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Wheat is the third most produced grain in the world after maize and
rice. Determining the protein concentration in wheat grain is one of
the major challenges for measuring its industrial quality. Samples of
wheat can be collected using a spectrophotometer device. The challenge is to associate the energy absorbed by the device with the
protein concentration in wheat. The device measures hundreds of variable intensities that can be related to the physicochemical properties.
The selection of a subset of uncorrelated variables has been shown
to be fundamental for establishing correct correlations and reducing
prediction error. A new formulation of a compact genetic algorithm
that uses only a mutation operator is proposed. The results produced
by the proposed approach are compared with traditional techniques
for spectroscopy variable selection as successive projection algorithms,
partial least square and classical formulations of genetic algorithms.
For near-infrared spectral analysis of the protein concentration in
wheat, the prediction errors decreased from 0.28 to 0.10 on average,
a reduction of 63%.

Introduction: Spectroscopy science investigates the interaction between
matter concentrations and radiated energy [1]. From a source of radiation energy in an unknown compound, several wavelengths are
radiated. Certain functional groups of a molecule absorb light of different wavelengths. Samples measured by spectroscopy devices are often
described by hundreds, sometimes thousands, of wavelengths. The
absorbed energy of a sample can be measured and assigned to a propriety concentration in the sample; however, the wavelengths, in general,
overlap, providing the same information about a compound. In algebraic
terms, overlapping waves indicate high correlation among variables,
resulting in an ill-conditioned regression model [2]. To overcome this
difﬁculty, variable selection methods (such as genetic algorithms
(GAs)) have been used to choose a subset of variables with reduced
collinearity.
Khani and Shemirani [2] proposed a method for simultaneously determining the concentration of cobalt and nickel in water and food samples.
The wavelength was measured in the range of 200–700 nm and the
partial least square (PLS) algorithm was then used to build new variables
obtained from linear transformations. Xu et al. [3] applied a GA to variable selection from the original domain using the prediction error as
ﬁtness for evaluation. From the selected subset, a linear model is constructed using multiple linear regression for determinating sugar concentration in pears. The GA using the regular operators of mutation and
recombination produced a model linking wavelength absorbance to
the sugar concentration.
This Letter proposes a mutation-based compact GA (mCGA) for the
variable selection problem applied to determining the concentration of
protein in wheat grain samples. A CGA is a random-walk approach to
represent a conventional GA in a compact way [4]. The CGA randomly
generates two individuals based on a probability vector p and, at each
generation, a tournament selects one of the individuals (the winner).
Vector p is then updated towards the winner. Each element p(t) of the
probability vector represents the probability of each bit t in an individual’s chromosome being 1. Our approach uses an explicit mutation operator in the CGA. Different from other mutation operators employed by
GAs, ours generates one of the two individuals that compete in the tournament instead of slightly altering each individual. This operator does
not increase computational cost and it signiﬁcantly improves the
overall performance of the CGA.
Mutation-based CGA: Algorithm 1 below synthesises our proposed
mCGA. This operator is applied to an individual (called elite)
sampled from p, generating a second individual (new_ind) through bitmutation, probability of 10%. Then p is updated towards the best one
between elite and (new_ind). Basically, the proposed mutation operator
changes the random generation phase of the CGA. It adjusts the population diversity since the probability vector is updated towards the individual generated by mutation when (new_ind) wins the tournament.
Comparing the proposed algorithm with the SGA and the CGA, the

mCGA decreases the number of iterations to generate a set of n individuals and consequently the total number of ﬁtness evaluations.
Algorithm 1 mCGA
1. Let w be the number of wavelengths available and n the size of
simulated population
2. t ← 0
3. while t < w or probability vector not converged do
4.
p(t) ←0.5{Initialise the probability vector}
5. end while
6. elite ← generate(p) {generate an elite individual from p}
7. ﬁtness_elite ← evaluate(elite) {evaluate the elite individual}
8. t ← 0
9. while t <max_number_of_generations or p not converged do
10.
new_ind ← mutation(elite) {generate new individual}
11.
ﬁtness_new_ind ← evaluate(new_ind)
12.
winner ← tournament(elite, new_ind)
{update the probability vector towards the winner}
13.
t←0
14.
while t < w do
15.
if winner(t) ≠ loser(t) then
16.
if winner(t) = 1 then
17.
p(t) ← p(t) + 1/n
18.
else
19.
p(t) ←p(t) −1/n
20.
end if
21.
end if
22.
end while
23. end while
Given matrix X, where the rows are the samples and the columns are the
intensities of spectroscopic variables, and vector Y, where the rows are
the protein concentration obtained in the laboratory for each sample, we
divide the samples, that is, rows of X and Y, into three sets called calibration (Xcal, Ycal ), validation (Xval, Yval ) and test (Xtest, Ytest). From the
equation b = (X Tcal X cal )−1 XTcal Y cal has obtained the linear regression
modelling from Xcal and Ycal. The coefﬁcients vector β relates spectroscopic variables and concentration.
Matrices Xtest and Ytest are used to test the accuracy of the regression
model based on β. The concentration from new measures of spectroscopic variables (Xval ) can be predicted, according
to equation
 
Ŷ = X val b. Finally, the predicted concentrations Ŷ are used to calculate the root-mean-square error of prediction (RMSEP) expressed by (1)


Ŷ − Y val
RMSEP =
N

2
(1)

where N is the total number of samples, Yval are the real values of the
concentration and Ŷ are the predicted values.
RMSEP evaluates how much the concentration of matter predicted by
the model deviates from an expected concentration. This error is used in
the ﬁtness function of the mCGA, CGA and SGA. For the evaluation of
a subset of selected variables enabling the mCGA to choose from
models more suitable for predicting.
Experiments and settings: Samples were from whole grain wheat,
obtained from vegetable material of occidental Canadian producers.
The standard data were determined at the Grain Research Laboratory.
The data set for the multivariate calibration study consists of 700
(VISible–near-infraRed) spectra of whole-kernel wheat samples,
which were used as benchmark data in the 2008 International Diffuse
Reﬂectance Conference. Protein concentration was chosen as the property of interest. Spectra were acquired in the range 400–1800 nm with a
resolution of 2 nm. The Kennard-Stone algorithm was applied to the
resulting spectra dividing the data into calibration, validation and prediction sets with 389, 193 and 193 samples, respectively.
Results: First, Table 1 presents the results of the mCGA and the classical CGA and SGA. The mCGA has the best performance among all the
algorithms in terms of prediction error. The average RMSEP of the
mCGA was 52.38% better than the CGA and it was 64.28% better
than the SGA. The maximum RMSEP obtained by the mCGA (0.18)
is less than the average results of the SGA (0.28) and CGA (0.21).
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Table 1: Error in prediction and number of evaluations (NEs)
required by each GA used for variable selection.
Algorithms were run 50 times each
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The wavelengths selected by the mCGA can be seen in Fig. 1. Some
spectral regions concentrate most of the wavelengths selected by the
mCGA, such as near 200 index. This result suggests that an elimination
procedure can be applied to reduce the ﬁnal number of wavelengths
selected in those spectral regions.
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Conclusions: In this Letter, we propose an mCGA for spectroscopy
variable selection. A case study based on protein concentrations in
wheat is presented. An mCGA signiﬁcantly reduced prediction errors
and required signiﬁcantly smaller NEs than the SGA and the CGA.
Moreover, the mCGA improved the prediction error from 50 to 64%
on average when compared with other algorithms. These results show
that spectroscopy variable selection using the mCGA creates an efﬁcient
technique for determining protein concentration in wheat grain and it
enables the analysis of spectra with large resolution (thousands of variables) with high accuracy. Finally, a relatively cheap device for protein
concentration prediction can be constructed since it will require few
variables (wavelengths).
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Fig. 2 Comparison between actual and predicted protein concentrations
using mCGA and SPA algorithms
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Fig. 1 Variables selected by mCGA

Table 1 also shows that the NEs required by the SGA (10 000) and the
CGA (from 1857 to 2000) is signiﬁcantly larger than the NE of the
mCGA (from 846 to 1000). This result indicates that the mutation operator, developed for generating a second new individual in the mCGA,
can improve the CGA’s performance for spectroscopy variable
selection.
Next, the results of the mCGA are compared with the results obtained
by the classical algorithms for spectroscopy variable selection. The prediction errors of successive projection algorithm (SPA) and the PLS
were, respectively, 0.20 and 0.21. The average RMSEP of the mCGA
was 50% better than the SPA and 52.38% better than the PLS. Note
that the PLS constructs a unique model, whereas the other two generate
several models with their evaluations, thus the NEs are not presented
when comparing these methods in Table 1.
Fig. 2 plots the real concentrations in the compound against predictions of protein concentrations using the mCGA (red points) and the
SPA (black balls) that produced the best performance among the rivaltested algorithms. Zero differences between predictions and actual concentrations result in points over the straight line of the plot. As can be
seen, the predicted concentrations are near the real concentrations for
both the methods; moreover, the mCGA predictions are, in general,
closer to the line than the SPA predictions. This result also indicates
that the regression model obtained using the variables selected by the
mCGA can produce less RMSEP.
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