.

From all training data set, one sample as test data and
the others are training.

2) Leave one fold tuning using k-folds:
Divide the training data-set to k-folds, one fold is for
testing and k-1 folds for training.

For both methods, we try all the results of each value that
could be given to the parameter being tuned, compare them
and return best parameter value that have the least root mean
square error for the average of all samples or folds.

C. Validation set results

We run tuning procedure over all combinations of 3 pre-
processing techniques, 1 wavelength selection, 7 feature ex-
traction methods and 4 regression models. This is done
over four response variables. In total we had 1024 tuning
experiments. Where we tune over a range for hyper-parameter
values. We show the best results on the validation set for each
of the response variables in figure 7.

D. Test set results

We used the validation set to tune our models. Next we
used the best models on the test set. In table I, we see that the
SVR and GPR regression models are doing the best across
all response variables. Also we see that the pre-processing
modules can be ignored in three variables. The best features
were the original spectrum and the integral combined. We
also average the values of each sample both testing y and
the predicted y then calculate the RMSE and MAPE after the
averaging.

V. CONCLUSION

Using variety of comparative configurations of regression
models, pre-processing techniques, wavelength selection and
feature extraction methods, our study concluded that for liquid
milk data non-linear models (GPR and SVR) showed better
results. Also, it was proved that despite the fact that pre-
processing techniques as the OSC and EMSC showed great
enhancement in previous studies for solid materials, it did not
improve the results from our models.

Furthermore, We constructed 2 different libraries in our
project, where both the online android application library and
the offline machine learning library could accept the addition
of extra pre-processing techniques, wavelength selection meth-
ods , feature extraction methods and regression models.

There is potential that in the future, our application would
add food products beside milk. We can enhance our models
by adding more samples to the training data-set and try deep
neural networks regression models.
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